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Abstract

Protecting children from abuse requires highly skilled professionals who can conduct sen-

sitive investigative interviews. These interviews are often pivotal in legal and welfare

responses, particularly as a child’s testimony can be the primary source of evidence. Ef-

fective training for such professionals requires solutions that are not only scalable and

dynamic but also address the visual dimension of simulated experiences, which plays a

foundational, yet complex, role. Traditional training methodologies, however, frequently

encounter limitations in providing interactive and visually convincing practice environ-

ments, thereby restricting opportunities for comprehensive skill refinement. This doctoral

research confronts these pressing challenges by systematically investigating how artificial

intelligence (AI) can be employed to develop advanced avatar-based systems. The core

of this investigation lies in understanding and optimizing the visual components of these

systems to create impactful and accessible training tools for this sensitive field.

Motivated by these existing limitations in interviewer training, this research aims to

answer the central research question: How can AI be used to develop a visually realistic

child avatar-based system for investigative interview training with children?

To comprehensively answer this question, the thesis delineates five principal research

objectives. These include: identifying the key challenges inherent in the development of

child avatar systems for investigative training; investigating how varying degrees of visual

realism in these avatars impact the learning experience and user acceptance; conducting a

comparative analysis of 2D versus 3D virtual environments to determine their effectiveness

for training child protective service (CPS) professionals; developing and refining talking-

head generation models through advanced Audio Feature Extraction (AFE) to optimize

technical performance and ensure scalability for practical applications; and examining

the benefits of emotionally expressive AI-driven child avatars, along with the feasibility

of implementing dynamic facial emotion expression capabilities.
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Employing a Design Science Research Methodology (DSRM), this research iteratively

designed, developed, demonstrated, and rigorously evaluated an AI-driven child avatar

system. Key contributions include a multimodal AI system that integrates Natural Lan-

guage Processing (NLP), speech-to-text (STT), text-to-speech (TTS), and advanced vi-

sual avatar generation techniques to simulate authentic and interactive child responses

with a focus on visual fidelity. Empirical findings revealed that while photorealistic avatars

generally enhance perceived visual authenticity, stylized avatars were often preferred in

conversational contexts to mitigate the “uncanny valley” effect. Beyond this distinction,

users valued perceptual consistency and clarity above style, with smooth, stable avatars

perceived as more effective for training. Comparative evaluations demonstrated that 3D

virtual reality (VR) environments significantly boost visual immersion and emotional

resonance, whereas 2D environments offer superior usability and comfort for extended

training. Significant technical advancements in AFE for visually synchronized talking-

head models drastically reduced latency and improved audio-visual coherence. Further-

more, the integration of emotionally expressive avatars, enabled through technologies

such as NVIDIA Omniverse Audio2Face and Unreal Engine, was explored as a means

to improve trainees’ ability to interpret subtle psychosocial cues. Preliminary findings

indicated promising perceptual effects, while also highlighting the key role of audiovi-

sual congruence and the technical challenges involved in achieving emotionally believable

avatar interactions.

Collectively, this dissertation establishes a foundational framework for developing more

accessible, visually engaging, and ultimately more effective training tools. By advancing

the understanding and application of visual realism and interactive capabilities of AI

avatars, this research endeavors to improve the skills and preparedness of professionals,

thereby enhancing the quality of child testimonies, minimizing trauma during investigative

processes, and contributing positively to child welfare outcomes.
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Chapter 1

Introduction

1.1 Background and Motivation

Imagine a classroom where one in five children carries the invisible scars of physical or

sexual abuse. Around the world, more than one billion children are exposed to violence

that can irrevocably alter the course of their lives [5, 6]. Child abuse and neglect are

not just individual tragedies. They ripple outward, profoundly affecting mental health,

increasing the risk of substance abuse, compromising educational success, diminishing

productivity, and in the worst cases, leading to premature mortality [7, 8]. This epidemic

of maltreatment underscores an urgent need to better understand, prevent, and intervene

in the lives of vulnerable children worldwide.

Beyond these impacts, child abuse imposes a staggering economic burden. The costs

associated with healthcare, social services, and lost productivity amount to hundreds of

billions of dollars annually. In the United States alone, the lifetime economic impact of

child maltreatment is estimated at $124 billion for a single year of confirmed fatal and

non-fatal cases [9]. Notably, the long-term financial burden for survivors is comparable to

that of chronic conditions such as Type 2 diabetes [10]. These figures highlight the need

for effective prevention and intervention strategies worldwide to mitigate the prevalence

and impact of child abuse.

1.1.1 The Importance of Child Testimonies

Child sexual abuse (CSA) poses unique challenges for both victims and investigators.

Unlike other forms of abuse, CSA cases rarely include corroborative physical evidence,
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Chapter 1. Introduction

with fewer than 15% of cases supported by such data [11]. Additionally, a significant

proportion of CSA cases go unreported, with research indicating that between 55% and

70% of individuals who experienced CSA delay disclosure until adulthood [12]. Moreover,

in approximately 70% of CSA cases, the child is the sole witness, making their testimony

essential for both investigation and prosecution [13, 14]. As a result, the first interview

with a child plays a key role in the investigative process, as errors at this stage are

often difficult to correct later. The child’s testimony is a fundamental component of

criminal investigations in alleged CSA cases. However, conducting interviews is among

the most complex tasks faced by forensic psychologists and law enforcement officers.

Research has shown that following recommended questioning techniques increases the

likelihood of obtaining reliable information from children, whereas ineffective questioning

can compromise the accuracy of their statements [15].

1.1.2 Obstacles and Gaps in Interviewer Training

Research indicates that professionals conducting interviews with children in suspected

abuse cases often fail to adhere to best-practice guidelines. These guidelines emphasize

the use of open-ended questions designed to elicit detailed, accurate, and reliable infor-

mation from child witnesses [16, 17]. However, in practice, interviewers frequently rely

on suggestive, closed, and directive questions, which reveals a significant gap between

recommended techniques and actual interviewing practices [18, 19, 20, 21]. In response,

various training programs have been developed to improve interviewing techniques. Tra-

ditional methods, such as lectures, discussions, and role-playing exercises, have generally

not yielded satisfactory improvements in interview quality [22].

Providing feedback on real-life interviews has been shown to lead to increased use

of open-ended questions, particularly when combined with the protocol The National

Institute of Child Health and Human Development (NICHD) [23]. However, legal and

organizational barriers often make reviewing actual case interviews challenging [24]. Ad-

ditionally, while process feedback focusing on question types is possible, outcome feedback

evaluating the accuracy of interview conclusions is limited due to the lack of verifiable

ground truth [25].

Mock interviews offer a solution by allowing both process and outcome feedback. Since

ethical concerns prevent children from participating, trained adult actors are used to sim-
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1.1. Background and Motivation

ulate realistic child responses. Effective training programs for these actors require exten-

sive preparation, such as the 25-hour training over 12 weeks provided to postgraduate

students with prior interviewing experience [26, 27]. Research suggests that interviews

conducted with well-trained actors lead to improved adherence to structured protocols

like NICHD [26, 27, 28, 29]. However, the extent to which actors’ responses truly re-

flect children’s natural behavior remains uncertain, raising concerns about the validity

of such training [30, 31]. Therefore, given the critical importance of high-quality inves-

tigative interviews in child abuse cases and the scalability challenges of resource-intensive

actor-based training programs, there is an urgent need for more effective, accessible, and

automated training solutions [32].

1.1.3 Existing Interview Training Systems

Technology is rapidly transforming how we learn and train, especially in complex fields

like psychology [33, 34, 35]. Consequently, the integration of technology into skill de-

velopment has revolutionized training methodologies across various disciplines, includ-

ing investigative interviewing. Traditional approaches often lack scalability, adaptability,

and real-time feedback, prompting the exploration of digital alternatives. Among these,

computer-based simulations have emerged as a promising solution, offering structured yet

flexible environments for trainees to refine their questioning techniques.

Recent advancements in eLearning platforms demonstrate the potential of technology-

assisted training. For instance, self-paced digital programs, such as those implemented

at the Griffith Institute’s Center for Investigative Interviewing, utilize branching decision

structures to guide trainees through simulated interviews [36]. These systems assess users’

question selections and provide feedback on optimal strategies, improving interview qual-

ity over time [37, 38]. However, such platforms remain constrained by their static design,

limiting exposure to the dynamic, unpredictable nature of real-world interactions. Addi-

tionally, they do not allow trainees to practice verbalizing questions which is a important

skill for conducting actual interviews.

Early systems like the one developed by Linnæus University and AvBIT Labs em-

ployed prerecorded child responses manually curated by human operators to simulate

conversational exchanges during interviews [39]. Though groundbreaking for its time,
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Chapter 1. Introduction

this semi-automated approach limited authentic dialogue by relying entirely on static,

predefined reply options—a constraint that hindered adaptive responsiveness.

Subsequent research efforts introduced LiveSimulation [40, 41], a system enabling sim-

ulated forensic interview practice through interaction with a videotaped developmentally

representative five-year-old child avatar. In this paradigm, trainees select from four pre-

defined inquiry options, to which the system responds with video segments meticulously

designed to mirror age-typical verbal and non-verbal response patterns observed in cases

of alleged sexual abuse. Empirical evidence demonstrates that this scenario-based train-

ing produces a statistically significant increase in practitioners’ adoption of open-ended

questioning techniques, with longitudinal efficacy confirmed through 12-month follow-up

assessments showing maintained competency levels [22, 36].

Similarly, the Empowering Interviewer Training (EIT) system [42] employs a virtual

child avatar, constructed from animated, morphed images of real children, to simulate

dynamic interactions where participants can freely pose verbal questions. While EIT uses

a probabilistic rule-based algorithm to generate contextually appropriate responses from

predefined video clips, its reliance on manual question categorization introduces scala-

bility limitations [43, 44]. After each session, comprehensive feedback on both interview

techniques and outcomes is provided, reinforcing learning effectiveness [43, 42, 45].

Building on these foundations, systems like ViContact [43] use virtual reality (VR) to

simulate child interviews in abuse-related scenarios. It allows trainees to conduct simu-

lated verbal interactions with virtual child avatars in realistic abuse scenarios, combining

VR interactions with automated, personalized feedback and traditional seminar training.

While this integrated approach enhances trainees’ use of open-ended questions and socio-

emotional support skills, opportunities remain to integrate modern Natural Language

Processing (NLP) and AI-driven character generation for create more lifelike, adaptive,

and context-aware interactions, potentially refining the responsiveness and adaptability

of virtual avatars (VAs) in complex training environments.

While current systems demonstrate progress, they remain constrained by semi-automated

architectures requiring human intervention, static visual assets, and limited dynamic in-

teraction capabilities. Reliance on pre-recorded responses and fixed emotional expres-

sions results in reduced realism, diminished trainee immersion, and restricted skill trans-

fer to real-world contexts. To address these gaps, our proposed AI-driven system inte-
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grates advanced visual generation technologies to produce photorealistic avatars with real-

time, speech-synchronized animations. These are coupled with Large Language models

(LLMs), speech-to-text (STT), and text-to-speech (TTS) systems to enable fully auto-

mated, context-aware dialogues. By automating non-verbal cues (e.g., micro-expressions,

adaptive gaze) within immersive VR environments, the system enhances visual fidelity,

scalability, and engagement while minimizing operational reliance on human actors. This

innovation establishes a cost-effective, high-fidelity training benchmark, directly address-

ing the urgent need for dynamic, lifelike simulations in child abuse investigations through

authentic, responsive interactions that mirror real-world scenarios.

1.1.4 Potentials of Technology and AI in Interviewer Training

Advances in artificial intelligence (AI) and immersive technologies are revolutionizing

educational methodologies, offering scalable, adaptive, and cost-effective solutions for

skill development. These innovations hold transformative potential for forensic interview

training by enabling realistic simulations of interactions with children, thereby allowing

professionals to refine their questioning techniques in a safe, structured setting. Below,

we explore the technological landscape through two key dimensions: visual avatars and

dialogue generation, with a focus on the former as the central pillar of this PhD research.

1.1.4.1 Visual Avatars

Technological advancements have streamlined the creation of virtual avatars, making them

increasingly efficient and widely accessible in computer games, online chats, virtual meet-

ings, and social media platforms. Modern tools, including high-quality rendering engines∗

and deep-learning-based technologies known as Talking Head Generation models [46],

have significantly improved the fidelity of these digital counterparts compared to those

developed in previous decades. Today, avatars not only exhibit lifelike visual qualities

but also replicate natural human movements and cognitive behaviors, narrowing the gap

between virtual and real-world interactions.

High realism (often termed high-fidelity) is widely regarded as a beneficial design ap-

proach for virtual avatars [47]. Studies suggest that users prefer interacting with human-

like avatars over non-human representations [48, 49]. Such avatars are shown to improve

∗https://www.unrealengine.com/en-US/metahuman
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user engagement [50] and enjoyment by fostering a sense of familiarity, which can evoke

psychological responses akin to real-world interactions. Thus, visually realistic avatars

are critical for creating immersive experiences, and their ability to simulate lifelike inter-

actions makes them particularly well-suited for developing automated training systems

for conducting forensic interviews with children.

Conceptual Foundations of Human Perception of Avatars The appearance of

virtual avatars can portray diverse impressions to audiences, such as cartoon-like emoti-

cons or photorealistic humanoids [51]. The visual fidelity of virtual avatars significantly in-

fluences users’ perception and interaction experiences within virtual environments. Visual

fidelity is defined by three criteria: anthropomorphism, realism, and truthfulness [50, 52].

• Anthropomorphism refers to the degree to which avatars mimic human morphology,

directly influencing users’ body schema and identity adaptation—a phenomenon

termed the Cyborg Dilemma [53]. While highly anthropomorphic avatars can am-

plify embodiment, incongruent designs risk distorting users’ mental models [54];

however, neural adaptability enables interaction even with non-humanoid forms [55].

• Realism, particularly perceptual realism [56], involves balancing photorealistic de-

tail with stylization. Inconsistencies in rendering (e.g., mismatched textures or

proportions) may reduce appeal and induce eeriness [57]. Paradoxically, hyperreal-

istic avatars may not inherently enhance user experience; instead, they may provoke

discomfort or eeriness, as excessive fidelity can heighten expectations of human-like

behavior. Applications prioritizing user comfort or creativity, for instance, often opt

for stylized or cartoon-like avatars, sidestepping the pitfalls of hyperrealism while

fostering engagement through abstraction or artistic expression. This balance un-

derscores that technical precision alone cannot dictate effectiveness; context and

user needs remain paramount [58].

• Truthfulness is the degree of similarity between users’ appearance and virtual char-

acters [59, 60]. Crucially, mismatches between visual fidelity and behavioral realism

disrupt co-presence, underscoring the necessity for coherence across design dimen-

sions [61].
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This need for coherence connects directly to the concept of the uncanny valley, first

described by Mori [62], wherein increased avatar realism paradoxically evokes negative

emotional responses if it approaches, but does not fully achieve, lifelike authenticity [62].

While users initially demonstrate greater affinity toward avatars with increased human-

likeness [48, 49], a critical threshold exists beyond which small imperfections in appearance

or motion suppress engagement and elicit eeriness [63].

Despite ongoing debates about the universality of these effects [64], high-fidelity,

human-like avatars remain critically important in domains such as medical training [65]

and spatial perception [66] within virtual reality environments, where enhanced realism

significantly improves user experiences in interactive scenarios.

Our goal of developing a child avatar for investigative interviewing requires guiding

avatar design toward appropriate fidelity levels tailored to specific user needs and applica-

tion contexts. This involves balancing realism with contextual goals, ensuring behavioral

alignment to mitigate perceptual disruptions, and leveraging stylization to enhance user

experience.

Visual Design Techniques for Avatar Creation The visual design of virtual avatars

can be strategically tailored to application-specific objectives through two primary ap-

proaches: stylized or photorealistic representations. Stylized designs employ artistic ab-

straction to mitigate uncanny valley effects and enhance user comfort, while photoreal-

istic avatars prioritize anatomical accuracy through high-fidelity modeling to maximize

realism. Methodologies for avatar creation broadly fall into two categories: AI generative-

based techniques (e.g., talking-head generation models for dynamic facial synthesis) and

engine-driven pipelines (e.g., game engines for customizable avatars).

Talking-head generation models, such as those leveraging Generative Adversarial Net-

works (GANs) [67] or Neural Radiance Fields (NeRF) [68], enable adaptive animations

with emotional expressiveness. However, they often face challenges in real-time perfor-

mance and computational efficiency. In contrast, engine-driven platforms like Unity [69]

and Unreal Engine’s MetaHuman [70] excel in delivering interactive, real-time avatars

within immersive VR environments, leveraging tools like NVIDIA Omniverse [71] to au-

tomate emotionally responsive animations, though they may lack the adaptive fidelity of

AI-generated animations.
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The design of child avatars for investigative interview training with children demands a

careful balance between technical feasibility and psychological realism. Through objective

metrics (e.g., rendering speed, synchronization accuracy) and subjective evaluations (user

feedback on realism and engagement), we systematically determine the optimal design

strategy, ensuring avatars meet the fidelity and interactivity demands of effective, scalable

training.

Operational Definitions of Visual Realism Levels Operational Definitions of Vi-

sual Realism Levels To enhance clarity and consistency throughout the thesis, the fol-

lowing definitions are adopted for avatar visual realism: Stylized : Avatars that use artis-

tic abstraction and do not attempt to mimic real human appearance (e.g., cartoon-like

or painted visuals). Semi-realistic: Avatars that balance stylized design with realistic

proportions and features, but avoid hyper-detailed textures to prevent uncanny effects.

Photorealistic: Avatars designed to closely replicate the appearance of real human beings

with high fidelity in texture, lighting, and facial detail. Human-like: A general term

referring to avatars with anthropomorphic features, including all of the above categories,

depending on context.

1.1.4.2 Dialogue Generation

NLP plays a foundational role in empowering dynamic, context-aware dialogue generation

for realistic child avatars in investigative interview training with children. Modern NLP

systems, particularly LLMs, such as GPT-4, offer significant potential to simulate inter-

active conversations that adapt to trainees’ questions, moving beyond the rigid, scripted

interactions of traditional training tools [72, 73]. These technologies allow avatars to

generate responses in real time, mimicking the unpredictable nature of real-world child

interviews while adhering to age-appropriate language patterns.

However, existing NLP models face inherent challenges when applied to child-specific

contexts. For instance, systems trained predominantly on adult language corpora may

struggle to replicate the lexical simplicity, emotional nuance, and stress-induced disfluen-

cies (e.g., hesitations, repetitions) characteristic of children’s speech under trauma [74, 75].

Emotion recognition in conversations (ERC) and trauma-informed dialogue generation

also remain active research frontiers, as text-only datasets often fail to capture the psy-
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chosocial complexities of child abuse disclosures [76, 77]. Addressing these gaps—such

as refining child-centric lexicons, integrating disfluencies for naturalness, and improving

real-time feedback mechanisms—requires specialized adaptation of NLP frameworks.

In this project, these challenges are addressed through collaborative efforts, with ded-

icated focus on optimizing NLP components for child avatar interactions. For example,

our team has worked to fine-tune LLMs and implement rule-based filters to better align

generated dialogue with developmental stages and emotional states. While advancing

core NLP methodologies falls outside the primary scope of this dissertation, the integra-

tion of these adapted models demonstrates their viability in creating immersive training

environments. By leveraging existing NLP technologies and addressing their limitations

through targeted adjustments, the system achieves a balance between flexibility, realism,

and practical utility which are key requirements for effective interviewer training.

1.2 Research Scope and Objectives

Traditional approaches and earlier child avatar-based simulations have faced significant

challenges related to realism, adaptability, and scalability, revealing a clear gap in current

practice. Motivated by these limitations, this research aims to develop an AI-driven

training system that uses realistic, interactive child avatars to simulate real-life scenarios.

By incorporating visually and emotionally realistic avatars, the system seeks to enhance

training quality, helping professionals build the skills and confidence required to conduct

sensitive interviews with care and precision. Therefore, this thesis seeks to answer the

following central research question:

How can AI be used to develop a visually realistic child avatar-

based system for investigative interview training with children?

As illustrated in Figure 1.1, the proposed system integrates multiple AI components,

including STT and TTS processing, NLP, and a visually dynamic child avatar. Developing

a realistic AI-driven child avatar training system has been a complex and evolving pro-

cess. The system’s development was guided by continuous evaluation and iteration, with

insights from user studies and technical performance reviews informing strategic adjust-

ments in both design and implementation. A key challenge has been achieving a balance

between visual and emotional realism, narrative coherence, and natural interaction flow
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Figure 1.1: Architecture of the AI-driven training system for investigative interview train-
ing with children. The blue boxes represent the specific tools and methods used for each
component. The orange boxes within the “Visual Interactive Environment,” which is the
main focus of this thesis, highlight key features of the visual component that are system-
atically explored throughout the work.

while maintaining an effective learning environment for child protective service (CPS)

professionals. Understanding how professionals engage with and respond to the child

avatar system is essential for optimizing the learning experience. Comparative studies

between different training approaches, such as 2D versus 3D environments, offer valuable

insights into the most effective strategies for improving interview skills. These findings

have directly shaped the research objectives (ROs) and technological solutions presented

in this thesis, ensuring that the system is both technically robust and practically relevant.

The ROs guiding this study are defined as follows:

RO-1 Identify the key challenges and considerations in developing the vi-

sual components of an AI-driven child avatar system for training pro-

fessionals to conduct investigative interviews with children, with addi-

12



1.2. Research Scope and Objectives

tional attention to multimodal integration. This objective aims to identify

and analyze the technical, emotional, and practical hurdles involved in creating a

realistic, interactive, and emotionally responsive AI-driven child avatar capable of

effectively simulating abused children during forensic interviews. As depicted in

Figure 1.1, the study will explore the integration of multimodal technologies (e.g.,

NLP, TTS, STT, and visual avatar generation), evaluate the feasibility of develop-

ing an interactive and adaptive system, and define the key challenges that require

further attention to enhance the system’s realism, which refers to the visual and

behavioral fidelity of the avatar compared to real children, and its responsiveness,

meaning how naturally and promptly the system reacts to user input.

RO-2 Investigate the impact of varying levels of visual realism of child avatars

on the learning experience and user acceptance. Varying degrees of visual

realism of child avatars can significantly influence how learners perceive and engage

with the training environment, as supported by recent research showing that avatar

realism affects user perception and immersion in virtual environments [78]. Build-

ing on the conceptual foundations of avatar perception outlined in Section 1.1.4.1,

this objective empirically evaluates how stylized, semi-realistic, and hyperrealis-

tic avatars influence trainee engagement, confidence, and satisfaction. Theoretical

frameworks suggest that overly realistic avatars may evoke discomfort due to subtle

imperfections [62], whereas stylized designs can enhance immersion by balancing

familiarity with abstraction [47]. This study directly tests these hypotheses in the

context of child interview training.

By comparing different avatar configurations, the research quantifies trade-offs be-

tween visual fidelity and user acceptance. For example, it examines whether reduc-

ing realism to avoid the uncanny valley increases trainees’ willingness to adopt the

technology.

RO-3 Conduct a comparative analysis of the effectiveness, usability, and per-

ception of 2D versus 3D virtual environments for training CPS profes-

sionals. Comparing 2D and 3D virtual environments provides valuable insights

into the ways in which different levels of immersion and interactivity shape the

learning experience for CPS professionals. While 2D interfaces typically require
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fewer resources and simpler setups, they may reduce the perceived sense of pres-

ence and realism. In contrast, 3D environments can simulate more lifelike scenarios,

potentially enhancing engagement and skill retention. However, they also demand

greater technological support and present additional usability considerations.

By systematically examining these two formats, practitioners can better understand

how to balance fidelity, accessibility, and user comfort to optimize training outcomes.

This comparison also complements RO-2 by exploring how different spatial formats

(2D vs. 3D) shape users’ perception of realism and immersion, thereby contributing

to a deeper understanding of the level of visual fidelity required for effective child

avatar-based training.

RO-4 Develop and refine talking-head generation models to improve perfor-

mance, responsiveness, and scalability in real-time training environ-

ments. This objective addresses key bottlenecks in real-time avatar systems, where

inefficient audio processing introduces latency, limits scalability, and disrupts syn-

chronization. The research focuses on developing lightweight, adaptive Audio Fea-

ture Extraction (AFE) methods to enhance responsiveness and realism in AI-driven

avatars. The aim is to integrate these models effectively into resource-limited set-

tings, such as child investigative interview training, while maintaining a balance

between computational efficiency and perceptual realism.

RO-5 Investigate and implement a technical framework for generating emo-

tionally expressive child avatars by integrating audio-driven animation

with real-time rendering, thereby establishing the foundational capabil-

ity to simulate nuanced psychosocial cues for future training evalua-

tions. This objective explores the potential benefits of incorporating emotional

expressiveness into AI-driven child avatars used in investigative interview training

with children. The ability to simulate emotional states, such as sadness, anxiety,

or discomfort, may contribute to a more immersive and psychologically realistic

interaction experience. Dynamic facial emotion expression could help trainees bet-

ter recognize and respond to psychosocial cues, potentially fostering empathy and

situational awareness.
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The study will examine the feasibility of generating lifelike emotional expressions in

real time, considering technical challenges such as facial animation synchronization

and the interpretation of affective input signals. By evaluating these aspects, this

research aims to assess whether emotional expressiveness can meaningfully enhance

the perceived realism and emotional credibility of child avatars in this training

context.

Collectively, these ROs establish a structured and interconnected framework for in-

vestigating how AI can support the development of realistic and interactive child avatars

for investigative interview training with children. RO-1 identifies the core technical,

emotional, and practical challenges involved in avatar development. RO-2 and RO-3

examine key perceptual and contextual factors, such as visual realism and the immersive

qualities of 2D versus 3D environments, that influence user engagement. RO-4 focuses on

improving the system’s responsiveness and scalability through more efficient audio-visual

integration. Finally, RO-5 explores the potential value and feasibility of incorporating

emotionally expressive behaviors to enhance the realism and perceived credibility of the

avatars.

1.3 Research Methodology

Selecting an appropriate research methodology is essential for effectively achieving the

study objectives. Various paradigms exist in computing research, including qualitative

and quantitative methods [79], the Hypothetico-Deductive Method [80], experimental

prototyping, and artifact-based approaches such as the ACM’s theory-abstraction-design

framework [81]. While each offers distinct strengths, Design Science Research Methodol-

ogy (DSRM) [82] was selected for this study due to its structured yet iterative approach

to developing and evaluating socio-technical artifacts. Unlike purely theoretical methods

or isolated experimental prototyping, DSRM integrates problem-solving, design rigor, and

empirical validation within a cohesive framework. This methodology is particularly suited

to developing AI-driven solutions for child interview training, where iterative refinement

through experimental prototyping and practical relevance are essential to addressing com-

plex socio-technical challenges.
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Figure 1.2: Overview of the DSRM process as applied in the development of the AI-driven
child avatar training system.

The DSRM framework used in this study, proposed by Peffers et al. [82] and aligned

with the principles outlined by Hevner et al. [83], emphasizes the creation and evaluation

of artifacts to solve real-world problems and enhance existing practices. It is especially

applicable to fields such as information systems, engineering, and management. This

methodology is well-suited to the goals of this thesis, which aims to develop innovative

solutions for challenges in adopting AI-driven child interview training for CPS profession-

als.

The research strategy combines prototyping, simulation, and evaluation, enabling it-

erative refinement and assessment of the artifact. Data collection methods include user

studies and interviews to gather feedback, complemented by a systematic literature re-

view to inform the design and validate the findings. These methods were selected for their

ability to provide diverse insights into user experiences and their relevance to artifact de-

velopment and evaluation. Both quantitative and qualitative data analysis techniques

were employed to ensure a comprehensive and robust understanding of the results.

The DSRM framework was chosen as the overarching methodology due to its problem-

solving focus and emphasis on the creation of practical solutions. It bridges theoretical

and practical aspects, offering a holistic approach to addressing research challenges. As

illustrated in Figure 1.2, the DSRM process structured this thesis into six phases:

• Problem Identification and Motivation: Current training tools for child inves-

tigative interviews face significant limitations in terms of scalability, interactivity,

and achieving an optimal level of visual realism. Mock interviews with trained
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actors, while valuable, are resource-intensive and difficult to scale. Meanwhile, ex-

isting virtual training systems often lack immersive environments and fail to convey

nuanced nonverbal cues essential for effective communication with children. This

study addresses these challenges by developing an AI-driven training platform that

integrates visually and emotionally realistic child avatars with advanced dialogue

systems. The goal is to enhance the accessibility, interactivity, and emotional depth

of interviewer training, ultimately supporting professionals in developing the skills

required for sensitive and effective child interviews.

• Defining Design Objectives: This study defines five key ROs to guide the devel-

opment of an effective AI-driven training system for child investigative interviews:

(1) to identify the core technical, emotional, and practical challenges involved in

designing the visual components of a child avatar system; (2) to investigate how

varying levels of visual realism in avatars influence user experience, learning out-

comes, and acceptance; (3) to conduct a comparative evaluation of 2D and 3D

virtual environments in terms of training effectiveness and usability; (4) to develop

and optimize talking-head generation models that improve performance, respon-

siveness, and scalability in real-time applications; and (5) to examine the benefits

of incorporating emotionally expressive avatars and assess the feasibility of imple-

menting dynamic facial emotion expressions. Collectively, these objectives address

the overarching challenge of creating realistic, scalable, and emotionally engaging

avatar-based simulations to enhance interviewer training.

• Design and Development: The system was developed through an iterative design

process that combined recent advancements in AI with user-centered design prin-

ciples. The system architecture integrates several key technical components: (1)

avatar animation modules to achieve context-appropriate visual realism; (2) speech

processing services for generating natural, childlike vocal responses through STT

and TTS; and (3) a fine-tuned LLM designed to produce dynamic, age-appropriate

dialogue that reflects the linguistic patterns and emotional states typical of children

in investigative interview contexts.

• Demonstration and Evaluation: The AI-driven child avatar system was demon-

strated to child protection and law enforcement professionals through a combination
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of technical benchmarking and structured user studies, enabling practical interac-

tion with the artifact. Evaluation employed a mixed-methods approach. Quantita-

tive analyses included ANOVA for comparative assessments, mixed-effects models

to investigate factors such as visual realism and environment type (2D/3D), and

structural equation modeling (SEM) to analyze relationships within user experi-

ence dimensions. In addition, technical performance was assessed using a range of

evaluation metrics addressing speed, visual fidelity, lip-sync accuracy, system effi-

ciency, and perceptual quality. Qualitative data gathered from user studies and

semi-structured interviews provided insights into usability, realism, emotional en-

gagement, and training relevance. Feedback from these evaluations informed iter-

ative refinements, enhancing both the effectiveness and real-world applicability of

the system in the domain of investigative interview training involving children.

• Communication: Research findings and insights were actively disseminated through

peer-reviewed publications, academic conferences, workshops, and professional demon-

strations. Effective communication facilitated engagement with key stakeholders,

including CPS workers, law enforcement agencies, and training institutions. These

efforts have supported broader awareness, stakeholder adoption, and the ongoing im-

plementation of the AI-driven child avatar system in Norway. Continuous feedback

from stakeholders has guided iterative refinements, fostering sustained interest and

helping to ensure the system remains relevant and effective for real-world training

in conducting investigative interviews with children.

The DSRM framework was adopted as the overarching methodology to guide the de-

velopment, evaluation, and refinement of the AI-driven child avatar training system. As

illustrated in Figure 1.2, the DSRM process was applied to guide the development of the

child avatar system. Each phase was aligned with specific ROs, enabling a systematic

and iterative approach to addressing key challenges and evaluating the system’s effective-

ness. Notably, the application of DSRM was not strictly linear. Thick arrows represent

the planned development flow, while thin arrows indicate iterative loops that emerged

at various stages. These iterations were often driven by feedback from users and CPS

professionals, resulting in continuous refinements and enhancements to the system.

The structured nature of DSRM played a pivotal role in achieving the ROs by pro-

viding a coherent framework for both development and evaluation. Its iterative design
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allowed for ongoing refinement of the child avatar system, addressing critical challenges

in visual and functional design (RO-1). Rigorous evaluation phases supported investiga-

tions into the impact of visual realism on user acceptance and learning outcomes (RO-2),

as well as comparative assessments of 2D and 3D virtual environments for CPS training

(RO-3). The demonstration and evaluation stages were also essential for validating the

technical performance and scalability of the talking-head generation models (RO-4), and

for examining both the benefits and the feasibility of integrating emotional expressiveness

into AI-driven avatars (RO-5). Lastly, the Communication phase focused on disseminat-

ing research findings, supporting broader awareness and adoption of AI-based training

tools for investigative interviews. By adhering to the structured phases of DSRM, the

research maintained a coherent trajectory while upholding scientific rigor throughout the

project.

1.4 Ethical Concerns and Considerations

The development of AI-driven child avatars for training professionals to conduct inves-

tigative interviews with children raises complex ethical considerations that demand sys-

tematic scrutiny and well-defined mitigation strategies. Our research has comprehensively

addressed these ethical dimensions through the establishment of a multi-layered ethical

framework, reinforced by stringent protocols and validated through multiple institutional

approvals.

The ethical foundation of this work was formally recognized through approvals granted

by the Norwegian Agency for Shared Services in Education and Research (SIKT) for two

interrelated research initiatives. The primary project (reference number #614272), for-

mally designated as “Interview Training of Child-Welfare and Law-Enforcement Profes-

sionals Interviewing Maltreated Children Supported via Artificial Avatars,” implemented

comprehensive data governance protocols. These measures were specifically designed to

protect sensitive child welfare data while maintaining the highest standards of participant

confidentiality during user testing scenarios.

Complementing this work, the secondary project (reference number #385370), “Child

Speech Analysis,” developed an ethically sound methodology for acquiring and processing

linguistic data from children across developmental stages (ages 4-16). The research design
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incorporated carefully controlled dialogue sessions focusing exclusively on age-appropriate,

non-identifiable subject matter. To ensure absolute privacy protection, the protocol man-

dated immediate verbatim transcription followed by secure destruction of original audio

files, with all retained data undergoing thorough anonymization procedures. The ethical

framework was further strengthened through collaborative validation, as evidenced by the

approval (reference 2023/501) obtained by our research partners at Griffith University,

Australia, for their parallel study titled “Evaluation of Child Avatar Interview Simulation

Learning Activity.”

Together, these approvals provided a structured foundation for addressing four core

ethical concerns in our research, ensuring responsible development while prioritizing par-

ticipant rights and data protection.

1.4.1 Avoiding Gender Stereotypes

The development of training modules utilizing avatars to simulate child victims of sexual

abuse necessitates careful consideration of gender representation to avoid perpetuating

harmful stereotypes while maintaining statistical accuracy. Research indicates that CSA

disproportionately affects girls, with meta-analytic studies estimating prevalence rates of

19% among female children compared to 8% among males [84]. This disparity justifies the

inclusion of female avatars in training scenarios to reflect real-world victimization patterns.

However, an overrepresentation of female victims risks reinforcing gendered assumptions

that may lead professionals to overlook male victims or dismiss their experiences.

To mitigate this concern, our approach integrates a balanced representation of gender

in avatar design, ensuring that training scenarios acknowledge the significant prevalence

of abuse among boys while maintaining fidelity to empirical data. By incorporating

diverse victim profiles, the training modules foster a more inclusive understanding of CSA,

equipping child welfare and law enforcement professionals with the sensitivity required to

engage with all potential victims effectively. This methodological choice not only aligns

with ethical imperatives to avoid stereotype reinforcement but also enhances the practical

utility of the training by preparing interviewers for the full spectrum of cases they may

encounter.

Furthermore, the design process included rigorous validation to prevent the avatars

from exhibiting gendered behavioral biases that could influence interviewer perceptions.
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Dialogue scripts and avatar responses were developed in consultation with child psychol-

ogy experts to ensure neutrality in language and demeanor, irrespective of the avatar’s

gender presentation. This attention to detail ensures that the training tool advances eq-

uitable investigative practices rather than inadvertently replicating societal biases. The

ethical framework governing this aspect of the research was further strengthened by in-

stitutional oversight, as detailed in the approvals referenced in the broader ethical con-

siderations section.

1.4.2 Deepfakes Technology

Deepfake-derived avatars, powered by generative AI, offer transformative potential for

training professionals in child investigative interviewing by simulating realistic interac-

tions with nuanced facial expressions, vocal tone, and emotional cues [85]. However,

their application raises critical ethical concerns, particularly regarding consent, bias, and

authenticity.

Unlike traditional simulations, deepfake avatars rely on aggregated datasets of child

speech, images, or behavioral data, which may unintentionally retain identifiable features

or mannerisms. Minors cannot provide explicit consent for their data’s use in synthetic

media—a practice that contradicts established pediatric research ethics [86]. This risks

normalizing non-consensual digital representations and perpetuating systemic biases if

training data disproportionately represents specific demographics in abuse scenarios [87].

Legal scholars further caution that the realism of synthetic media could compromise foren-

sic investigations, as courts lack reliable methods to differentiate AI-generated content

from authentic evidence [88].

Despite these challenges, a carefully designed ethical framework can unlock the societal

benefits of deepfake technology. By anonymizing victim identities, such systems preserve

confidentiality and enable immersive training environments without exposing real children

to harm or retraumatization. To balance innovation with accountability, our approach

incorporates three core safeguards: (1) exclusive use of anonymized, non-identifiable data;

(2) algorithmic audits to identify and reduce potential bias; and (3) transparency pro-

tocols that ensure trainees are fully aware they are interacting with synthetic avatars.

These practices align with broader ethical standards for responsible AI and synthetic
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media, which support both the protection of vulnerable populations and the integrity of

professional training environments.

1.4.3 VR Technology

The integration of VR technology in child protection training necessitates ethical nav-

igation between immersive realism and psychological safety. While VR’s capacity to

simulate high-fidelity CSA scenarios enhances investigative preparedness, its intensity

risks triggering secondary trauma, necessitating safeguards such as customizable scenario

intensity, mandatory debriefings, and session limits (90-second durations in our imple-

mentation) to mitigate discomfort [89, 90, 91]. Ethical implementation further requires

scrutiny of VR’s long-term impacts across diverse demographics, addressing gaps in sys-

temic risk discourse [92]. Our framework prioritizes trainee well-being through practical

protocols: structured break intervals, gradual familiarization with VR interfaces, and al-

ternative training modalities (2D models) for accessibility [93]. These measures align with

broader ethical standards in healthcare VR, emphasizing standardized scenarios and user

safety [94]. Additionally, while VR’s empathy-inducing potential through perspective-

taking deepens understanding of victim experiences, it demands oversight to prevent

biased emotional responses, ensuring decisions remain rooted in professional objectiv-

ity [95]. By integrating interdisciplinary expertise in psychology, VR design, and ethics,

we establish evidence-based guidelines that balance training efficacy with institutional

accountability, ensuring ethical integrity across development and deployment.

1.4.4 Practical Use of AI Avatars

It is imperative that CPS professionals engage with these avatars solely for educational

purposes, adhering strictly to professional conduct standards. Interactions must avoid

any form of sexualized dialogue or behavior, as such misuse not only disrespects the

simulated child’s representation but also undermines the gravity of child abuse cases and

the integrity of the training objectives. Furthermore, employing AI avatars for casual

entertainment or humor in contexts that replicate serious situations is inappropriate and

diminishes the seriousness of the subject matter. Clear guidelines ensure that AI avatars

are used only as training tools to enhance CPS workers’ skills. This maintains focus on

their intended educational purpose [96].
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1.5 Main Contributions

This thesis consists of eight research articles (presented in Part II) that collectively ex-

plore the development, deployment, and rigorous evaluation of an AI-driven child avatar

system aimed at improving training for conducting investigative interviews with children.

These contributions systematically address the ROs outlined in Section 1.2, which emerge

from critical challenges in creating realistic, scalable, and emotionally engaging avatar-

based training solutions. As illustrated in Figure 1.3, the research follows a structured

development pathway. Each developmental stage is guided by insights from the pub-

lished articles, showing how identified challenges informed transitions between stages in

the system’s evolution. Whenever possible, the developed code and data have been made

publicly available as open source and open data to support reproducibility and encourage

further research.

The research begins with an early prototype developed using the Unity game engine,

which highlights the essential role of visual realism in fostering user engagement (see Arti-

cle I and Article II). Subsequently, comparative analyses of different avatar configurations,

including talking-head generation models and Unity-based avatars, revealed key limita-

tions—such as a lack of real-time interaction and the uncanny valley effect in talking-head

systems (see Article III and Article IV). These findings led to two distinct development

paths: one focused on enhancing the talking-head model into a more interactive system

(see Article VIII), and the other aimed at comparing 2D and 3D environments to evaluate

their respective effectiveness and impact on user engagement (see Article V–Article VII).

Earlier child avatar-based tools lacked emotional expressiveness, which reduced en-

gagement and training relevance. To address this, a new system was developed that

combines the high-fidelity rendering capabilities of Unreal Engine 5 MetaHuman with

the intelligent, audio-driven facial animation of NVIDIA Omniverse Audio2Face. A ded-

icated study evaluated the feasibility of this architecture by assessing user perceptions of

dynamic emotional expressions generated from vocal prosody. The study examined emo-

tional clarity, facial realism, and user empathy across both audio-visual and visual-only

conditions.
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Figure 1.3: Development pathway of the visual component in the training system. The
diagram highlights the specific ROs and associated research articles at each stage, illustrat-
ing how each step contributed to the overall research trajectory. Green boxes indicate key
challenges or limitations that motivated transitions to subsequent developmental phases.
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1.6 Other contributions

In addition to the primary research outcomes presented in this thesis, we have made sev-

eral additional contributions that extend beyond the core research question and research

objectives. These contributions include the publication of six peer-reviewed articles, the

supervision of two master’s students, and the mentoring of one summer intern. While not

directly addressing the central focus of the thesis, these contributions are closely connected

to the methods applied and the knowledge gained throughout the research process.

Additional Publications: The initial exploration of generative models involved devel-

oping a synthetic data pipeline using GANs for medical image segmentation, laying the

technical groundwork for realistic avatar creation and data augmentation strategies [97].

Research on the reliability of subjective user studies contributed to understanding how ex-

pert and non-expert perceptions influence avatar training effectiveness [98]. Building upon

this, we developed a prototype integrating dialogue models, visual avatars, and interactive

VR components, establishing the technological foundation for subsequent research [99]. A

comparative analysis of interactive environments, VR, 2D desktop, audio-only, and text-

based, highlighted VR’s advantages for immersive interviewer training [100]. Additionally,

an LLM-based chatbot avatar providing immediate feedback was validated for improving

questioning skills [101]. Finally, a proof-of-concept study demonstrated the practical effec-

tiveness of dynamic AI-driven avatars in virtual reality at Children’s Advocacy Centers,

reinforcing the applicability of AI-driven training methods in real-world settings [102].

Collectively, these studies contributed significantly to advancing and validating AI-driven

technologies for forensic interviewer training.

Student Supervision: The PhD period also involved supervising master’s thesis projects

contributing to the broader research agenda. A thesis evaluating AI-generated child

avatars for user experience found stylized designs (e.g., cartoony/painted) balanced re-

alism and interaction quality better than photorealistic versions, avoiding the uncanny

valley effect [103]. Another thesis assessed the impact of different child avatar interac-

tion types on user Quality of Experience, highlighting the importance of eye contact and

graphics realism for effective avatar-mediated communication [104]. Additionally, a sum-
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mer internship was supervised, focusing on exploring real-time methods in talking-head

generation models.

1.7 Thesis Outline

This dissertation is divided into two main parts. Part I offers a thorough overview of

the research and its key contributions, while Part II presents the original research articles

that serve as the basis for this work. Part I is structured into three chapters, which are

outlined as follows:

Chapter 1 Introduction: This chapter highlights the main role of investigative child in-

terviews in abuse cases and identifies limitations in traditional training methods,

such as scalability and static practices. It introduces AI-driven virtual avatars as

scalable solutions, framed by five research objectives: addressing technical chal-

lenges in avatar development, evaluating visual realism’s impact, comparing 2D/3D

training efficacy, optimizing real-time audio-visual synchronization, and enhancing

emotional expressiveness. Guided by the DSRM, the work iteratively develops and

evaluates the system. Ethical safeguards address gender representation biases, deep-

fake risks, and VR safety protocols. Additional contributions include peer-reviewed

articles and supervised student projects on avatar interaction.

Chapter 2 Discussion and Research Contributions: This chapter methodically explores

the research outcomes, beginning with an identification and analysis of technical,

and practical challenges in developing an AI-driven child avatar system include in-

tegrating multimodal components (e.g., NLP, TTS, STT, visual generation). The

chapter then Investigates the impact of visual realism in avatars on user acceptance

and learning outcomes. A Comparative evaluation of 2D versus 3D virtual envi-

ronments for CPS training. Subsequent sections develops and optimizes real-time

talking-head generation models through advanced audio feature extraction. Finally,

the chapter examines the role of emotionally expressive avatars in fostering empa-

thy and improving trainees’ ability to recognize psychosocial cues, underscoring the

importance of dynamic facial animations in realistic simulations.
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Chapter 3 Conclusion and Future Work: The last chapter in Part I consolidates the

research outcomes and their broader significance. It begins by summarizing the

achievements across the defined ROs, including the development of the child avatar

system, an exploration of visual realism trade-offs, and an evaluation of compara-

tive 3D training efficacy. The chapter then outlines how these findings can inform

the development of more effective training programs for conducting child forensic

interviews using adaptive and realistic simulations. It also addresses persistent lim-

itations encountered during the research. Finally, it proposes potential directions

for future work to build on the foundations established in this study.

Part II presents our eight research articles that systematically advance the study’s

objectives: Article I and Article II establish foundational system design, integrating visual

avatars and dialogue models while highlighting realism’s role in engagement; Article III

and Article IV evaluate avatar realism’s impact on user experience, identifying key limita-

tions like real-time constraints and the uncanny valley; Article V, Article VI, and Article

VII compare 2D and 3D environments, revealing complementary strengths: 2D’s usability

and accessibility advantages versus 3D’s immersive capabilities for professional training,

while exploring emotionally expressive avatars to enhance engagement; and Article VIII

refines talking-head generation through improved audio processing, adopting Whisper

for scalable and realistic interactions. Together, these works provide a cohesive progres-

sion from development to evaluation and optimization of the AI-driven interview-training

avatar.
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Chapter 2

Research Contributions and

Discussion

This chapter offers a unified overview of the research contributions resulting from the

development of an AI-driven child avatar system designed specifically to support the

training of professionals in conducting investigative interviews with children. Rather than

duplicating the comprehensive methodological details and complete findings presented in

the published articles in Part II, this chapter provides an integrated discussion of key

findings and their implications.

Guided by the ROs described in Section 1.2, the following sections elaborate on how

each objective was addressed through technical innovations, user evaluations, and compar-

ative analyses. The discussion begins with the identification of challenges and integration

considerations in the development of child avatar systems for investigative interviews

(RO-1), followed by an examination of how visual realism influences the learning experi-

ence and user acceptance (RO-2), and a comparison of 2D versus 3D virtual environments

in terms of their usability and immersive qualities (RO-3).

Subsequently, the focus shifts to the challenge of enabling real-time interaction through

the development of lightweight talking-head generation models (RO-4), aimed at im-

proving system scalability and performance in real-world applications. Finally, RO-5

investigates the feasibility of incorporating dynamic facial emotion expressions and ex-

amines their potential to enhance perceived realism and emotional depth in avatar-based

interactions.
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The chapter concludes by integrating these findings to revisit the overarching research

question: How can AI be used to develop a visually realistic child avatar-based system

for investigative interview training with children? This discussion highlights both the

potential and the complexities of applying AI in such a sensitive and impactful context.

2.1 Challenges in Child Avatar Creation

In addressing RO-1, which focused on identifying the challenges and integration con-

siderations for developing child avatar systems in investigative interview training with

children, Article I [105] laid the groundwork by proposing a multimodal AI-driven sys-

tem designed. The overarching goal is to replace or substantially reduce resource-heavy,

actor-based role-plays by creating an immersive and automated environment in which

interviewers can practice essential skills repeatedly and at scale. The system architecture

integrated advanced technologies such as dialogue models for conversational flow, TTS

and STT services for audio processing, and visual manipulation tools to generate lifelike

avatars. A critical focus of the research was the visual component, which aimed to achieve

age-appropriate realism while ensuring real-time performance and seamless synchroniza-

tion between speech and facial animations.

Central to achieving these goals in context of a visual avarar was the exploration of

deepfake, photorealistic videos using face swaps that leave little trace of manipulation

[106], and lip-syncing techniques to synchronize the avatar’s lip movements with the

spoken content. Initial experiments explored existing tools like Faceswap [107], a GAN-

based framework for face-swapping in videos. However, this approach proved unsuitable

for child avatars due to its reliance on adult-centric datasets and its inability to adapt to

the unique facial proportions of children. Attempts to map adult facial features onto child

subjects resulted in uncanny distortions, compromising both realism and user acceptance.

Similarly, ObamaNet [108], a method designed for lip-syncing predefined adult models

of presidents such as Barack Obama, faced synchronization challenges and lacked flex-

ibility in replicating child-specific vocal and facial dynamics. These tools highlighted a

broader issue: pre-existing models optimized for adult features struggled to accommodate

the anatomical and behavioral characteristics of children, necessitating significant modifi-

cations. Further exploration turned to Jamaludin et al.’s method [109], which synthesizes
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Figure 2.1: a) The architecture of the proposed child avatar prototype includes: the Visual
Module (frontend built with Unity 3D and Oculus Quest 2), the Auditory Module (IBM
Watson APIs for STT and TTS), and the Language Module (backend dialogue system
using Rasa). b) Screenshots of the virtual environment demonstrating user interviews
with the child avatar.

lip movements from audio inputs and still images. While promising, re-implementing

this approach revealed technical hurdles specific to child avatars. Generating realistic

animations required extensive datasets of child facial expressions and computationally

intensive tuning to maintain fidelity across diverse emotional states. Challenges included

achieving real-time processing speeds, ensuring frame-perfect alignment between audio

and visual components, and mitigating the uncanny valley effect, a phenomenon where

near-realistic avatars evoke discomfort due to subtle imperfections [62]. Additionally,

scalability emerged as a concern, as resource-intensive rendering pipelines posed barriers

to deployment in resource-constrained environments such as CPS offices. These findings

underscored the necessity for custom solutions tailored to child-specific requirements.

Key innovations included the development of adaptive rendering pipelines optimized for

real-time performance, the curation of child-centric facial expression datasets, and the

integration of lightweight models to reduce computational overhead.

Building on Article I, Article II [110] advanced the child avatar system by creating

a fully automated, AI-driven solution for VR-based investigative interviews. We tackled

three core challenges outlined in Article I:
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• Realistic and responsive avatar behavior: The system employed the open-source

Unity Multipurpose Avatar (UMA) framework [111] to create customized child

avatars by merging meshes and textures. To synchronize audio with avatar move-

ments, the Unity game engine asset SALSA LipSync Suite [112] was used, enabling

coordinated lip-sync, head, and eye motions. These features contributed to a more

lifelike and engaging interaction. As illustrated in Figure 2.1, the system’s archi-

tecture integrated multiple components: dialogue functionality was driven by the

Rasa open-source NLP framework [113], integrated with IBM Watson’s cloud-based

STT and TTS services [114]. While cloud dependencies introduced some latency,

the delay was found to be tolerable, as it mirrored the natural hesitations typical of

real child responses in investigative contexts.

• Cohesive integration of advanced technologies: Unlike prior systems based on scripted

or pre-recorded interactions, this iteration implemented an end-to-end autonomous

pipeline. Speech input from the user was transcribed, interpreted using a hybrid

rule-based and NLP engine, and then converted into synthesized speech and avatar

animations. This eliminated the need for human operators or manually selected

video clips, thereby improving scalability and reducing operational complexity.

• Practical feasibility for CPS: The system’s practical applicability was evaluated

through a user study involving 11 participants, including CPS professionals and

child welfare students, as reported in [110]. Each participant conducted two simu-

lated investigative interviews with the VR-based child avatar system. This repeated-

interaction design allowed participants to first familiarize themselves with the vir-

tual environment and then demonstrate improved performance and engagement in

a second session. Quantitative results showed a notable increase in overall Quality

of experience (QoE) between the two sessions, with mean scores rising from 3.62 to

3.92 on a 5-point Absolute Category Rating (ACR) scale (where 1 = “Bad” and 5

= “Excellent”). Participants also reported a statistically significant improvement in

perceived system responsiveness (from M = 2.78 to M = 3.18, p = .01), despite the

somewhat unnatural requirement of pressing a button to activate dialogue input.

Qualitative feedback further indicated that the experience was perceived as immer-

sive, relevant, and pedagogically beneficial, supporting the system’s feasibility for

integration into real-world CPS training contexts.
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By resolving these challenges, Article I and Article II directly addressed RO-1 by

mapping the technical and practical barriers to developing lifelike child avatars for in-

vestigative interview training with children. While off-the-shelf tools provided a starting

point, our findings showed that achieving the required levels of realism, synchronization,

and scalability necessitated tailored, domain-specific innovations. Through iterative de-

velopment and evaluation, the system matured into a functional prototype capable of

delivering immersive and context-aware training. Importantly, qualitative feedback from

CPS professionals during the user study consistently emphasized that visual realism was

the single most critical factor influencing the perceived effectiveness and authenticity of

the system. This directly supports the research objective RO-1, reinforcing that achiev-

ing age-appropriate and emotionally coherent realism is not merely a technical aspiration,

but a core requirement from the perspective of end-users. The prioritization of realism by

domain experts validates the design direction and underscores its centrality in fostering

trust, engagement, and successful skill transfer.

2.2 Visual Realism and User Acceptance

In addressingRO-2, which focused on investigating how varying the visual realism of child

avatars influences the learning experience and user acceptance, four key sources, Article

III [115], Article IV [116], the master thesis by Samaneh [103] (which we supervised),

and Article VII [117] provide complementary insights.

Building on earlier theoretical frameworks of avatar perception (Section 1.1.4.1), Arti-

cle III and Article IV examined differences between stylized and photorealistic avatars for

training professionals in investigative interviews with children, while the master thesis by

Samaneh expanded these findings through a systematic comparison of user experiences

across diverse visual styles. Complementing these studies, Article VII explores how vi-

sual realism influences user engagement and empathy within both 2D and 3D training

contexts.

In particular, we compared stylized avatars developed using a game engine with pho-

torealistic talking-head models generated by recent advancements in AI-driven generative

models, including but not limited to GANs. These talking-head systems synthesize dy-

namic, photorealistic facial animations from static portrait images, using input signals
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(a) Example of a photorealistic character generated using StyleGAN [118] (left), which
served as input for the talking-head models, and a stylized avatar created using the
Unity game engine (right). These two avatar types were directly compared in the user
study presented in Article III.

   

(b) Example of three avatar styles: a photorealistic character generated using Style-
GAN [118] (left), and two stylized variants produced using Toonify [119], one in car-
toon style (center) and one in painted style (right). Adapted from the master thesis
by Samaneh [103].

Figure 2.2: Representative examples of avatar appearance across different realism levels,
ranging from stylized to photorealistic.

such as audio, text, or video. Their primary objectives include achieving accurate lip syn-

chronization, naturalistic head movements, and emotionally expressive facial cues. While

many approaches employ an audio-driven paradigm, mapping speech signals directly to

facial motion, others utilize reference video sequences (video-driven) to extract motion

cues or rely on textual input (text-driven) to guide animation.

Our stylized avatars were created using the standard pipeline provided by modern

game engines, specifically Unity. This pipeline enables extensive parametric control over

facial geometry, surface textures, and physics-based simulations, supporting a high de-

gree of real-time interactivity. These features allow developers to design expressive and

customizable avatars with reliable performance across diverse use cases. In our study,

this game engine-based approach was contrasted with photorealistic outputs produced

by three state-of-the-art AI-driven generative models: PC-AVS [120], MakeItTalk [121],

and LSP [122]. Each model adopts a distinct strategy, including implicit modularization
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of audiovisual features, landmark-driven animation, and real-time re-targeting of facial

movements.

Figure 2.2a illustrates the visual contrast between a stylized avatar generated in Unity

and a photorealistic character synthesized using StyleGAN [118], which served as input for

the talking-head models. All visual materials were selected and processed in accordance

with ethical guidelines, including measures to avoid gender stereotyping and to ensure

that all identities remain anonymous and unrecognizable.

Building on established theoretical frameworks of avatar perception, Article III and Ar-

ticle IV report on a user study designed to evaluate how visual realism, facial expressive-

ness, and synchronization accuracy influence user acceptance, immersion, and perceived

authenticity. The study involved 39 participants who were asked to watch and rate 28

short video clips of child avatars—both stylized and photorealistic across four core dimen-

sions: (1) Realism in Talking, (2) Realism in Appearance, (3) QoE, and (4) Accuracy of

Lip Sync.

In addition to the quantitative ratings collected after each video, participants com-

pleted a post-test questionnaire in which they indicated their preferences across four

dimensions: (Q1) most realistic appearance, (Q2) most liked overall, (Q3) most realistic

talking, and (Q4) preferred avatar for conversational interaction. As shown in Table 2.1,

photorealistic avatars were most frequently selected for appearance, overall preference,

and talking realism. However, stylized avatars were slightly preferred for conversational

use, despite scoring lower in perceived realism. These findings highlight the nuanced rela-

tionship between visual fidelity and user engagement, suggesting that higher realism does

not necessarily correspond to increased user preference in interactive contexts.

Table 2.1: Post-test questionnaire items with corresponding participant vote counts com-
paring photorealistic avatars (generated via AI-driven models) and stylized avatars (ani-
mated using Unity).

Question photorealistic stylized Winner

Q1 (Most realistic appearance) 25 14 photorealistic (by 11 votes)
Q2 (Most liked overall) 23 16 photorealistic (by 7 votes)
Q3 (Most realistic talking) 23 16 photorealistic (by 7 votes)
Q4 (Preferred for conversation) 19 20 stylized (by 1 vote)

Although photorealistic avatars received higher ratings for appearance and talking

realism, they occasionally evoked discomfort among participants due to subtle visual arti-
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facts and imperfect motion. This effect is consistent with the Uncanny Valley hypothesis.

In their qualitative feedback, several respondents described a sense of unease when in-

teracting with near-photorealistic child avatars, particularly when facial expressions or

movements appeared unnatural or lacked coherence. In contrast, the stylized avatars de-

veloped using Unity, while less realistic in visual fidelity, were frequently perceived as more

approachable and emotionally comfortable. Post-test responses indicated that nearly half

of the participants preferred stylized avatars for conversational use (see Table 2.1). This

preference may be attributed to reduced visual distraction and an increased ability to

concentrate on the dialogue content, as suggested by several qualitative comments.

From a technical perspective, while talking-head models occasionally achieved highly

realistic single-frame outputs, their performance in real-time interaction was limited by

issues such as imperfect lip synchronization, unnatural head movements, and inconsistent

emotional expressiveness. Even minor synchronization errors were noted as disruptive to

the overall experience, underscoring the importance of behavioral realism and responsive-

ness alongside visual fidelity.

The study also compared synthetic voices (e.g., IBM Watson TTS) with natural hu-

man recordings to assess perceived authenticity. Results showed no significant difference

in user ratings, suggesting that high-quality synthetic voices can be both realistic and op-

erationally efficient for training applications. Furthermore, matching the avatar’s gender

with the voice type was not deemed essential for maintaining immersion. In particular,

several participants found that female-sounding synthetic voices were acceptable—even

for male child avatars—so long as clarity and lip synchronization were preserved.

The master’s thesis by Samaneh Taghizadeh (2023) [103] presents a detailed evalu-

ation of various state-of-the-art generative models for talking-head synthesis, including

MakeItTalk [121], First Order Motion [123], and PC-AVS [120]. These models were used

to generate child avatars in three distinct visual styles: original (photorealistic), cartoony,

and painted, as displayed in Figure 2.2b. They were assessed through a user study ex-

amining aspects such as realism, lip-sync accuracy, and overall user experience. Contrary

to expectations based on the uncanny valley hypothesis, the study found no statistically

significant differences in user preference, comfort, or perceived QoE across the different

styles. While original-style avatars received slightly higher ratings in lip-sync accuracy

and realism, statistical analyses such as repeated-measures ANOVA confirmed that visual
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style did not significantly influence overall user perception. Instead, the quality of the

underlying generative model, particularly in terms of synchronization accuracy and nat-

ural head motion, was the most decisive factor in shaping the user experience. Notably,

the PC-AVS model consistently outperformed the others across all evaluated features.

The thesis concludes that the ability of a model to preserve identity and align effectively

with vocal cues is more important for positive learning outcomes than the level of visual

realism alone.

Moreover, while Article VII primarily focuses on comparing 2D and 3D training plat-

forms (as discussed in Section 2.3), its empirical analysis also yields important insights

into how the visual realism of child avatars affects user acceptance and the overall learn-

ing experience. A central finding reveals that empathy elicitation was not predominantly

driven by visual fidelity but rather by the quality of dialogue interactions. SEM demon-

strated that response relevance (β = 0.302, p = 0.012) and detailed responses (β = 0.235,

p = 0.015) significantly outweighed visual realism in fostering empathetic engagement.

This indicates that natural language interaction and contextual realism may significantly

outweigh purely photorealistic visual elements in eliciting emotional responses, or possi-

bly that the current level of visual fidelity was insufficiently developed to reliably evoke

empathy through visual means alone.

Despite the secondary role of visual fidelity in empathy, its contribution to perceived

training effectiveness remains significant. SEM analysis revealed a strong positive re-

lationship between visual realism and training comparability (β = 0.311, p = 0.038),

indicating that realistic avatar gestures, lip-syncing, and environmental details reinforced

participants’ perception of the simulation’s authenticity relative to human-led training.

However, qualitative feedback exposed critical limitations: disproportionate avatar fea-

tures (e.g., mature bodily proportions) and unnatural hand movements (e.g., “floating

awkwardly”) disrupted immersion. This suggests that photorealistic designs risk am-

plifying subtle imperfections, potentially triggering uncanny valley effects. Conversely,

semi-realistic avatars—retaining key expressive features while abstracting non-essential

details—could mitigate discomfort while preserving functional realism.

The study also identified scenario-dependent variations in non-verbal cue perception.

Hand movement realism differed across scenarios (sexual abuse versus physical abuse) at

the conventional threshold for statistical significance (p = 0.050). This borderline signifi-
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cance suggests a trend-level effect that aligns with qualitative observations but warrants

replication in larger samples. Participants interpreted repetitive or incongruent gestures

as indicators of the avatar’s emotional state, such as anxiety or reluctance, even when

animations were imperfect. This implies that visual realism requirements may vary with

training objectives: photorealistic avatars could enhance sensitivity training for high-

stakes scenarios, while stylized designs might suffice for routine skill practice.

Moreover, visual fidelity further correlated strongly with flow (β = 0.464, p = 0.004),

with high levels of visual realism significantly contributing to increased immersion, en-

gagement, and sustained attention. This reinforces the key role of immersive visuals

in maintaining a sense of flow, a factor central to effective learning in virtual training

scenarios.

Finally, familiarity with VR technologies influenced participants’ perceptions signifi-

cantly. Users who were more accustomed to VR reported higher comfort levels with avatar

interactions and system interfaces (p = 0.046), suggesting a distinct learning curve for

users unfamiliar with immersive technologies. Thus, when implementing training systems

with varying realism, user familiarity and comfort with VR may mediate their acceptance

and overall effectiveness.

In sum, the findings presented across multiple studies demonstrate that visual realism

plays a multifaceted role in shaping user acceptance and the effectiveness of avatar-based

training. While photorealistic avatars may enhance perceived authenticity and visual en-

gagement, their benefits are contingent on technical precision, particularly in synchroniza-

tion and expressiveness. Minor imperfections often led to discomfort, reinforcing concerns

around the Uncanny Valley effect. Conversely, stylized avatars, though less realistic, were

frequently perceived as more approachable and emotionally comfortable, especially for

conversational tasks. Beyond this distinction, however, users consistently emphasized the

importance of quality and stability. Clear, smooth avatars without visual glitches were

rated as more effective than those with higher realism but lower perceptual consistency.

Importantly, user feedback and empirical results highlight that behavioral realism, sys-

tem responsiveness, and emotionally coherent interactions outweigh mere visual fidelity

in determining training efficacy. This suggests that an optimal design strategy balances

realism with usability, tailoring avatar appearance to training objectives and user ex-

pectations. Therefore, for immersive training environments targeting sensitive contexts
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such as investigative child interviews, a hybrid approach that emphasizes emotional au-

thenticity, interaction quality, and moderate realism appears most conducive to fostering

engagement and supporting skill acquisition, effectively addressing the goals of RO-2.

2.3 2D vs. 3D: Comparative Effectiveness

VR technology has increasingly been adopted across diverse fields including education,

training, and psychology, primarily due to its capacity to deliver a heightened sense of

immersion and engagement compared to traditional two-dimensional (2D) media. Pre-

vious studies have identified substantial advantages of VR environments, highlighting

enhanced spatial representation, deeper user engagement, and greater emotional realism,

which can facilitate effective learning outcomes [124, 125, 126, 127]. Specifically, VR’s

immersive nature has been shown to improve learners’ understanding and recall of com-

plex 3D structures by providing realistic, dynamic visual cues and spatial interactions

not achievable in conventional 2D environments [127]. However, despite these advan-

tages, empirical evidence suggests that increased immersion provided by VR can also lead

to heightened physiological arousal independent of content type, potentially introducing

discomfort or distraction during prolonged usage [125]. Therefore, a comprehensive evalu-

ation of VR compared to traditional 2D delivery methods remains essential for identifying

contexts where VR significantly enhances educational effectiveness and engagement with-

out compromising usability or comfort, alongside evaluations of other critical aspects such

as empathy elicitation, visual fidelity, nonverbal cue interpretation, and scenario-specific

realism across both environments. Therefore, to address RO-3, which aims to evaluate

the comparative effectiveness of 2D and 3D training environments, the empirical studies

conducted in Article V [128], Article VI [129], and Article VII [117] serve as the primary

analytical foundation for achieving this RO.

In Article V, the system under investigation offered four distinct modes of interaction:

text-only, audio-based, 2D desktop, and 3D VR conditions. The main focus of the study

was to examine how visual fidelity and interactivity impacted training, with particular

emphasis on the comparison between 2D desktop and 3D VR environments. In this

preliminary study, twenty-one participants, primarily professionals in child welfare or

investigative interviewing, interacted with a simulated child avatar in sessions lasting
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approximately ninety seconds across the different modes. The study measured factors

such as presence, flow, realism, responsiveness, and perceived learning engagement using

standardized questionnaires, while short semi-structured interviews provided additional

insights into participant impressions. Although participants generally rated the 3D VR

environment higher for presence and flow, there was no significant difference between the

two settings in terms of overall QoE or the quality of the questions asked. Qualitative

feedback highlighted that while the stronger sense of immersion in VR was appealing

to many participants, the comfort and simplicity of tasks like note-taking were more

manageable in the 2D environment.

Building upon these initial findings, Article VI and Article VII, as extended versions

of the same study, conducted an in-depth comparative analysis of 2D desktop and 3D

VR environments to evaluate their effectiveness in training professionals for child inves-

tigative interviews. 36 participants, including child welfare professionals and individuals

with academic backgrounds in psychology, criminology, or related fields, engaged with

an AI-driven child avatar across both environments using a repeated-measures design.

The study employed psychometrically validated questionnaires, mixed-effects models, and

SEM to assess various aspects such as immersion, flow, usability, emotional engagement,

and training comparability. Results revealed distinct advantages and limitations for each

modality. The mixed-effects analysis, the detailed results of which are presented in Table

2.2, showed that the 3D VR environment significantly enhanced immersion and emotional

resonance, with participants reporting stronger feelings of presence and spatial realism.

Realistic hand and body movements in VR contributed to a heightened sense of interacting

with a child in a shared physical space, fostering cognitive absorption and temporary dis-

connection from the real-world environment. These immersive qualities were particularly

effective in eliciting emotional connections to the avatar, suggesting potential benefits for

simulating the stress and sensitivity of real-life interviews.

However, the VR environment faced notable usability challenges. Participants fre-

quently reported physical discomfort, including eyestrain, headaches, and motion sickness,

especially during prolonged use. In contrast, the 2D desktop setup was consistently rated

higher for ergonomic comfort and practicality, particularly for note-taking and extended

training sessions. Despite its lower immersion, the desktop environment’s accessibility

and ease of use made it preferable for routine practice. Advanced statistical analyses, in-
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Table 2.2: Results of Mixed Effects Analysis Examining the Impact of Environment (2D
vs. 3D VR), Story Variation, Expertise as investigative interviewers, and Familiarity with
VR on User Experience. Cells with blue highlights indicate statistically significant results
(p-value ≤ 0.05).

Environment Story Expertise VR Familiarity
Questions Coef P-Value Coef P-Value Coef P-Value Coef P-Value
Engagement 0.574 0.008 -0.049 0.837 -0.075 0.641 0.219 0.413
Immersion 1.142 0.000 0.018 0.938 -0.047 0.773 0.288 0.288
Concentration 0.387 0.050 -0.01 0.962 -0.162 0.197 0.117 0.571
World Forgetfulness 0.586 0.017 -0.272 0.317 -0.314 0.078 -0.085 0.772
Equipment Comfort -0.912 0.000 -0.117 0.612 0.066 0.645 0.193 0.414
Avatar Interaction Comfort 0.121 0.473 -0.233 0.213 0.089 0.482 0.416 0.046
Interface Usability -0.200 0.223 -0.315 0.099 -0.138 0.322 -0.051 0.826
Technical Difficulty -0.003 0.992 -0.014 0.963 -0.196 0.300 0.482 0.123
Ease of Future Use -0.466 0.022 -0.11 0.641 -0.139 0.419 0.253 0.374
Appearance Fidelity 0.206 0.225 0.058 0.786 -0.109 0.556 0.267 0.386
Environment Fidelity 0.685 0.000 0.092 0.661 0.190 0.242 -0.136 0.615
Hand Movement Perception 0.416 0.022 -0.431 0.050 -0.135 0.429 -0.104 0.714
Movement Quality 0.238 0.057 0.081 0.618 -0.024 0.896 0.220 0.478
Lip Sync Accuracy 0.06 0.654 -0.265 0.106 0.18 0.212 -0.096 0.689
Facial Expression Fidelity 0.272 0.065 -0.175 0.334 -0.066 0.680 0.051 0.846
Overall Realism Perception 0.263 0.128 -0.078 0.681 0.054 0.671 0.247 0.241
Emotional Response Perception 0.230 0.256 0.185 0.412 -0.027 0.850 0.067 0.779
Emotional Reaction Realism 0.161 0.208 -0.028 0.862 0.048 0.760 0.337 0.199
Emotion-Content Match 0.106 0.576 0.119 0.587 0.067 0.672 -0.084 0.747
Empathy Elicitation 0.104 0.596 -0.034 0.883 -0.218 0.222 -0.337 0.254
Training Comparability 0.687 0.001 -0.038 0.879 -0.211 0.247 0.005 0.988
Tool Inclusion Recommendation 0.227 0.135 -0.118 0.508 -0.015 0.910 0.070 0.749

cluding SEM, further clarified that empathy toward the child avatar was more strongly in-

fluenced by the quality of dialogue, such as relevance, age-appropriateness, and emotional

authenticity, than by environmental immersion alone. This underscored the importance

of refining AI-driven dialogue systems to ensure coherent and contextually appropriate

interactions, regardless of the modality used.

Professional expertise emerged as a key moderating factor. Experienced interviewers,

familiar with real-world child behaviors and best practices, derived comparable train-

ing value from both environments, focusing on substantive interaction quality rather than

immersive realism. Novices, however, benefited more from VR’s ability to replicate the im-

mediacy of face-to-face interviews, highlighting its value for situational awareness training.

Notably, neither environment significantly influenced adherence to evidence-based ques-

tioning techniques, such as the use of open-ended questions, indicating that interview

quality depended more on user expertise and dialogue coherence than on modality.

Overall, the comparative analysis highlights the complementary strengths and lim-

itations of each environment. The 3D VR environment excels at fostering immersion,

engagement, and emotional realism, making it particularly suitable for training sessions

that require emotional intensity and the replication of real-world complexities. Conversely,

the 2D desktop environment offers key advantages in terms of usability, comfort, and ease
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of interaction, making it ideal for longer, routine training sessions focused on mastering

interview techniques. These findings, which directly inform the conclusions for RO-3,

suggest that an optimal approach for training child welfare professionals and law enforce-

ment officers would involve a hybrid or adaptive system that integrates both VR and 2D

modalities, using VR for short, high-impact training sessions and 2D for prolonged prac-

tice and mastery of core skills. By strategically combining these environments based on

the specific goals and context of the training, programs can maximize learning outcomes

and enhance the effectiveness of investigative interview training with children.

2.4 Refining Talking-Head Models

The RO-4 addresses the refinement of talking-head generation models through advance-

ments in AFE techniques to optimize responsiveness, realism, and technical scalability for

practical deployment in real-world training applications, such as investigative interview

simulations. A primary motivation behind this objective is the recognition that existing

talking-head systems typically suffer from substantial latency and synchronization issues,

critically undermining user immersion and realism during interactive avatar interactions.

Furthermore, achieving high perceptual fidelity requires photorealistic avatar rendering

methods, which are best realized through AI-driven generative frameworks, given the

limitations of conventional game-engine avatars.

Recent advancements in audio-driven portrait animation have remarkable visual fi-

delity through various methodologies. For instance, the Hallo2 [130] portrait image anima-

tion achieves 4K resolution and hour-long animations by integrating vector quantization

and temporal alignment techniques. Similarly, EMO [131] employs a direct audio-to-

video synthesis approach, bypassing intermediate 3D models to produce expressive and

lifelike talking head videos. EchoMimic [132] introduces editable landmark condition-

ing, enabling the generation of realistic animations driven by audio inputs. Additionally,

TANGO [133] utilizes a motion graph-based retrieval framework combined with diffusion-

based interpolation to generate co-speech body-gesture videos synchronized with target

speech audio. While these models achieve remarkable visual quality, they often require

substantial computational resources, posing challenges for real-time applications.
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(a) System architecture of the interactive child avatar, detailing the integration of key modules:
(1) Listening, (2) STT, (3) Language Processing, (4) TTS, (5) AFE, (6) Frames Rendering,
and (7) Audio Overlay. This setup simulates natural conversation, allowing the user to interact
with the avatar as if communicating with a real person.

(b) User interaction with the child
avatar system.

Figure 2.3: System architecture and user interaction with the interactive child avatar.

Recent approaches have attempted to reconcile the trade-off between quality and speed

by exploring hybrid solutions and architecture-level optimizations. For example, some

lightweight neural vocoders and frame interpolation techniques have shown potential in

accelerating lip-sync generation without heavily compromising fidelity. Yet, empirical ev-

idence indicates that transformer-heavy models such as Wav2Vec 2.0 [2] and HuBERT [3],

while highly expressive, introduce substantial processing overheads due to their deep ar-

chitectures and attention mechanisms. As a result, their deployment in latency-sensitive

applications like live avatar simulations remains limited. Conversely, streamlined models

such as Whisper [4] offer a compelling alternative by balancing performance and com-

putational efficiency. Notably, Whisper’s encoder design, optimized for multilingual and

43



Chapter 2. Research Contributions and Discussion

multitask transcription, enables it to extract high-fidelity audio features at significantly

reduced latency. This positions Whisper as an ideal candidate for real-time AFE in ap-

plications where rapid response and scalability are critical, such as investigative training

with photorealistic avatars.

To address this, in Article VIII we developed and empirically evaluated a fully inte-

grated interactive child avatar system incorporating several key improvements (see Figure

2.3). Notably, this architecture includes optimized modules for STT, TTS, and a more

effective Language Processing model leveraging GPT prompt engineering. Compared to

earlier versions detailed in prior developed system, these improvements significantly im-

prove the speed and effectiveness of real-time interactions. Moreover, we integrated two

leading real-time avatar rendering frameworks (RAD-NeRF [134] and ER-NeRF [135])

with a range of AFE models—including Deep-Speech 2 [1], Wav2Vec 2.0 [2], HuBERT [3],

and Whisper [4] in a comprehensive evaluation (Figure 2.4).
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Figure 2.4: Execution time comparison of different AFE models, including Deep-
Speech [1], Wav2Vec [2], HuBERT [3], and Whisper [4].

Our experimental analyses clearly highlighted Whisper’s superior performance. Whis-

per’s streamlined encoder-decoder architecture demonstrated remarkably lower inference

times compared to competing methods (as illustrated in Figure 2.4), substantially improv-

ing the overall responsiveness of the avatar interactions. Specifically, Whisper achieved an

approximately 80–90% reduction in processing latency relative to Deep-Speech, Wav2Vec,

and HuBERT, without compromising rendering quality or synchronization accuracy. These
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reductions in inference time directly translated into smoother, more naturalistic lip syn-

chronization and overall more realistic visual portrayals, reinforcing Whisper’s practical

utility for scalable deployment in real-time interactive environments.

An additional significant finding from our analysis was that Whisper’s efficiency made

it uniquely suitable for real-world deployment scenarios, including resource-constrained

hardware typical of virtual training environments. These results validate the necessity

and effectiveness of our optimized audio processing pipeline in supporting photorealistic

and interactive avatar representations.

Ultimately, the integration of Whisper within our refined interactive avatar system

effectively resolved key limitations outlined in RO-4, providing a scalable, responsive,

and realistic solution for practical deployment. By enhancing AFE, we significantly im-

proved avatar realism and interaction fluidity, demonstrating the feasibility of deploying

sophisticated, AI-generated photorealistic avatars for realistic and effective investigative

interview training with children.

2.5 Emotional Expressiveness in AI Avatars

Emotional expressiveness in AI avatars represents a pivotal frontier in affective computing.

This field bridges advancements in NLP and multimodal systems to enable machines to

approximate human-like emotional intelligence [136, 137, 138, 139]. While early research

in this domain concentrated on detecting and modeling emotional cues, recent efforts have

shifted towards the dynamic expression and adaptation of these emotions in avatars. The

significance of such capabilities is particularly pronounced in high-stakes interactions, such

as child forensic interviews, where context-sensitive emotional displays can substantially

influence user perceptions and overall system effectiveness. Within this dissertation, RO-

5 extends the investigation into emotionally expressive AI-driven child avatars by not

only highlighting their importance for training realism and empathy, but also addressing

the technical and perceptual challenges of real-time multimodal emotion integration.

Initial findings from Article IV and Article VII highlighted the importance of emotional

expressiveness in child avatars, particularly from a user experience perspective. Building

on these findings, Article IX provided a comprehensive investigation into the technical

and perceptual challenges of achieving real-time, multimodal emotional integration.
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The emotion classification component developed in Article IV contributes to RO-5

by integrating dynamic emotional modeling into AI-driven child avatars. This research

leveraged BART [140] and GPT-3 [141] to analyze textual transcripts from mock inter-

views. A sliding window approach (3–15 sentences) was employed to balance localized and

contextual emotion detection. A key finding was that reducing the emotion taxonomy

from seven to four categories (joy, sadness, anger, fear) significantly improved reliabil-

ity, elevating the Intraclass Correlation Coefficient (ICC) from 0.537 (moderate) to 0.788

(substantial agreement). While GPT-3 demonstrated superiority in contextual reason-

ing (e.g., detecting fear in multi-turn dialogues), BART performed better on standalone

sentences. However, the study also found that threshold-based window resets could dis-

rupt accuracy by overemphasizing isolated cues, underscoring the complexity of balancing

abrupt emotional shifts with contextual coherence.

This study ( Article IV) highlights the challenges in achieving fluid emotional adapt-

ability, especially in sensitive interactions where limited contextual awareness of inter-

viewer prompts can lead to misclassifications. Addressing these gaps necessitates the

development of multimodal datasets that combine text, audio, and visual cues to enhance

affective modeling. This work establishes foundational insights for creating emotionally

responsive avatars, advocating for simplified taxonomies and context-aware frameworks,

while also emphasizing the need to overcome data scarcity and the computational trade-

offs inherent in replicating nuanced human-like emotions.

From a broader human-computer interaction (HCI) perspective, anthropomorphism

in digital avatars is linked to enhanced user engagement, credibility, and satisfaction [142,

143, 144, 145]. Emotion itself is conceptualized as both a mental feeling and a physio-

logical arousal [146, 147]. Congruently, prior research in virtual therapy and education

indicates that insufficiently expressive avatars may lead to misunderstandings or dimin-

ished rapport [148, 149].

Further supporting these points, Article VII provides evidence that limited emotional

expressiveness remains a substantive issue for AI-driven child avatars, even with im-

proved immersion and visual fidelity. Quantitative results from this study demonstrate

that the perceived realism of facial reactions and body language directly affects user expe-

rience. SEM revealed that poorly executed emotional cues could negatively shape partic-

ipants’ recommendations for tool adoption (β = 0.254, p = 0.071). Conversely, empathy
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elicitation appeared more strongly driven by the dialogue system’s response relevance

(β = 0.302, p = 0.012) and response detail (β = 0.235, p = 0.015). This suggests that

high-quality verbal interaction can, at times, outweigh emotional expressiveness in foster-

ing user empathy. Qualitative feedback corroborated these findings: many participants

perceived the avatar’s affective displays as too muted or disconnected from distressing in-

terview content, thereby weakening authenticity and limiting the avatar’s practical utility

as a training tool. Moreover, technical barriers, such as a reliance on static animations,

were found to hinder the system’s responsiveness to rapidly shifting emotional dynamics.

When an avatar fails to accurately mirror micro-expressions or contextually relevant emo-

tional changes, particularly in delicate trauma-related scenarios, user skepticism regarding

the avatar’s authenticity and effectiveness increases.

Collectively, these findings underscore the necessity of integrating adaptive emotion

modeling, more granular affective taxonomies, and context-aware feedback into AI avatars

designed to simulate children in forensic interview training and related child-focused do-

mains. Refining emotional realism, whether through optimized emotional frameworks,

advanced speech synthesis, or reactive visual displays, can enable future avatar-based

platforms to better replicate the psychosocial complexity of child abuse cases, thereby

enhancing empathy, engagement, and training outcomes. The advancements detailed in

Article IV and Article VII highlight the paramount importance of emotional authenticity

in AI-driven child avatars. By aligning a targeted emotional taxonomy, focused on core

states like fear, sadness, and anxiety, with high-fidelity, context-aware animations, these

studies demonstrate that emotionally resonant design is essential for achieving realism

and trust. Emotional precision allows avatars to reflect the nuanced cues of real children,

which can deepen trainees’ empathic engagement and improve their ability to respond to

subtle emotional shifts during abuse-related interviews. Ultimately, dynamic emotional

frameworks reveal that effective training hinges not merely on visual accuracy but on the

capacity to evoke genuine emotional experiences.

Historically, early efforts in avatar development primarily revolved around 2D video-

based avatars [150, 151, 152]. These systems often produced rigid emotional outputs via

direct mappings between textual or speech inputs and animated expressions. While more

recent 3D parametric models, such as FLAME [153] , have enabled finer-grained control
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over facial shape and pose, even sophisticated systems like EMOTE [154] or EmoTalk [155]

continue to grapple with achieving high-fidelity emotional realism.
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Figure 2.5: Architecture for real-time emotionally expressive child avatars. PC1 processes
speech input (Google Cloud STT), generates responses (LLM), synthesizes speech (Ama-
zon Polly TTS), and extracts emotional parameters (NVIDIA Audio2Face) to drive facial
animation. PC2 renders a customizable Metahuman avatar (Unreal Engine) driven by
this real-time emotional data via Wi-Fi. The Live Link plugin ensures synchronization,
and Metahuman’s anatomical rigging enables nuanced expressions. Supports desktop and
VR environments.

Therefore, to address the limitations of prior emotional expression systems in AI

avatars, this research introduces and evaluates a novel real-time architecture, as pre-

sented in Article IX. This system fuses Unreal Engine 5 (UE5) MetaHuman software [70]

for rendering with NVIDIA Omniverse Audio2Face [71] to translate vocal prosody into

high-fidelity facial expressions on photorealistic child avatars. UE5’s advanced render-

ing pipeline, including features like Nanite geometry, the Lumen lighting system, and

subsurface scattering for realistic skin, excels in real-time performance and film-quality

visuals, essential for interactive and immersive systems. MetaHuman Creator allows for

the generation of fully rigged, customizable characters, whose expressions can be driven

by various inputs, including the audio-driven pipeline developed in this work.

This system leverages two core platforms: Unreal Engine 5 (UE5) MetaHu-

man [70] and NVIDIA Omniverse Audio2Face [71]. UE5 MetaHuman provides
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the foundation for high-fidelity avatar rendering, utilizing advanced real-time graphics

technologies like Nanite geometry, the Lumen lighting system, and subsurface scattering

to achieve film-quality, customizable, and fully rigged characters. Complementing this,

NVIDIA Omniverse Audio2Face serves as the generative AI engine, analyzing speech input

to automatically produce synchronized lip movements and expressive facial animations in

real-time. Audio2Face includes an intuitive character retargeting pipeline for seamless

integration with MetaHumans and offers fine-grained control over emotional expression

through facial action unit (FAU) adjustments and customizable emotion extraction set-

tings. Together, these platforms enable the creation of visually realistic avatars capable

of dynamic, audio-driven emotional expression suitable for interactive applications.

The implemented architecture, illustrated in Figure 2.5, utilizes a distributed two-PC

setup to decouple language processing and speech synthesis (PC1) from GPU-intensive

rendering (PC2), ensuring low-latency interaction. On PC1, user input is transcribed

via Google Cloud STT (leveraging models like Google’s foundation model Chirp for high

accuracy across diverse accents and acoustic environments, with support for multilin-

gual input), interpreted by an LLM (OpenAI’s ChatGPT) for response generation, and

converted to synthetic speech using Amazon Polly TTS, which offers lifelike multilin-

gual voices and allows customization of intonation, pronunciation, and speaking style.

Concurrently, NVIDIA Audio2Face analyzes the prosodic and spectral features of this

synthesized speech to derive frame-level emotional parameters (e.g., blendshape weights

or FAU activations for joy, fear, sadness). These parameters are transmitted via Wi-Fi

to PC2, where Unreal Engine 5’s MetaHuman framework renders a customizable child

avatar. The emotional data drives the avatar’s expressions in real-time via the Live Link

plugin, mapping parameters to the MetaHuman Control Rig. This distributed design,

while potentially subject to network or processing latencies, generally ensures low-latency

synchronization and enables dynamic adjustments to emotional intensity (0–1 scale), criti-

cal for observing subtle affective cues. By unifying generative audio-driven animation with

industry-standard character rendering, the system achieves significant emotional granu-

larity and scalability.

As part of our investigation into RO-5, which examines the feasibility and impact

of incorporating emotional expressiveness into AI-driven avatars through dynamic facial

emotion expression, a user study was conducted. This study focused on assessing emo-
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Figure 2.6: Example frames of the two avatars used in the user study: Amelia (female-
presenting) and Emory (male-presenting). The top row displays their neutral facial ex-
pressions. The bottom rows show expressions of joy (left) and sadness (right) for each
avatar, as used in the study.

tional clarity, facial realism, and empathic connection using two photorealistic MetaHu-

man avatars, Amelia and Emory (Figure 2.6), expressing joy, sadness, and anger. The

study employed a between-subjects design with N = 70 participants recruited via Pro-

lific, randomly assigned to either an audio+visual condition or a visual-only condition.

Participants viewed six counterbalanced high-definition video clips and rated them on

five-point Likert scales. In the audio+visual condition, speech was synthesized using two

TTS systems: OpenAI’s TTS∗ for the Emory avatar and NaturalReaders† for the Amelia

avatar. Voice selections were made by two researchers based on how well they matched

the avatars’ visual and emotional characteristics. While child-like voices were available,

young adult female voices were preferred, as the former were considered too juvenile for

avatars designed to resemble adolescents. This decision is further supported by prior re-

search [115], which found that female voices can effectively represent younger characters

in training contexts.

∗https://ttsopenai.com/
†https://www.naturalreaders.com/
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Figure 2.7: Mean ratings (M±SD) of emotional expressiveness across five emotions (An-
gry, Sad, Joy, Fear, Disgust) for the avatars Emory and Amelia, under both audio+visual
and visual-only conditions. Bars represent group means; values next to each bar report
the mean and standard deviation, while horizontal error bars indicate 95% confidence
intervals (CI). Each video clip is labeled on the left, with color-coded bars distinguishing
the experimental conditions. Green-highlighted boxes indicate target emotions critical for
the study’s recognition task.
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Table 2.3: Ordinal mixed-effects model results predicting emotion recognition accuracy.
Odds ratios (OR), 95% confidence intervals (CI), and p-values are reported. Significant
effects (p < .05) are highlighted. Reference levels: Avatar = Amelia, Condition = visual-
only, Emotion = intended. All model terms are interpreted as contrasts relative to these
reference levels.

term p.value OR OR low OR high

Emotion ̸= Intended 0.000 0.039 0.024 0.063

Audio+Visual 0.437 1.310 0.663 2.586

Avatar: Emory 0.002 0.202 0.073 0.562

Audio+Visual × Emotion ̸= Intended 0.976 1.010 0.547 1.864

Emotion ̸= Intended × Avatar: Emory 0.000 6.191 3.299 11.618

Audio+Visual × Avatar: Emory 0.000 4.045 1.931 8.472

3-way Interaction 0.000 0.212 0.091 0.493

Table 2.4: Results from the ordinal mixed-effects model predicting perceived realism of
avatars’ facial expressions. Odds ratios (OR), 95% confidence intervals (CI), and p-values
are presented. Significant effects (p < .05) are highlighted. Reference levels: Avatar
= Amelia, Condition = Audio+Visual, Scenario = Angry. All contrasts are interpreted
relative to these reference levels.

term p.value OR OR.lower OR.upper

Visual-only 0.526 1.568 0.391 6.294

Avatar: Emory 0.001 0.211 0.084 0.528

Scenario: Joy 0.722 0.850 0.348 2.077

Scenario: Sad 0.228 0.575 0.234 1.413

Visual-only × Avatar: Emory 0.055 3.584 0.972 13.208

Visual-only × Scenario: Joy 0.198 2.387 0.635 8.981

Visual-only × Scenario: Sad 0.023 4.554 1.232 16.829

Avatar: Emory × Scenario: Joy 0.216 2.254 0.622 8.165

Avatar: Emory × Scenario: Sad 0.875 1.108 0.310 3.963

Visual-only × Avatar: Emory × Scenario: Joy 0.081 0.188 0.029 1.225

Visual-only × Avatar: Emory × Scenario: Sad 0.115 0.229 0.037 1.433

Table 2.5: Results of mixed-effects cumulative-logit analyses comparing perceived realism
and empathy between audio+visual and visual-only conditions. Significant results (p <
.05) are highlighted.

term p.value OR OR low OR high

Realism

Audio+Visual vs. Visual-Only 0.038 0.258 0.072 0.925

Visual Appearance vs. Facial Expressions 0.765 0.865 0.333 2.246

Interaction: Audio+Visual × Visual Appearance 0.587 1.434 0.391 5.264

Empathy Audio+Visual vs. Visual-Only 0.397 0.693 0.295 1.614

This study highlights the essential role of audiovisual congruence in shaping partici-

pants’ emotion recognition accuracy and perceived realism when evaluating child-like AI
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avatars. Using an ordinal mixed-effects model (Table 2.3), the results showed that ac-

curate recognition significantly improved when the expressed emotion aligned with the

intended one (OR = 0.039, p < .001). Avatar morphology also had a substantial ef-

fect: participants were significantly more likely to misclassify Emory’s expressions than

Amelia’s (OR = 0.202, p = .002). This suggests that sharper facial features may reduce

emotional clarity.

Interestingly, while the addition of audio had no general effect on recognition, it signif-

icantly improved accuracy for Emory; the interaction between audio and avatar increased

his recognition odds fourfold (OR = 4.045, p < .001). Descriptive means (Figure 2.7)

support these findings: both avatars maintained near-ceiling accuracy for sadness and

joy, but Emory’s joy expression dropped by approximately 22% in the absence of sound,

indicating that vocal prosody is crucial when facial cues are ambiguous.

Perceived realism followed a complementary pattern. According to the odds-ratio es-

timates from Table 2.4, Emory’s expressions were judged to be significantly less lifelike

than Amelia’s (OR = 0.211, p = .001). Removing the audio track generally improved

realism ratings for low-arousal expressions. Notably, in the visual-only condition, the per-

ceived realism of Emory’s sad expression increased significantly (OR = 4.554, p = .023),

rising from 2.80 ± 0.90 to 3.43 ± 0.95 on the five-point scale. Similarly, Amelia’s sad

expression improved from 3.34 ± 1.00 to 4.00 ± 0.94. These results suggest that audiovi-

sual desynchrony—particularly in lip-sync or prosodic alignment—can reduce perceived

authenticity, and that silent presentations may mitigate such effects.

A broader post-exposure questionnaire (Table 2.5) further revealed that including

audio decreased the likelihood of avatars being rated as highly realistic by approximately

74% (OR = 0.258, p = .038). However, this manipulation did not significantly affect

empathic engagement (OR = 0.693, n.s.). In the audiovisual condition, realism judgments

were primarily driven by voice tone, while in the visual-only condition, attention shifted

toward facial detail. Participants appeared to shift their attention from auditory cues

to facial detail when audio was absent, which may explain why realism ratings improved

despite stable levels of empathy.

Taken together, these findings underscore that emotion recognition and perceived re-

alism are highly sensitive to the alignment of voice, facial expression, and avatar design.

In scenarios where perfect audiovisual synchronization cannot be ensured—particularly
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for subtle, low-arousal emotions such as sadness—silent facial presentations can preserve

credibility without diminishing empathic connection.

Conversely, high-arousal states like anger or emphatic joy require tightly synchronized

audiovisual input to avoid misinterpretation. These outcomes support a flexible training

protocol for RO-5, in which silent-face drills enhance sensitivity to static cues, while

audio-enhanced scenarios reflect real-world complexity. Such an adaptive approach allows

for tailoring emotional intensity and modality based on avatar morphology and expression

type.

2.6 AI-Driven Visual Avatars for Effective Training

To address the core research question: “How can AI be used to develop a visually

realistic child avatar-based system for investigative interview training with

children?”. This thesis systematically advances five ROs (RO-1 to RO-5), each con-

tributing distinct yet interconnected insights. Rather than reiterating findings detailed in

preceding sections, this synthesis highlights how these objectives collectively address the

overarching challenge.

RO-1 (Section 2.1) by establishing the technical foundation, resolving multimodal in-

tegration challenges (NLP, STT/TTS, visual synthesis) to enable scalable, real-time child

avatars. RO-2 (Section 2.2) revealed the importance of balancing anatomical accuracy

and abstraction. This balance helps optimize user acceptance while avoiding uncanny val-

ley effects. RO-3 (Section 2.3) demonstrated complementary strengths of 2D and 3D en-

vironments, advocating for hybrid training strategies: immersive VR for empathy-driven

scenarios and 2D interfaces for procedural mastery. RO-4 (Section 2.4) achieved latency

reductions of 80–90% through Whisper-based AFE, ensuring seamless audio-visual syn-

chronization critical for realism. Finally, RO-5 (Section 2.5) emphasized the central role

of emotional expressiveness in interpreting psychosocial cues. Building on prior insights,

Article IX introduced and evaluated a real-time multimodal system that significantly

advanced how speech prosody and tone are translated into expressive facial animation,

while also identifying key perceptual and technical challenges in achieving emotionally

believable avatars.
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Collectively, these contributions demonstrate that effective AI-driven training sys-

tems require not only technical robustness but also user-centered design suited to the

real-world demands faced by CPS and law enforcement agencies. By harmonizing visual

fidelity, environmental immersion, real-time responsiveness, and emotional granularity,

the research establishes a paradigm for realistic yet adaptable avatars. In practical terms,

this strengthens the skill sets of investigative teams: immersive simulations help practi-

tioners refine age-appropriate questioning techniques, gain familiarity with the nuances

of nonverbal cues, and apply evidence-based interview frameworks more consistently.

Beyond enhancing professional competencies, these improvements can have a direct,

positive effect on children. When interviewers are better equipped to handle challenging

conversations, the likelihood of gathering clear, reliable testimonies increases. This is

particularly vital in cases with little or no physical evidence, as highlighted in Section 1.1.

More accurate disclosures help reduce unnecessary re-interviews and lessen the trauma

children experience throughout the investigative process. Importantly, scaled-up and

standardized training also addresses organizational constraints. The systems described

here can reduce reliance on full-scale role-plays with trained actors and mitigate disparities

in training quality across different regions and agencies.

From a broader societal viewpoint, more efficient, empathetic, and evidence-based

interviews facilitate earlier interventions, improve child welfare outcomes, and help lower

the staggering economic and social costs linked to child abuse. Future work must continue

to refine affective modeling and integrate hybrid learning environments. By offering a

foundational framework, this thesis paves the way for more accessible, engaging, and

ultimately transformative investigative interview training with children.

While initial design iterations benefited from feedback provided by CPS professionals,

their direct involvement in later development phases was limited. This reduces the ex-

tent to which the current findings can be generalized to practical training contexts and

highlights the need for stronger stakeholder engagement in future evaluations.
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Chapter 3

Conclusion and Future Work

3.1 Conclusion

This thesis systematically addressed five interconnected ROs to provide comprehensive

insights into the central research question regarding the use of AI-driven child avatars for

effective investigative interview training with children.

Initially, RO-1 focused on identifying significant challenges and essential consider-

ations involved in the development of child avatar systems for investigative interview

scenarios. Findings indicate that integrating advanced dialogue generation, visual ren-

dering, and real-time interaction powered by AI is technically feasible and practically

viable, under the evaluated conditions. This was achieved by addressing key design chal-

lenges: ensuring age-appropriate and emotionally expressive avatars without falling into

the uncanny valley, synchronizing multimodal components (STT, TTS, NLP, and visual

rendering) in real time, and balancing high-fidelity rendering with system performance.

These trade-offs demonstrate both the feasibility of the system and the design constraints

that shaped its development. This combined approach successfully addressed limitations

encountered by previous avatar systems, such as dependency on prerecorded content or

human intervention, demonstrating significant potential for fully autonomous, scalable

training environments. Subsequently, RO-2 investigated how varying levels of visual

realism influence users’ learning experience and acceptance of child avatars. Empirical

evidence revealed that user preferences could not be reduced to a simple choice between

photorealistic and stylized avatars. While photorealistic avatars were often perceived as

more visually authentic and stylized avatars sometimes helped avoid the uncanny valley,
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what ultimately mattered most was the consistency and stability of the avatars. Clear,

smooth visuals without glitches or noise were rated as more effective, indicating that

perceptual clarity outweighed visual style in shaping acceptance and learning outcomes.

Building upon this, RO-3 conducted a detailed comparative analysis between 2D and

3D virtual training environments in terms of effectiveness, usability, and user perceptions

among CPS professionals. Results demonstrated that 3D virtual environments signifi-

cantly enhanced immersion, situational realism, and participant engagement compared to

their 2D counterparts. However, 2D platforms retained advantages in accessibility and

ease of use. Thus, selecting between these environments should strategically balance im-

mersive benefits against practical considerations, such as resource availability and training

context. Further refinement occurred through RO-4, aimed at developing and refining

talking-head avatar generation models through enhanced AFE, ensuring optimal technical

performance and scalability. By evaluating several state-of-the-art AFE techniques, the

research identified models capable of achieving high-quality real-time synchronization be-

tween audio inputs and avatar animations. This improvement in technical responsiveness

directly contributed to more realistic and interactive avatar experiences, which improved

the relevance and potential utility of the system for practical investigative training appli-

cations. Lastly, RO-5 confirmed that emotional expressiveness plays a key role in creating

believable and effective child avatars for training purposes. Building on this insight, a new

real-time system was developed that integrates facial animation and audio-driven emo-

tion synthesis. The system achieved a high degree of perceived realism, particularly in

conveying emotions such as sadness and joy, even in the absence of audio. At the same

time, the evaluations revealed that perceived realism and empathic impact were shaped

not only by facial expressions but also by the coherence between voice and visual cues.

These findings emphasize the importance of tight multimodal alignment in maximizing

the emotional credibility of training simulations.

Building upon the summarized contributions, the following reflections highlight how

this research specifically advances training for child investigative interviews and how its

outcomes extend to broader professional domains.

This research advances the field of AI-driven training for child investigative interviews

in several concrete ways. First, systematic exploration of visual realism demonstrated

how varying levels of fidelity directly influence interviewer skill development. The find-

58



3.2. Future Work

ings indicate that while photorealistic avatars enhance authenticity, stylized designs can

reduce the risk of the uncanny valley and foster greater user comfort, which is particularly

important in sensitive training contexts. Second, the integration of emotionally expres-

sive avatars provides trainees with opportunities to recognize and respond to nuanced

psychosocial cues, thereby strengthening empathy and improving their ability to manage

emotionally charged situations. These contributions establish a clear pathway toward

more effective, scalable, and ethically responsible training solutions for professionals who

conduct child investigative interviews.

Beyond this domain, the framework developed in this dissertation also has broader

implications for professional training in other high-stakes fields. The combined use of AI,

visual realism, and immersive environments can be adapted to contexts such as medi-

cal consultations, psychotherapy, and law enforcement simulations, where professionals

must balance technical expertise with interpersonal sensitivity. By demonstrating how

AI-driven avatars can replicate complex emotional and communicative dynamics, this

work provides a transferable foundation for advancing training systems across multiple

professions that require both technical skill and empathic engagement.

At the same time, a limitation of this work lies in the degree of stakeholder involve-

ment. The input of CPS professionals and trainees primarily informed the design and

evaluation of the initial Unity-based visual system, but their involvement was less exten-

sive in the later development stages. As a result, the broader practical impact for end-users

remains to be validated through more systematic and longitudinal studies. Strengthening

stakeholder co-design and evaluation will therefore be an important direction for future

research to ensure that the developed systems fully address the needs and practices of

those who conduct child investigative interviews. By acknowledging this limitation, the

thesis not only reflects critical self-assessment but also outlines a concrete pathway for

translating research contributions into sustainable real-world impact.

3.2 Future Work

This thesis has systematically explored the development and evaluation of AI-driven child

avatars for investigative interview training with children, yielding significant insights and

a robust foundation for future research. The directions proposed aim to build upon these
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findings and address remaining challenges, primarily focusing on enhancing emotional

expressiveness and realism in AI avatars. An essential next step involves comprehensive

user evaluations of the latest avatar system, which incorporates NVIDIA Omniverse Au-

dio2Face and Unreal Engine MetaHuman, to assess its impact on training effectiveness,

user engagement, and perceived realism. Future work will also explore more detailed

affective taxonomies and advanced context-aware feedback mechanisms, developing sys-

tems that can interpret and respond to subtle emotional cues from trainees and adapt the

avatar’s emotional state accordingly. Furthermore, the integration of multimodal datasets

combining text, audio, and visual cues is essential to refine affective modeling, helping to

overcome data scarcity and improve the replication of nuanced human-like emotions. Per-

sistent challenges, such as audiovisual desynchronization and the subtlety of emotional

expressions, will be addressed by exploring different animation tool settings to achieve

more natural and less artifact-prone animations.

Advancing visual realism and user acceptance remains a key area for future investiga-

tion. This includes continuing to investigate the optimal balance between photorealistic

and stylized avatars, with a focus on methodologies for tailoring avatar appearance to

specific training objectives, user characteristics, and interaction contexts to maximize en-

gagement while mitigating the Uncanny Valley effect. Additionally, further refinement of

avatar morphology is needed to address issues like disproportionate features or unnatural

movements, which can disrupt immersion and negatively impact user experience. The

technical backbone of the avatar system, particularly talking-head models, will also see

improvement. While the integration of Whisper significantly reduced latency, ongoing

advancements in AFE models will be continuously evaluated and integrated to further

enhance the responsiveness and realism of audio-visual synchronization. Efforts will also

be made to enhance the avatar’s language module to achieve better contextual awareness

of interviewer prompts, which is important for generating more relevant emotional and

verbal responses and reducing misclassifications.

The development and evaluation of hybrid training environments are also paramount,

as findings suggest that a combination of 2D and 3D environments may offer the most

comprehensive training solution. Future work will involve designing and implementing

adaptive training systems that strategically integrate both 2D desktop and 3D VR modal-

ities, leveraging VR for its immersive and emotionally engaging capabilities in specific
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scenarios, while utilizing 2D interfaces for foundational skill development, accessibility,

and prolonged use. Rigorous comparative studies will be conducted to evaluate the effec-

tiveness of these hybrid models in achieving diverse training outcomes for professionals

with varying levels of experience. To maximize the societal benefit of this research, future

efforts will also consider broadening the scope of child avatar representations (e.g., age,

gender, emotional predispositions) and the variety of interview scenarios to ensure the

training is applicable to a wider range of real-world situations and promotes inclusivity.

Investigating the integration of the AI avatar system into existing professional training

curricula for child protective services and law enforcement agencies is another important

direction. Longitudinal studies are needed to assess the long-term impact of this training

on interviewer skills, the quality of investigative interviews, and ultimately, child welfare

outcomes.

Furthermore, the findings from the latest system iteration, integrating NVIDIA Omni-

verse Audio2Face with Unreal Engine MetaHuman and presented in a submitted journal

article, are intended to advance the academic understanding and practical development

of emotionally expressive AI avatars for training applications.

Finally, as AI and VR technologies continue to evolve, so too must the ethical frame-

works guiding their application. This necessitates a continuous review and refinement

of ethical protocols related to data privacy, the generation and use of synthetic media

(especially concerning deepfake advancements), and the psychological safety of trainees

engaging with highly immersive and potentially distressing VR scenarios. By pursuing

these avenues of future work, the field can continue to advance the development of so-

phisticated, ethical, and highly effective AI-driven training tools. These tools will better

prepare professionals for the critical task of conducting investigative interviews with chil-

dren, ultimately contributing to improved child welfare and more effective justice systems.

3.3 Final Remarks

This doctoral journey has been dedicated to exploring the multifaceted intersection of

visual realism, AI, and immersive technologies for a profoundly important application:

enhancing the training of professionals who conduct investigative interviews with chil-

dren. The research presented in this dissertation has sought to unravel how the visual
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and interactive fidelity of AI-driven avatars can create more authentic, engaging, and

ultimately more effective training environments. It is my sincere hope that the insights

gained and the systems developed herein will contribute to empowering child welfare and

law enforcement professionals, equipping them with refined skills to approach these sen-

sitive interviews with greater confidence and efficacy. As AI and immersive technologies

continue their rapid advancement, the aspiration is that this work will serve as a stepping

stone towards a future where training tools become ever more sophisticated and acces-

sible, consistently leading to improved evidence gathering and, most importantly, better

support and outcomes for children who have experienced maltreatment. The wellbeing of

these children has been, and will continue to be, the paramount inspiration behind this

endeavor.
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ABSTRACT
In this article, we present our ongoing work in the field of training
police officers who conduct interviews with abused children. The
objectives in this context are to protect vulnerable children from
abuse, facilitate prosecution of offenders, and ensure that innocent
adults are not accused of criminal acts. There is therefore a need
for more data that can be used for improved interviewer training
to equip police with the skills to conduct high-quality interviews.
To support this important task, we propose to research a training
program that utilizes different system components and multimodal
data from the field of artificial intelligence such as chatbots, gen-
eration of visual content, text-to-speech, and speech-to-text. This
program will be able to generate an almost unlimited amount of
interview and also training data. The goal of combining all these
different technologies and datatypes is to create an immersive and
interactive child avatar that responds in a realistic way, to help to
support the training of police interviewers, but can also produce
synthetic data of interview situations that can be used to solve
different problems in the same domain.
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1 INTRODUCTION
Child abuse and maltreatment is a severe problem worldwide, and
has enormous immediate and long-term repercussions. This has led
to a cascade of consequences such as death, cognitive impairments,
behavioral and social problems, substance abuse, delinquency, dis-
ruptions in neurobiological development, and serious mental health
problems [49]. Child sexual abuse alone is identified by the WHO
as substantively contributing to the global burden of disease [37].
To address this problem, law enforcement and Child Protective
Services (CPS) play important roles in safeguarding children to
promote their welfare and protect them from harm [16]. In forensic
interviews with children, they are often both victims and princi-
pal witnesses to the criminal activity. The lack of corroborative
evidence and information gained in investigative interviews thus
plays a crucial role in the investigation of child abuse [34].
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Particularly in cases of alleged domestic violence and child sex-
ual abuse (CSA), the child is usually the only available source of
information about the abusive incidents [8]. Most sexually abused
children will not have any physical signs of abuse [3]. This means
that the progress of the police investigation depends upon the
child‘s account of the incident, and the interviewer‘s ability to
maximize the quality and quantity of the information obtained
from the child. The investigative interview is a vital component
of a child abuse investigation and a prime opportunity for inves-
tigators to elicit accurate and detailed information from alleged
victims of child abuse. This is a challenging and complex task and
it requires the interviewer to understand children’s vulnerability,
memory, communicative, and social development, in addition to
the importance of getting the interviewer to use supportive and
appropriate questioning styles such as free recall questions and
avoiding suggestive and closed questions [32, 33]. More than three
decades of research have given us invaluable knowledge about how
to conduct these interviews and what constitutes “best practice
guidelines” [11, 12]. These guidelines imply that police officers in-
terviewing children should use open-ended questions and avoid
option-posing and suggestive questions [10, 34].

However, several international studies from different countries
have revealed that poor quality investigative interviews are a wide-
spread problem [11, 24], even leading to invalidation of evidence
and dismissal of cases due to formal errors. Specifically, research
and examples from practice suggest that practitioners often fail to
follow best-practices interview guidelines despite huge investments
in training programs [31]. The lack of both resources and training
opportunities in realistic interview settings brings forth the need
to develop cost-effective training programs that are more interac-
tive than the traditional classroom models. For this to be effective,
training must also be associated with spaced practice and system-
atic, detailed, and continuous feedback on an individual level [7].
Recent research has demonstrated that interactive computer-based
learning activities can improve investigative interviewers’ perfor-
mance in questioning children [39]. When high-quality interviews
are conducted, children as young as three years old can provide
detailed and accurate statements of stressful events they have expe-
rienced [6, 14, 20]. However, children‘s metacognitive awareness is
still developing throughout the pre-school and early school years,
and young children are more vulnerable to suggestive interview
strategies, confusion arising from complex questioning, and lack of
support during the interview [19].

In fact, the quality of the interviewer‘s questioningmay be amore
important factor in eliciting informative narratives from children
than the individual cognitive and social competence of the child [17,
30]. In particular, interviewers may find it difficult to adhere to ’best-
practice’ method when interviewing pre-school children [5].

Recent research has found that the use of gaming and avatars
in interview training may be beneficial, and in particular, when
interviewer training is combined with feedback and delivered over
longer time periods [32, 38]. Currently, however, there are no sys-
tems that allow realistic avatar interviewees to respond verbally
to any question asked by the interviewer. Interview practice cur-
rently requires live, trained actors, making training very costly to
deliver - it can take up to three months to train an actor, and hourly
rates are high. With respect to the future training of personnel,

recent developments in technology have to a large degree changed
the field of image and video manipulation (e.g., [22, 52]). Modern
open software frameworks such as TensorFlow [2] and Keras [13]
have enabled a large growth in artificial intelligence (AI) research
where generative adversarial networks (GANs) [18], and autoen-
coders [41] can be used to manipulate images and videos in a way
that is almost undetectable.

Our idea is to use this type of technology to develop realistic
avatars. Such an avatar will be a virtual minor, providing a safe
medium for police officers to train for the interview situation. This
may have significant implications for the quality of child forensic
interviews, i.e., improving the quality of simulated investigative
interviews will improve the quality of real ones. AI-based training
programs could simulate a range of realistic scenarios that police
officers face when conducting child forensic interviews, and the
few studies conducted using computer-assisted training and learn-
ing show promising results [9, 28]. In this paper, we describe our
work-in-progress idea to develop a child forensic interview avatar.
Figure 1 gives an overview of the complete architecture and inter-
action flow between the interviewer and the avatar. We present
some related work in section 2 before we detail our idea in section 3.
Further, we present our initial work in section 4. Finally, section 5
concludes the paper.

2 BACKGROUND AND RELATED WORK
Work related to the proposed research involves different fields and
methods, which are discussed in this section.

2.1 Interview Teaching
Although many of the training programs worldwide are based
on the same body of research and professionally endorsed recom-
mendations (e.g., American Professional Society on the Abuse of
Children [4], Home Office [21]; Norway, Justis-og beredskapsde-
partementet [25]), there are wide variations in training, and most
countries have more informal strategies and training schedules [40].
Even if the knowledge exists on how to conduct these interviews,
there seems to be a huge problem for professionals to follow ‘best
practice’ guidelines and avoid contaminating childrens’ reports
about their experiences [12, 27, 35, 43]. This may have a serious
impact as the interview of the child might be seen as unreliable and
could even be discounted in court proceedings [10].

Previously, Finland, Norway, Sweden, the UK, and the USA have
developed classroom-based training programs to reduce the gap
between research-based best practices and actual interviewer prac-
tice to improve faithful implementation of the interview methods.
However, this type of training gives little room for individualized
feedback, and ongoing training [31].

To be effective, training must include several features: it must
occur over time, learned skills must be practices in context, and
trainees must receive prompt, individual feedback over time [7, 17].
Classroom training cannot easily provide all these features in ways
that are both affordable and accessible to those requiring training,
who are often working full-time and have complicated schedules.
Recent studies show that interactive computer-based learning activ-
ities can improve the investigators interviewing performance [31].
Researchers in Australia and Finland have explored the uses of
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Figure 1: System architecture. Green blocks mark the interactive parts, yellow is text related, blue is audio, and purple marks
the part of the system related to the visualization.

e-learning and avatars in interview- training and found them to be
beneficial, in particular when interviewer training is delivered over
longer time periods [9, 38, 39]. The Australian group developed an
interactive training system, using mock interviews with trained
actors, and simulated interviews with a child avatar. The partici-
pants were given online training in choosing effective questions,
and engaged in simulated interviews with a virtual avatar several
times a week. Results revealed enhanced interview quality post-
training [7, 9, 39]. Interview training with avatars in combination
with providing trainees with regular feedback also improved inter-
view quality [28, 38]. Some studies using e-learning and avatars
in training interview techniques currently exist in Australia and
Finland. These studies have shown the benefits of replacing tra-
ditional classroom teaching with computer-assisted technology
training programs, in particular when interviewer training is deliv-
ered over longer time periods [32]. The Australian group developed
an interactive training system using mock interviews with real
actors, and simulated interviews with a virtual child avatar as part
of the program‘s learning activities. Results revealed enhanced in-
terview quality post-training [7, 9, 39]. In two recent studies, the
researchers used different computer-based child avatars with pre-
defined memories about child sexual abuse. The combination of
simulated interviews with avatars in addition to giving participants
regular feedback, improved the interview quality. The participants
used more recommended questions and fewer potentially damaging
strategies [28, 38]. To improve interviewer skills, practice is themost
fundamental activity. However, prior avatars have not provided the

necessary level of interviewing practice because the technology did
not allow avatar interviewees to answer any question. That is, the
interviewers could only choose questions from a multiple-choice
list. This means that interviewers gained experience identifying
and selecting the best questions to ask, but did not gain experience
recalling and asking them. For practice, trainees need to sponta-
neously generate the questions themselves. Currently, the only way
to provide this practice is with live actors, which is very expensive
and difficult to standardize.

2.2 Chatbots
Chatbots are typically used in applications such as e-commerce
customer service, call centers, and internet gaming, where the chat-
bot typically uses machine learning to conduct a conversation via
auditory or textual methods [50]. For the case of mimicking a con-
versation with a potentially abused child, we need to go beyond a
simple question-answering version of chatbots [48]. To a certain
extent, we will need emotions and feelings included in the con-
versations. Chatbots are able to have emotional conversations to a
certain level, as demonstrated in the example presented in [51]. In
addition to the conversation and emotions, we also need a person
context. This will be important to increase the immersion of the
trainee into the conversation. Persona-based neural conversation
models are quite advanced and possible to create [36]. As one can
see from the related work that has been discussed, the various
available building blocks should allow a realistic child chatbot to
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be developed. The challenge will be to combine the different parts
into one entity.

2.3 Text-to-Speech and Speech-to-Text
Building a textual chatbot is one part of the challenge, but after a
viable bot is trained, the textual conversation should be transformed
at some point to audio. Text-to-speech research has developed
considerably in recent years. An example is Google‘s Wavenet [47],
which allows very realistic text to speech transformation using
generative models. These methods are state of the art and also
working efficiently, which makes them perfect for the presented
system [26].

2.4 Avatars
Avatars are frequently used in various applications such as com-
puter games. One way to generate an avatar is to use 3D models,
which have recently become very realistic. However, in our sce-
nario, we need a frontal view only. A large, complex 3D model of
various avatars might be too costly and complex, and possibly not
sufficiently realistic. Therefore, due to the potential of recent AI ad-
vances in the area of image and video manipulation, we investigate
how an avatar can be built by live generation of fake videos.

2.5 Image Manipulation
One of themost interesting techniques to create such avatars is what
currently goes under the term DeepFake, where one can combine
and superimpose existing images and videos onto source images
or videos using GANs. In this respect, the combination of source
videos results in a fake video that shows an action or an event that
never occurred in reality, e.g., creating fake news. For example,
in January 2018, the desktop application FakeApp was launched,
allowing users to easily create and share videos with faces swapped
using an artificial neural network. Several frameworks are proposed
and available. Face2Face [45] enables real-time facial reenactment
of a target video sequence, i.e., animating the facial expressions of
the target video by a source actor and re-rendering the manipu-
lated output video in a photo-realistic fashion. Another software
is pix2pix1 [22] which uses conditional adversarial networks as a
general-purpose solution to image-to-image translation. The Deep-
FaceLab2 is another software tool using deep learning to identify
and swap faces in videos, i.e., making fake videos. For example, the
method was used to combine an image of Donald Trump and Nico-
las Cage, putting Cage‘s face onto Trump‘s head3. GANimation4
is a GAN conditioning tool based on Action Unit annotations to
express anatomical facial movements5 defining a human expres-
sion [42]. Finally, ICface is a versatile model for face animators that
is driven by human interpretable control signals. ICface compared
to GANimation modifies not only the facial expressions but also
the head pose [46].

1https://phillipi.github.io/pix2pix/
2https://github.com/iperov/DeepFaceLab
3https://www.youtube.com/watch?time_continue=30&v=2R_aqHBClUQ
4https://github.com/albertpumarola/GANimation
5https://www.youtube.com/watch?v=AmUC4m6w1wo

3 AN AI-BASED INTERVIEW AVATAR
The planned studywill use a randomized pre-post-training design to
assess the effectiveness of an e-learning training program designed
to improve the quality of investigative interview practice within
two organizations: the police and the child protective services.
Pre- and post-assessment interviews will be transcribed and sub-
jected to an internationally recognized criteria-based analysis based
on the NICHD-protocol and used in several studies that evaluate
the quality in investigative interviews [11, 24].The coding scheme
will differentiate of three main interviewer question categories:
open-ended, directive, and suggestive questions. An examination
of pre-and post-test comparisons will indicate whether the training
significantly improved interviewer skills. The training program
consists of two sessions. First, participants will complete a range of
interactive exercises organized into 15 modules of approximately 6
hours each, focusing on interviewer skills such as recognizing the
various question types, understanding child development in rela-
tion to memory and language, and learning best-practice interview
technique, etc. Second, interactive computer-based learning activi-
ties that involve simulated interviews with a computer-generated
child avatar, paired with feedback will be used. The avatar will con-
solidate and measure new knowledge gained during interviewer
training because it provides a standardized measure of performance
which can be applied easily in a range of contexts. As described
above, the technological advances in multiple areas enable better
and more realistic avatars. Our idea of the future police interviewer
training system, see again figure 1, is based on an integration and
combination of several areas, and the proposed avatar will consist
of two main components. The first will be an interactive chatbot
that will be trained using hours of 600 real investigated transcribed
interviews from an ongoing National study. Then, our interview
avatar concept is based on the DeepFake ideas where we generate
an avatar model using child actors, where the system spontaneously
generates videos using GANs to create realistic content like the
”fake Obama video”6. The avatar‘s facial movements will be based
on the chatbot‘s responses during the simulated interview, also
taking into account emotion, giving a real-time re-enactment of a
child‘s facial expressions.

4 ONGOING INITIAL WORK
Our preliminary efforts have been focused on research and the
design of a proof of concept. Being a prototype, we simplify the
scope to a system where we can manipulate a video or image of
a person into lip-syncing a provided audio clip. We have exper-
imented using the tools Faceswap [15] and ObamaNet [29], and
the system described in Jamaludin et al. [23]. In this section, we
will discuss our initial experiences and lessons learned using these
tools.

We first tried the tool Faceswap [15]. This tool advertises be-
ing "the leading free and Open Source multi-platform Deepakes
software" [1]. Faceswap can take two images and swap their faces.
While this is not exactly our use case of lip-syncing the avatar
itself, it could provide an alternative approach by projecting lips
onto an avatar. Unfortunately, the tool does not work for our case.
The tool requires a full video and many images of the face to be
6https://www.youtube.com/watch?v=gLoI9hAX9dw
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(a) Target image of child. (b) Target image of man.

(c) Face of fig. 2b on fig. 2a. (d) Face of fig. 2a on fig. 2b.

Figure 2: Swapping faces using Faceswap [15].

transferred. Additionally, the tool cannot do processing in real-time.
Initial results as seen in figure 2 show that Faceswap does not give
us a realistic result when using the face of a man on a child. Using
a man and a child who closely resemble could give a better result.
For our use case, we can not rely on close resemblance. Therefore,
Faceswap seems unsuited for achieving a realistic-looking avatar
for our use case.

For realistic avatars, it seems better to manipulate the facial
features of the subject in an image or video instead of pasting the
features of a different subject such as in Faceswap. This approach is
used for manipulating videos of President Barrack Obama7 [29, 44].
We explored two methods: ObamaNet by Kumar et al. [29] and the
code published by Suwajanakorn et al. [44]. Both methods move the
mouth region of a video of Obama to sync with a given audio input.
We could not get the code by Suwajanakorn to work. We moved
on to ObamaNet, but the resulting video had an out-of-sync mouth
movement. Further fine-tuning of the method might improve this.
ObamaNet uses a hand-crafted 3D model to make the result more
realistic. However, we need a method that works for child subjects
and not only Obama. Modifying the method and hand-crafting child
3D models could be a way to achieve this.

Creating hand-crafted models could be a viable approach to cre-
ating a realistic avatar. However, the work by Jumaludin et al. [23]
introduces a different approach8. Instead of relying on modeling,
the method generates a video of a talking person based on a still
image of the target. The method takes an audio file of a speech
segment as input together with a still image of the target face and
generates a video of the target face lip-synced with the audio. The

7https://www.youtube.com/watch?v=cQ54GDm1eL0
8https://www.youtube.com/watch?v=-tOepR2IJdM

authors state that the method runs in real-time and applies to both
audios and faces not seen at training time. However, the code is
not freely available, so we must re-implement the code based on
the paper. We are not done with this process, meaning that we still
need to work on implementing models and collecting data for both
the visual avatar and the chatbots in order to be able to develop a
realistic avatar.

5 CONCLUSION
We have presented our ongoing work at the intersection of social
science, psychology, and computer science, with the goal of creat-
ing a virtual realistic avatar using various multimedia content to
support the training of investigative interviewers and the creation
of synthetic data. This project is highly innovative, and offers the
potential of methodological developments and applications, and has
a huge potential to influence police and CPS training. The proposed
system may involve small individual contributions of different com-
ponents, but the large technical contribution will be the integration
of systems and the interaction of all components with each other
and with the police interviewers. Children can provide valuable
information in a good quality investigative interview, and there is
an urgent need for improvements, as well as the implementation
of new and more effective analysis systems to be able to help and
intervene on behalf of abused and maltreated children. Thus, the
current project has a huge potential to focus future interviewer
training, create data, and enhance the quality of investigative inter-
views, and may thus have important implications for children in
need.
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ABSTRACT
Artificial intelligence (AI) and gaming systems have advanced to
the stage where the current models and technologies can be used
to address real-world problems. The development of such systems
comes with different challenges, e.g., most of them related to system
performance, complexity and user testing. Using a virtual reality
(VR) environment, we have designed and developed a game-like
system aiming tomimic an abused child that can help to assist police
and child protection service (CPS) personnel in interview training
of maltreated children. Current research in this area points to the
poor quality of conducted interviews, and emphasises the need for
better training methods. Information obtained in these interviews
is the core piece of evidence in the prosecution process. We utilised
advanced dialogue models, talking visual avatars, and VR to build
a virtual child avatar that can interact with users. We discuss our
proposed architecture and the performance of the developed child
avatar prototype, and we present the results from the user study
conducted with CPS personnel. The user study investigates the
users’ perceived quality of experience (QoE) and their learning
effects. Our study confirms that such a gaming system can increase
the knowledge and skills of the users. We also benchmark and
discuss the system performance aspects of the child avatar. Our
results show that the proposed prototype works well in practice
and is well received by the interview experts.
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1 INTRODUCTION
Sexual and physical abuse of children is unfortunately a widespread
problem in our society, with estimated prevalence rates suggesting
that such abuse affects the lives of 300 million children around
the world [41]. Although abuse seldom leads to the death of the
child, it often causes long-term psychological and physical health
problems [3, 5, 35, 38]. Recognizing and preventing child abuse is
thus of vital importance for the child protection services (CPS) and
police personnel. In cases of child abuse, children are not only the
victims of the alleged crime, but often also the sole witnesses. Thus,
in order to obtain reliable and detailed accounts of the alleged crimes
and to help these children, investigative agencies must correctly
perform high-quality interviews [18].

Research over the past three decades on children’s cognitive
development, combined with knowledge derived from many thou-
sands of interviews conducted by police officers, social workers,
medical professionals, and clinicians, has contributed to the devel-
opment of ’best practice investigative interview guidelines. These
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recommendations and guidance advise police and social service
agencies around the world on how to conduct better investigative
interviews with young victims [17, 22, 33]. Today, there is an inter-
national consensus among researchers and professionals that best
practice is to ask open-ended question (e.g., "what happened after
that?" where the child gets no clues that could influence the answer
it gives). On the other hand, avoid asking suggestive or leading
questions (e.g., "the man touched your private part, didn’t he?"
where clues are given and can lead the child to tell a certain story).
Following the best practice guidelines is the only way to elicit reli-
able and detailed accounts of the incidents which are admissible
in court [16]. It also decreases the risk of false reports, which can
result in an innocent persons being charged and convicted [17].
Hence, the interview skills of CPS and police personnel greatly
affect the outcomes of courts trials regarding abused children.

However, studies conducted in countries all over the world show
that the quality of the interviews conducted with maltreated chil-
dren is consistently poor, and interviewers often fail to follow the
recommended best practices [1, 4, 13, 37]. Several studies have
shown that only 2-8% of the questions asked in the average inves-
tigative interviews are open-ended, whereas suggestive or leading
questions comprise from 16-60% of the questions asked [17].

Studies have shown that computer-based interactive learning
can further improve investigative interviewing skills [26], this is
not enough. However, the development of dynamic avatars has
opened a new dimension for the transfer of knowledge. Currently,
systems that employ such avatars lack generality and realism, using
a multiple-choice questions format in which interviewers choose
the best option offered. Although this does help interviewers select
the right questions to ask, it does not help interviewers to verbalize
and remember questions or question types [40]. Another issue with
current avatars is that they do not seem visually realistic and do
not show any emotions [23, 43].

This paper proposes an interview-training system using realistic
avatars created using a game engine and virtual reality (VR). This
system offers effective training of professionals in CPS and law
enforcement, enabling them to consistently conduct high-quality
investigative interviews of children who are alleged victims of sex-
ual or physical violence. Users of this system will talk to an artificial
abused child, having a story to tell, with the goal to elicit infor-
mation which can be used in the court as evidence. Success of the
interaction is judged based on the type of questions asked and clo-
sure of the story. In particular, we focus on the system challenges
and quality aspects of such an avatar. Moreover, we describe the
architecture of the proposed child avatar system, experiment with
the system performance for both functionality and resource usage,
and investigate the system’s potential to enhance the competence
of CPS and law enforcement professionals effectively. Our system
is evaluated objectively by assessing its performance aspects and
subjectively by conducting a user study targeting the various learn-
ing and quality of experience (QoE) aspects. A test based on the
ITU-T Recommendation P.809 [11] was designed and conducted:
an interactive test using experts in the field, to investigate the user
experience and potential of the system for training CPS personnel.
It shows that the proposed prototype is working well in practice
and is well received by the experts.

In summary, the main contributions of our work are:(1) Devel-
opment of the dialogue model to mimic an abused child; (2) De-
velopment of the prototype of an artificial intelligence (AI)-based
child avatar in VR using the Unity game engine; (3)Evaluating the
prototype in terms of system performance, user experience and
learning effects.

2 RELATED WORKS
A large amount of research has been conducted to enhance the
training of the CPS professionals. Powell et al [26] introduce a
program to improve child investigative interviewer performance
made up of computer-based training activities like watching videos,
reading material and quizzes. These activities are followed by 10
minute mock assessment interviews where a trained actor play
the role of a child. Empowering Interviewer Training (EIT) [25]
is another program that simulates investigative interview. In EIT,
child memories and responses are predefined, and rule-based al-
gorithms are employed to select responses. An operator chooses a
prerecorded video clip with different emotions which is shown to
the users, based on the selected response. Moreover, Linnñus uni-
versity and AvBIT Labs have developed an online interview setting,
using prerecorded videos of a child avatars and audio responses.
An avatar controller using the Wirecast software controls emotion
and responses that should be shown to the user via the Skype in-
terface [6, 12]. Although these systems have shown improvement
in transferring investigative interviewing skills, these system are
too rigid in the response generation, lack generality and have a hu-
man input during the interactions which make them expensive and
harder to operate. In this paper, we propose an AI-driven system
in which the talking avatar can dynamically handle the questions
and can provide a higher realism for the interviewers. In addition,
by removing human input in the system, it would be cost effec-
tive by saving the cost of training or hiring operator/actors. Lack
of the need for human operators will lead to 24/7 availability for
frequent training sessions. Such a system is realizable to conceive
by employing different system components from the field of AI
such as dialogue models, generation of digital visual avatars, and
presenting that in a VR environment. In the rest of this section, we
discuss the state of the art in each of these system components.

2.1 Conversations
Dialogue models have attracted significant attention in recent years
for replacing systems that communicate with humans. They have
been around for years now and have mainly been employed in the
customer service, commercial, and health sectors. We are exploring
the use of dialogue models in educating and enhancing learning.
Most research has employed them as assistants that answer stu-
dents’ questions and help them accordingly [9, 20, 36].

The introduction of transformers [39], a deep learning model
which employs an encoder-decoder framework with a self-attention
mechanism, accelerated the development of language generation
models like the GPT series [2, 27, 28] and the Bidirectional Encoder
Representations from Transformers (BERT) model [7]. Before the
introduction of transformers, natural language processing (NLP)
models mostly relied on recurrent neural networks like gated re-
current units (GRUs) and Long short-term memory (LSTMs) with
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an additional attention mechanism. Dialogue models developed
using these models and large open-domain conversational cor-
pora have improved the quality of responses generated. However,
non-coherent, off-topic, and uninformative response generation,
especially for domain-specific cases, remains a challenge for these
models.

2.2 Vitual Reality
Virtual Reality is an immersive media technology that users ex-
perience the virtual environment created entirely in a computer
simulation. Qualinet Whitepaper [24] classifies the immersive ap-
plications based on the level of interaction and number of senses
involved in the application. Although more senses do not necessar-
ily lead to higher immersion [8], information can be conveyed faster
using more senses, which accelerates the creation of immersion.
The levels of interaction while consuming media can be anywhere
between being passive and interactive. A proper interactive system
can make media consumption more immersive [8]. However, it
does not mean that interaction always increases the level of im-
mersion [8], i.e., giving freedom to the users sometimes can make
the story even chaotic [29], and as a result, less immersive. VR has
been used in many applications such as gaming, omnidirectional
video [42], remote control and industrial applications, and health.
In this paper, we will show how it can be merged with a dialogue
model to create an interactive storytelling system that is beneficial
for training CPS professionals.

3 THE AI-BASED CHILD AVATAR
This section discusses details about the developed child avatar, with
different components integrated. Figure 1 shows the high-level
overview of the architecture, where language module is a dialogue
model developed on Rasa1 is placed in the back-end, the font-end
visual component is running in an Oculus Quest device developed
in the Unity game engine, and the auditory component is based on
the IBM Watson cloud service.

3.1 Visual
The visual part of the child avatar system was developed using the
Unity game engine, with results shown to users using Oculus Quest
2. The child avatar was developed using the open-source project
Unity Multipurpose Avatar (UMA)2 in which character customiza-
tion to combine meshes and textures are possible. Afterward, the
voices were matched to the avatar using the Unity game engine
asset Salsa Suit3 to generate eye, head, and lip movements synced
to the voices. In addition to facial movements, animations were
added to the avatar’s hand and neck to create gestures similar to
a child talking by employing some simple animations which were
repeating.

3.2 Language
A dialogue model was developed and deployed at the back-end
using Rasa, an open-source framework to develop solutions to
automate text or voice-based conversations. The decision to use
1https://rasa.com/
2https://github.com/umasteeringgroup/UMA
3https://assetstore.unity.com/packages/tools/animation/salsa-lipsync-suite-148442

LanguageAuditory

Speech to Text

Text to Speech

Visual

Lip-sync, head and 
eye movements 

Generating Avatar

 
 SALSA Suite

Oculus Quest 2

IBM Watson

Figure 1: Architecture of the proposed child avatar.

Rasa to develop our dialogue model was motivated by the lack of
available data and the desire to validate it as proof of concept for
our proposed solution. We had two hundred transcripts of well-
conducted training interviews from the Centre for Investigative
Interviewing at Griffith University, Australia [26]. This dataset
contained the conversations between a 5-7 years old child and
interview trainees in a mock interview setting (CPS and police). A
professional actor mimicked the child in this case.

3.3 Auditory
We tested different speech synthesis services with the main require-
ment to sound as child-like as possible. Based on this, we chose to
use the IBM Watson services for text-to-speech4 (TTS) and speech-
to-text5 (STT) synthesis. Watson TTS and STT are cloud service
APIs that serve as communicative bridges between the language
(back-end) and Visual (front-end) components. The user communi-
cates with the front-end verbally, with the question uttered by the
user sent to the IBM STT API to be transcribed with the response,
then forwarded to the back-end. At the back end, the dialogue
model processes this user utterance and generates an appropriate
response. This response is then sent to the IBM TTS API, which
then sends the generated audio response to the user at the front
end.

3.4 Integration
Ngrok6 services were used to make the back-end accessible over
the internet, with tunneling used to make local servers available
over the Internet. The VR front-end accessed the Rasa REST API
using an HTTP Post method. The HTTP Rest APIs for the IBM
Watson STT and TTS services were accessed using generated API
keys and endpoint URLs for each service.

4 SYSTEM PERFORMANCE
In this section, we discuss the computational performance of our
implementation. Computers with similar specifications were used
at both the front-end and back-end. The system used was an HP
4https://www.ibm.com/cloud/watson-text-to-speech
5https://www.ibm.com/no-en/cloud/watson-speech-to-text
6https://ngrok.com/
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Pavilion Gaming Desktop TG01-0 model with an AMD Ryzen 7
3700X processor, 16 GB physical memory, an 8 GB NVIDIA GeForce
RTX 2060 Super graphics processing unit (GPU), and a 512 GB SSD
with Windows 10 operating system running at each end.

Front-end: The Unity3D and Oculus windows applications7 run-
ning with Oculus Link were the primary applications run at the
front-end. Utilization of resources was observed over each batch of
10 seconds. The average total CPU usage was 9.7%, and the physical
memory load was 48.5% (7912 MB). The observed average GPU
memory usage was 74%, GPU core load was 39%, and GPU video
engine load was 29.5%. Both of these applications are mostly GPU
dependent, and our off-the-shelf system is able to handle the load
sufficiently. Both of these applications are mostly GPU dependent,
and our system is able to handle the load of these off-the-shelf
sufficiently.

Back-end: The Rasa REST API, Rasa action server and ngrok
tunneling services were the primary applications running in the
back-end. The utilization of resources was observed over each batch
of 2-minute conversations with a dialogue model. The average total
CPU usage was 1%, and the physical memory load was 35% (5723
MB). The average GPU memory usage was 4.8%, GPU core load
was 4%, and GPU video engine load was 0%. The Rasa back-end
was not very resource-intensive w.r.t to both CPU and GPU. The
only use of the GPU occurred when the intent classification models
were called using tensorflow backend.

Text to Speech: The average, max and min times from sending
the text to IBM Watson TTS API to receiving the audio response
were 1179 ms, 3151 ms and 429 ms, respectively.

Speech to Text: These times were calculated from sending the 10-
second audio to IBM Watson STT API till receiving of the text. The
SST API processes the audio snip-it as a stream while transcribing
and seeks to optimize the textual response over the duration of
the audio. Average, max and min times were 12 sec 544 ms, 13 sec
439 ms, and 12 sec 9 ms, respectively. These time measurements
includes the length of the 10-second audio as well.

Overall, the system performance results show that an average
PC can run the components for the current iteration. Although the
prototype is designed with the game engine, it is not as sensitive
to time delay as games where a delay of around 200 ms can de-
stroy the user experience [30]. In the case of interviewing a child,
delays up to even a few seconds can be considered normal due to
the child’s hesitation. In the next section, we discuss the system’s
responsiveness to evaluate this aspect in more detail.

5 INTERACTIVE USER STUDY
This study was an interactive test paradigm based on ITU-T Rec.
P.809 which suggests that participants should interact with the
system in a designed scenario using a specific assessment method.
In this study, users were asked to interact with the system by in-
terviewing the child avatar. This study was designed to evaluate
the user’s QoE as well as to investigate how effectively the system
enhanced the learning experience and the acquisition of knowledge
and skills about communicating with abused children. In summary,
the main research questions of this study are the following:

• RQ1: How is the experts’ QoE from using the system?
7https://www.oculus.com/setup/

• RQ2: Can such a system enhance the knowledge and skills
in interviewers maltreated children?

• RQ3: What are the most important quality aspects in the
success of such a system?

5.1 Experiment Design
The invited participants were all experienced in the field of child
protection because users with no-prior experience do not have the
competency either to ask the right questions or to judge the quality
of the interview. In this study, users (CPS workers and child welfare
students) interacted with the child avatar prototype by wearing
a head-mounted display (Oculus Quest 2) and engaging with the
avatar in a VR environment in which the child avatar performed
spoken conversations using a STT and TTS system as discussed in
Section 3. A screenshot of the subject wearing the VR headset and
interacting with the child avatar8 is shown in Figure 2.

Figure 2: A screenshot of the VR user-view of the child avatar.

5.1.1 Demographic of the participants. In this study, 11 experienced
subjects, including seven females, three males, and one transgender
participated. They were first asked to rate their experience with
CPS and VR using a 10-point scale ranging from not experienced
to expert. The mean (M) participant’s experience in CPS was 6.18
(standard deviation (SD)=2.67). However, these experts in the field
of CPS were inexperienced users of VR (M=1.18, SD=.45), i.e., most
of the participants were experiencing VR for the first time. For that
reason and for the sake of training, the participants interviewed the
child avatar twice in the VR environment. Fortunately, none of the
participants reported experiencing any motion sickness after using
the prototype. Two users expressed confusion in the first interview,
but claimed that they could adapt to the situation.

5.1.2 Questionnaire. After each interview, the experts were asked
to fill out a post-experience questionnaire as well as to answer a
few open-ended questions targeting their opinion about the use
of the virtual avatar for training. The questionnaire was designed
to measure overall user experience, the interactivity of the system
(Responsiveness from GIPS [34] as discussed in [31]), flow items in
iGEQ [10] as well as four questions proposed by social science ex-
perts regarding learning effects. The first items in the questionnaire
used a 7-point continuous scale, known as Extended Continuous-
ACR scale as was recommended in ITU-T Rec. P.809, and the rest
of the questions used 5-point Likert scale. However, the EC-ACR
is also based on a Likert scale, which uses five labels ranging from
"strongly disagree" to "strongly agree". In order to transfer it back
8https://www.dropbox.com/s/k4yokutx27btt2b/AvatarDemo.mp4?dl=0
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to a 5-point ACR, the scale transformation [15] was used. Table 1
provides an overview of the items in the questionnaire.

5.1.3 Story. To setup the story-line for this experiment, transcripts
of interviews were clustered based on different personas. Availabil-
ity of multiple numbers of different transcripts and enough details
to generate conversations of reasonable length was used to select
the persona for this study. The child avatar in this story is named
Theresa, and she is five years old. She visits an adult friend, named
Jerry, every Tuesday, and there is suspicion of sexual harassment
or abuse on her last visit. Her mother has brought her to the child
protection agency to be interviewed about the suspected abuse.
Participants of the interactive study interviewed the child avatar
verbally with the goal to elicit her account of the incident.

Table 1: List of questionnaire items [34], [10]

Overall QoE
QoE: How would you rate your overall quality of experience?

Responsiveness
RE1: I noticed delay between my actions and the outcomes.
RE2: The responsiveness of my inputs was as I expected.
RE3: My inputs were applied smoothly.

Flow
FL1: I forgot everything around me.
FL2: I felt completely absorbed.

Learning Effects
Communication:It improves knowledge and skills in communication.
Self-efficacy: It can enhance my self-efficacy
Learning Experience: It would enhance my learning experience.
Pedagogical Benefits: It has pedagogical benefits.

5.2 Evaluation and Results
This section discusses the results of the conducted experiment. The
results are discussed based on various aspects, namely the user
experience, learning effect, expert comments, and importance of
the quality aspects.

5.2.1 RQ1: User Experience Aspects. Figure 3 shows the user rat-
ings of QoE, Flow, and Responsiveness in their first and second
interviews. Overall, we can see a trend towards improvement in
the user experience after training with the system. For the overall
QoE, the first interview had a 𝑀 = 3.62, 𝑆𝐷 = 1.25, and the sec-
ond interview created a Mean Opinion Score (MOS) of 𝑀 = 3.92,
𝑆𝐷 = .71, which implies a good QoE on the ACR scale. However, a
paired-sample t-test showed that there was no significant difference
between the MOSs of the QoE in the first and second interviews
𝑡 (10) = −1.47, 𝑝 = .17. The results were similar for Flow with the
experts feeling more immersed in the second interview (𝑀 = 3.45,
𝑆𝐷 = .57) than in the first (𝑀 = 3.0, 𝑆𝐷 = .89), but the differ-
ence was not significant (𝑡 (10) = −1.66, 𝑝 = .12). However, the
user responsiveness significantly improved from the first interview
(𝑀 = 2.78, 𝑆𝐷 = .42) to the second interview (𝑀 = 3.18, 𝑆𝐷 = .45,
𝑡 (10) = −3.13, 𝑝 = .01∗) because the participants had to press a
button each time they finished a question. This contrasts with nat-
ural speaking, and participants needed time to adapt to the system.
In addition, because of the button pressing, the participants felt

there was a delay between their actions and the outcome of the
system, underlining the need to improve the responsiveness of the
system. A button-less experience should be implemented as a future
improvement.

Flow Responsiveness QoE 
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1 

Second 

First 

Interview 

Figure 3: Bar-plot (95% confidence interval) ofmeans showing
quality assessments in the first and second rounds of testing.

5.2.2 RQ2: Learning Effects. Figure 4 shows the bar-plot of user
ratings for all items regarding learning effects in the question-
naire. One can observe that, in all the aspects, experts agreed that
the virtual avatar could help them to improve themselves. 72% of
the participants stated that such an AI-based child avatar could
help them to acquire knowledge and skills in communication, 81%
opined that the avatar could enhance their self-efficacy, and all the
participants agreed that the avatar could improve their learning
experience.
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Self-efficacyCommunication
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Figure 4: Barplot (95% confidence interval) ofmeans for learn-
ing effects.

5.2.3 RQ3: Importance of the Quality Aspects. The experts were
asked about their opinions on the importance of each quality as-
pect. This could help us to further improve the system with respect
to the requirements and expectations of actual users of the child
avatar system. Experts were asked to sort the importance of the
aspects interactivity, impassiveness, realism, presence, escapism, and
investigative from 1 to 6 (least important to most important). Fig-
ure 5 shows the importance of each aspect based on the experts’
judgment. Interactivity, realism, and presence were rated as more
important, identifying our next steps for developing the child avatar
system.
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5.2.4 Expert Comments and Suggestions. In addition to the ques-
tionnaire, experts were asked to write a paragraph about the child
avatar system. The written texts were gathered and coded to ex-
tract quantifiable results. Six of 11 participants mentioned that the
virtual avatar was helpful/useful and could assist them, six experts
stated that the virtual avatar is very important/valuable, 3 experts
stated that the child avatar provided realistic training, and all the
participants wrote that training/practicing with the system would
enhance their knowledge/insights. Interestingly, one of the experts
said, "I already learned in this first conversation how child con-
versations can be improved." However, this study aimed only to
evaluate the first version of the system and gather comments from
the experts rather than to teach them. In addition to the written
texts, users’ feedback during the experiment was collected when
they were thinking out loud. Some of the participants expressed
confusion due to the need to press the button each time after fin-
ishing their questions. A couple of participants expressed the urge
to take notes, which was impossible due to the VR head-mounted
display constraints.
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Figure 5: Bar-plot (95% confidence interval) of mean of the
importance of aspects.

6 DISCUSSION AND FUTUREWORK
This paper proposed an AI-driven talking avatar in VR that could
understand and respond to human language to emulate an inves-
tigative interviewwith maltreated children. As a prof of concept, we
presented the system architecture of the prototype, and using a sub-
jective study with expert participants. In addition, the aim was to
have a qualitative study with experts where they are able to express
their opinion with open questions rather than a quantitative study.
The study showed that the system can improve the knowledge and
skills of the CPS and law enforcement personnel. In addition, it was
shown that having the system in the VR can create a higher level of
QoE and helps to increase the realism and presence that were rated
important by experts. We targeted a specific group of participants
who either have active or passive experience in interacting with
abused children and are familiar with current teaching/training pro-
grams. The low number of participant is attributed to the fact that it
is hard to manage such professionals to participate in our research
as they had their professional commitments as well. However, high

agreement between the experts indicates that even higher number
of such professionals would have produced similar results.

The current implementation of our system is meant to serve
as a baseline for our future work in this research area. We are
currently working to develop a more generalizable and flexible
dialogue model using GPT-3, coupled with deterministic models
built on annotated conversational data for feedback mechanism and
prompt generation. Based on the experts’ feedback, the system’s
responsiveness has to be improved, and a button-less experience is
planned. Moreover, note-taking during the interviews was pointed
out as a critical activity an interviewer often perform during the
interview, which we plan to address in future work. Emotional
recognition of child responses can be exploited to alter the features
of child audio like tone or pitch to give a more realistic experience
and visual expression of these sentiments. Recent research has
shown that there is a high correlation between non-verbal and
verbal expressions of emotions [14]. Contrast to that, experienced
experts are of the opinion that maltreated children show and deal
with emotions differently, and some traumatized children do not
show any emotions at all. Therefore, displaying emotion during the
conversation should be within the context of children with different
personas. To create realistic personas, there is a need for a video
dataset of such interviews, which is not available to us at the time,
as the data is very sensitive so it’s hard to get hold of it. We are
collaborating with our partners in CPS and police from two different
countries to get access to this data, and to be able to add emotions to
audio/video into the system in future works. Furthermore, we will
also investigate the use of realistic talking avatars in more detail
and whether the uncanny valley effect [19, 21] exists in the context
of such child interviews, meaning that users feel a sense of anxiety
or discomfort in response to a highly realistic avatars resulting in
low QoE.

7 CONCLUSION
In this paper, an implementation of our proposed VR-based inter-
view training system was described. It is developed using the Unity
game engine and a dialogue model developed using RASA. Audio
communication with system was synthesised using IBM text-to-
speech and speech-to-text services. The game system was discussed
and evaluated objectively in terms of system performance and sub-
jectively using an interactive user study. The participants of this
study were CPS experts, and the results show that the child avatar
system is well received by the experts and can help them obtain
better communication skills for interviewing abused children. In
addition, our findings identified interactivity, realism and presence
as the important quality aspects to target a successful training pro-
gram. Using the results of this study, a second prototype will be
designed to create more presence and realism for users, which vali-
dates our initial hypothesis of using VR over other interfaces [32].
Finally, we conclude, from the observed system performance of our
first avatar version, that a standard PC can handle the system’s
processing requirements.
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ABSTRACT
The success of investigative interviews with maltreated children
is often defined by the interviewer’s ability to elicit a reliable and
coherent account of the alleged incident from the child. Research
shows that a child avatar mimicking a maltreated child can im-
prove interviewers’ performance in conducting these interviews.
The realism of such a child avatar is considered one of the most
critical factors. Based on this, the current study aims to generate
realistic child avatars in real-time that utilize multimodal data and
different components from artificial intelligence. This paper dis-
cusses the subjective findings of a study of two types of child avatar
videos; animated avatars created using the Unity game engine and
photorealism talking-head avatars using Generative adversarial net-
works (GANs). The results show that although the state-of-the-art
GAN-generated avatars are significantly more realistic, they do not
necessarily create a better experience, as most of the participants
prefer talking to animated avatars.

CCS CONCEPTS
• Human-centered computing → User studies; • Computing
methodologies → Machine learning; Image and video ac-
quisition; Adversarial learning; Natural language processing; •
Applied computing → Interactive learning environments.
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1 INTRODUCTION
Sexual and physical abuse of children is a significant problem and
affects children around the world. According to an estimate by the
World Health Organization (WHO), 300 million children’s lives are
affected globally by abuse and maltreatment [24]. The problems
stemming from sexual and physical abuse can have long-lasting,
damaging effects on children’s behavior, their psychological de-
velopment and adjustment, as well as increase their risk of early
death [4]. Child protection services (CPS) and police play a key role
in ensuring that these abused and mistreated children are better
protected and treated. As a part of the child abuse investigation,
these agencies must interview the children about their experiences
of abuse and maltreatment. Most often in these cases, the children
are the only witnesses of criminal incidents, and it becomes critical
that professionals conduct investigative interviews in accordance
with best-practice guidelines. A high-quality interview is important
in court proceedings and is associated with a higher chance of con-
victing alleged perpetrators of these crimes. However, field studies
of real-life investigative interviews show that the quality of these
interviews is consistently poor and there is a huge gap between
best practice recommendations and successful implementation of
skills [3, 10].

Hence, several training methodologies have been designed to
provide the necessary knowledge to conduct these interviews in
accordance with the best practice recommendations. Classroom
training is one of the most common approaches to transfer knowl-
edge to police and CPS personnel. Training consisting of computer-
based activities, such as reading materials, watching videos and
taking quizzes is also employed [18]. After these training programs,
participants go through mock-interview exercises where an instruc-
tor/professional actor role-plays an abused child and they have to
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interview them. Recent research has demonstrated that interac-
tive computer-based learning activities can improve investigative
interviewers’ performance in questioning children [18]. We are
proposing an investigative training platform developed using a
digital child avatar, the first prototype of the system is presented
in [9] where we utilized different advanced technologies such as
dialogue models, virtual reality, text-to-speech (TTS) and speech-
to-text (STT) components to create an interactive child avatar. The
findings indicated that such a system might have the potential to
increase the knowledge and skills of users. Furthermore, experts
identified the realism of the child avatar as one of the most im-
portant factors in their experience. Therefore, this paper tries to
increase the realism of avatars by introducing more GAN-generated
avatars and investigates whether more realistic avatars can neces-
sarily create a better user experience.

Interaction with the virtual avatar requires techniques that are
able to generate high-fidelity talking-head frames where the human
observers do not lose trust and empathy with the avatar. According
to the Uncanny Valley [15, 17] theory, if an avatar is humanoid but
imperfect, its non-human features create strange feelings in the
audience that cause feelings of uneasiness and even disgust. Thus,
we investigate whether the uncanny valley exists in the context of
the child interview. We took two different approaches to create sev-
eral child avatars; i) Animated avatars created with the Unity game
engine and ii) human-like avatars generated using three Genera-
tive Adversarial Networks (GANs) techniques, namely PC-AVS [29],
MakeItTalk [30] and LSP [14]. In addition to the visual of the avatars,
different human and computer-generated voices were combined
with each character to generate multiple versions of each avatar.
Following that, a subjective study was designed and conducted to
evaluate various aspects of each avatar. The user study evaluates
the realism of avatars with a passive viewing-and-listening test,
investigating based on their appearance and talking. Findings from
this study can assist us in choosing the right combination of voices
and the method of creating the visual avatar. In summary, our main
research questions are:

• RQ1: Which GAN-based method creates a more realistic
avatar?

• RQ2: Which animated avatar is the more realistic one?
• RQ3: Can computer-generated voices be as realistic as hu-
man voices?

• RQ4: Which avatars are the best, avatars created with a
GANs or a game engine?

The rest of the paper is organized as follows: in Section 2, related
work on the talking-head generation is reviewed, and in Section 3,
we explain the different parts of user study execution. Section 4
shows our subjective results. Section 5 discusses the results, limi-
tations and suggestions for future research. Finally, Section 6 con-
cludes the paper and highlights the main findings.

2 RELATEDWORKS
Recent advances in deep neural networks have helped make a lot
of progress in a high-quality visual content generation, one of the
most important of these is the generation of digital humans for
a wide range of applications such as news broadcasting, virtual
video conferencing, online shopping, visual dubbing in movies,

and filmmaking. According to the survey paper by Sha et al. [20],
person generation can be divided into three main tasks talking-
head generation (face), pose-guided person generation (pose), and
garment-oriented person generation (cloth). Since only the neck
and the shoulder parts of a person are required to conduct an in-
terview, our focus in this project is on talking-head generation.
This approach can synthesize natural lip synchronization, head
movements, and micro-expression from a specific person by cap-
turing one or more input signals. Depending on the input data
type, talking-head generation can be based on both audio and video.
Many audio-driven works avoid directly mapping from audio to
image, but instead first, map audio to an intermediate step like 2D fa-
cial landmarks [6, 14, 16, 22, 30] or 3D face shapes [5, 19, 21, 23, 27],
and then synthesize photorealistic renderings. Audio-driven talking-
head generation is inherently difficult because it synthesizes mouth
movements based only on an audio stream. Therefore, some of the
proposed methods control the motions of a subject with a driving
video that are categorized as video-driven methods (also known as
face reenactment) [8, 25, 28, 29]. Somemodels also focus on training
their model in a specific person [2, 13]. Audio-driven methods have
received more attention in computer graphics because they aim to
generate a single universal talking-head model for a variety of sub-
jects. To investigate GAN-based methods in this study, we adopted
three recent state-of-the-art methods among the prior research,
including: PC-AVS [29], MakeItTalk [30] and LSP [14]. MakeItTalk
proposes a generated model using self-attention based LSTM that
is able to the disentanglement of content and style in audio and
leads to creating a speaker-aware talking-head, on the other due to
relying on precise facial landmarks, it causes create eye blinks but
it suffers from inaccurate shapes of the mouth. PC-AVS, without
relying on any intermediate information such as landmarks and
3D face shapes, implicitly devises a pose code that is free of mouth
shape or identity and thenmodularizes audio-visual representations
into spaces of audio content, head movement, and identity. PC-AVS
generates frontalizing talking faces and achieves more accurate
lip-sync results than Makeittalk. However, PC-AVS can not be as
successful as MakeItTalk in creating blink eye and preserving iden-
tity. Another disadvantage of the PC-AVS generated videos have
a disordered texture and resolution changes a lot. Beyond these
methods, LSP [14] introduces a live system that steps forward to
practical applications, it generates personalized talking-head with
natural head poses, lip-sync and eye blinks only driven by audio
signals at over 30 fps.

Despite recent advances, synthesizing an interactive talking
avatar with little or no manual labor remains an open challenge. In
the present methods, emotions in their words are not in line with
the face’s movement, and face attributes have weak correlations
with the phonetic signal, e.g., the head motion and the eye blinking
are not natural and realistic. In addition, the performance of these
methods in terms of realism and user experience is unknown. These
methods generate human-like avatars that look lifelike, but they
are imperfect in comparison to real humans. Based on the uncanny
valley theory [15, 17], an imperfect human-like avatar might create
a bad experience for users. This paper investigates these methods
in more detail, discussing the hypothesis regarding the uncanny
valley and realism of the avatars.

Session 2: IoT, Education, and Privacy Preserving  ICDAR ’22, June 27, 2022, Newark, NJ, USA

42



3 EXPERIMENT DETAILS
A crowdsourcing user study was conducted to answer the research
questions. In particular, this study investigates the user experience
and realism of 28 videos generated in the combination of synthetic
and human voices with visual avatars generated by GAN-based
techniques and the Unity game engine approaches. First, the test
conditions containing these 28 videos are elaborated, and we then
discuss the questionnaire used in the study. Finally, the details of
the subjective study and its conditions are explained.

3.1 Video Dataset
The data used in this experiment is generated by two different
GAN-based and Unity game engine approaches. These characters
were generated using methods based on either GANs or animations
using the Unity game engine. Some examples are shown in Figure 1.
After combining these avatars with computer-generated voices
from IBMWatson and human voices, we created 28 talking avatars,
including 10 animated avatars and 18 GAN-generated avatars.

In the first approach, the child avatars were developed using the
open-source project Unity Multipurpose Avatar (UMA)1 system.
We performed character customization by combining meshes and
textures, and the audios were matched to the avatar. i.e., to generate
eye, head, and lip movements in sync with the voices, using the
Unity game engine asset SALSA LipSync Suite2. In the second
approach, we used three methods: MakeItTalk, PC-AVS and LSP.
GAN-based techniques proposed for audio-to-video translation are
scientifically known as talking-head generation. In this way, an
arbitrary audio stream is given to the network as input aims to
synthesize lip-synced videos.

We picked three state-of-the-art open-source models that sup-
port driving a static portrait with arbitrary audio among the avail-
able methods. In particular, we include the following methods: PC-
AVS [29], which takes one facial image as an input and generates a
talking-head whose poses are controlled by another pose source
video;MakeItTalk [30], trained on VoxCeleb2 [7] dataset, gener-
ates expressive talking-head videos from an audio stream and a
portrait face image as the only input, that can generalize well on un-
seen facial images; and LSP [14], that initially requires to be trained
on a several-minute length video of the desired character, then by
capturing arbitrary audio, generates photo-realistic talking-head
video in real-time. For the voice of the avatars, two models from
IBM Watson TTS and two natural human voices were recorded,
one male and one female. Portrait images were used for input of
both PC-AVS and MakeItTalk provided using StyleGAN [11, 12].
StyleGAN generates ultra-realistic photos of humans who do not
exist. We generated a number of portrait photos using the Style-
GAN website and chose six photos of children, three girls and three
boys, as shown in the human face category in Figure 1. Finally, 28
ten-second videos clips of the avatars were obtained to conduct the
user study. The video dataset is publicly available at Google Drive3.

The videos were presented to the participants in a random order
created by Latin Square design [1]. The subjective study followed
a within-subject design where all the participants watched all the

1https://github.com/umasteeringgroup/UMA
2https://assetstore.unity.com/packages/tools/animation/salsa-lipsync-suite-148442
3https://drive.google.com/drive/folders/1jRX_lmvrRcxCbNEKoKGW4qlSvaxoOSea

     
Darya Baran Soofi Sarah Camila 

     
Arya Omid Tyler Henry Liam 

 

Human Face Animate Face 

Figure 1: Human and animated faces used to create GAN-
based and Unity game engine-based avatars, respectively.
28 video clips. In addition to the 28 videos, to anchor the user
experience, we created an unrealistic avatar with a low level of
details as an anchoring condition. We showed that always as the
first condition to the participant.

3.2 Demographic information of Participants
The study was conducted with crowdsourcing, and Microworker4
was used as the recruiting platform environment with users directed
to a questionnaire tool hosted on a separate server containing the
videos. In order to ensure the validity and reliability of the collected
data, only the crowdworkers with high approval rate who were the
best performers were invited to the test.

Overall, 39 crowdworkers provided valid results in this study,
including 10 females, 27 males, and two with other genders. The
crowdworkers aged between 19 and 54 years (𝑀𝑒𝑑𝑖𝑎𝑛 = 28,𝑀𝑒𝑎𝑛 =
29.58, 𝑆𝐷 = 8.36) were geographically distributed equally between
Europe, Asia, and America (North and South). 15 of the participants
used a desktop monitor, 16 a laptop, seven a mobile or tablet, and
one a monitor larger than 30 inches.

3.3 Questionnaire
In the experiment, the participants were asked to watch videos
presented above and rate a series of questions according to their ex-
perience. The items in the questionnaire were inspired by the work
conducted by Wilson et al. [26] which proposes a questionnaire
for assessment of realism in stimuli. Table 1 shows the list of these
questions on the questionnaire. Each participant was asked to rate
from 1-5 on the Likert-scale for each query: realism in talking, ap-
pearance of the avatar, overall user experience with the avatar, and
the lip synchronization quality. In addition to the post-experience
questionnaire which was asked after watching each video, partici-
pants were asked to answer a post-test questionnaire after finishing
the test and watching all the videos. The list of the questions in the
post-test questionnaire is presented in Table 2.

4 EVALUATION AND RESULTS
Eventually, the talking child avatars will be used directly by users
for investigative interviews. Therefore, subjective evaluation of
humans is an essential step. Using the subjective scores collected
in the subjective experiment detailed in the previous section, this
section answers the research questions presented towards the end
4microworkers.com/

Session 2: IoT, Education, and Privacy Preserving  ICDAR ’22, June 27, 2022, Newark, NJ, USA

43



 

Arya Omid Baran 

M-WF 

Darya 

P-WF P-HF M-HF 

 Talking 
 Appearance 
 Experience 
 Lip Sync 

P-WM M-WM P-WM M-WM 

4 

3 

2 

1 

0 

M = MakeItTalk 
P = PC-AVS 
WM = Watson Male 
WF = Watson Female 
HF = Human Female 

Figure 2: Comparison of MakeItTalk and PC-AVS methods.
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Figure 3: Comparison the voices generated by a computer and human.
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Table 1: List of items in post-experience questionnaire

Code Label
Talking How realistic the avatar was talking?
Appearance How realistic was the appearance of the avatar?
Experience How was your overall experience with the avatar?
Lips Sync How were the audio and mouth/lips synced?

Table 2: Post-test questionnaire to compare the avatars.

Questions Label
Q1 Which avatars had the most realistic appearance?
Q2 Which avatars do you like the most?
Q3 Considering the avatars’ talking, overall which was the most

realistic?
Q4 For a conversation (taking to a computer), which avatar

would you prefer to use?
Open Please describe your reasons and feelings towards different

types of avatars.

of the Section 1, each of them has been discussed in a distinct
subsection.

4.1 RQ1: GAN-generated Avatars
As explained in Section 3.1, we selected three state-of-the-art open-
source GAN-based methods for this study. This research question
investigates the difference between all three models from different
aspects. At first, the aim is to compare MakeItTalk [30] and PC-
AVS [29] models to find out which model performs the best and if
the performance of the model depends on the selected facial image
of a character.

The bar-plots in Figure 2 shows the user ratings, where there is
no noticeable difference between the two models MakeItTalk and
PC-AVS for all four characters Arya, Omid, Darya and Baran. To
examine this comparison, four repeated measure factorial Analysis
of variance (ANOVA) tests were conducted to compare the main
effect of models and characters and interactions between them on
all four quality aspects.

Based on all four quality aspects presented in Table 1, there was
no difference between the two models (MakeItTalk and PC-AVS),
and the characters (the selected facial image). For the quality aspect
for Talking, there was no significant main effect of model p-value (𝑝)
more than <.05 (𝑝 < .6), no significant main effect of character (𝑝 <
.5) and no significant interaction between model and character (𝑝 <
.06). For Appearance, there was no main effect of model (𝑝 < .09),
no main effect of characters (𝑝 < .21) and no interaction between
model and characters (𝑝 < .09). For Overall experience, there was no
main effect of model (𝑝 < .86), no main effect of characters (𝑝 < .29)
and no interaction between model and characters (𝑝 < .38). And
for lip-sync, there was no main effect of model (𝑝 < .52), no main
effect of characters (𝑝 < .17) and no interaction between model
and characters (𝑝 < .07). PC-AVS can generate accurate lip-sync
but can not preserve the identity and resolution of the input facial
image, it also generates talking-head no blink actions. In contrast,
MakeItTalk can blink actions and also preserves resolution of the
input facial image, but it does not succeed in synchronize mouth
shape. Accordingly, we expected MakeItTalk to be more realistic

from the user’s point of view. We also investigate the importance of
the head movement in perceived realism of the avatar. Natural head
movement in real world is one of the key factors in high-quality
communication. In fact, human can easily express their feelings
by talking with fixed head pose or nonverbal communication with
head movement. However, generating lip-synced videos with audio
to control head motions is challenging. MakeitTalk compared to
most existing methods that generate facial animation with a fixed
head pose, can generate subtle headmotions. These motions involve
many repetitive behaviors and movement patterns only slightly
swing around the initial state. In contrast, PC-AVS uses some short
target video and an audio stream as input to transfer head pose,
which creates natural and diverse rhythmic head motions according
to an input video clip.

In this inference, two avatars were synthesized using Tyler char-
acters and different videos to control head motion, one of which
had a strong head movement (named P-WM1) and the other a slight
head movement (named P-WM2). However, contrary to what we
expected, there is no significant effect of head movement found
between the P-WM1 and P-WM2 avatars based on all aspects. Ta-
ble 3 shows the results of the t-test investigating the effect of head
movement for all the quality aspects.

Next, LSP and MakeItTalk are compared. LSP and MakeItTalk
leverage facial landmarks as an intermediate representation, first
predict facial landmarks from the speech content and then gener-
ate images conditioned on synthesized face landmarks. This tech-
nique leads to generation of blinking movements, personalized
head movements based on audio stream (identify-preserving), and
high visual quality results. MakeItTalk is also able to create non-
photorealistic cartoon animations because their labeled 68 facial
landmarks correspond to human faces. The user study results with
facial landmarks for LSP and MakeItTalk are shown in Figure 7. Un-
like MakeItTalk, LSP is not generalized for unseen facial images and
requires model training for each specific image. To compare the re-
sults, a repeated measure t-test was conducted to compare the mean
of quality aspects Talking, Appearance, Overall experience and Lips
sync in LSP and MakeitTalk model. For realism in Talking there was
a significant difference found between the mean of landmark cre-
ated with LSP (𝑀𝑒𝑎𝑛(𝑀) = 2.84, 𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑𝐷𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛(𝑆𝐷) = 1.15)
and MakeitTalk (𝑀 = 2.39, 𝑆𝐷 = 1.00), 𝑡 (37) = 2.38, 𝑝 = .02. For
appearance, a significant difference was found between mean of
LSP (𝑀 = 2.45, 𝑆𝐷 = 1.2) and MakeitTalk (𝑀 = 2.05, 𝑆𝐷 = 1.13),
𝑡 (37) = 2.49, 𝑝 = .017. For the overall experience, there was a signif-
icant difference found between the mean of landmark created with
LSP (𝑀 = 3.00, 𝑆𝐷 = 1.13) and MakeitTalk (𝑀 = 2.58, 𝑆𝐷 = 1.28),
𝑡 (37) = 2.24, 𝑝 = .031. Finally, for lip sync, there was a signifi-
cant difference found between the mean of landmark created with
LSP (𝑀 = 3.26, 𝑆𝐷 = .97) and MakeitTalk (𝑀 = 2.58, 𝑆𝐷 = 1.28),
𝑡 (37) = 3.25, 𝑝 = .002.

To summarise, RQ1 investigated; i) comparing model PC-AVS
and MakeItTalk, ii) comparing the landmark avatars created by
MakeItTalk and LSP model, and iii) investigating the impact of
head movement in GAN-generated avatars. The results show that
i) there is no difference between PC-AVS and MakeItTalk, and they
are equally rated in all four dimensions, ii) the landmark avatars
created by the LSP model are rated significantly higher than the
MakeItTalk model, and finally, iii) showed that contrary to our
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Table 3: Results of the t-test investigating the effect of head
movement in all four quality aspects.

Quality P-WM2 P-WM1 t(37) Sig.
Overall QoE M=3.61, SD=1.10 M=3.63, SD=0.97 .17 .86
Appearance M=3.53, SD=1.13 M=3.45, SD=1.15 .59 .55
Talking M=3.39, SD=1.15 M=3.37, SD=1.07 .16 .86
Lip Sync M=3.79, SD=1.04 M=3.63, SD=0.97 1.43 .16

expectation, the head movement does not improve the realism or
the user experience.

4.2 RQ2: Animated Avatars
Figure 5 shows the quality ratings for the animated avatars. To
identify the best character created by the game engine, a one-way
repeated measure ANOVA was conducted for the mean of quality
aspects overall experience, and appearance. Since all the animated
characters were using the same technique for lip-sync generation
using Salsa component in the Unity game engine, the lip-sync
quality is not investigated in the data analyses of this section.

The result of repeated measure ANOVA indicates a significant
difference between mean of realism in Talking of different animated
characters, 𝐹 (2.56, 89.59) = 14.91, 𝑝 < .001. A post-hoc test using
a Bonferroni correction was conducted to compare the characters
and find the best character for each gender and overall. The results
are presented in Table 4. For male characters, results show a trend
in higher realism in Talking of Liam than Henry, and for females
that Sarah talks significantly more realistic than Camilla. However,
there was no significant difference found between the Liam and
Sarah character.

The Overall experience also was effected by different characters,
where repeated measure ANOVA indicated that there exists a sig-
nificant difference between the means of Overall experience in four
characters, 𝐹 (3, 105) = 10.71, 𝑝 < .001. The post-hoc pair-wise
comparison is reported in Table 4. Results indicate a similar pattern
as for Talking, where Liam created a significantly higher user expe-
rience than Henry for male characters and Sarah had a significantly
higher experience than Camilla for female characters. However,
there was no difference between Liam and Sarah.

For realism in Appearance, ANOVA showed a significant dif-
ference between the characters, 𝐹 (3, 105) = 6.22, 𝑝 = .001. The
post-hoc test using a Bonferroni correction are reported in Table
4. The paired comparison revealed that unlike realism in talking
and overall experience, there is no significant difference between
the characters in terms of the realism of the appearance. The only
significant difference was between Liam and Camila with 𝑝 = .002,
comparing the worst-rated female and the best-rated male charac-
ters. User study results on animated avatars created with the Unity
game engine are shown in Figure 5.

To summarise, RQ2 compared four different avatars created with
the game engine and found the best-rated avatars. Characters Sarah
and Liam illustrated in Figure 1 were rated highest, and they were
significantly better in terms of realism in talking and user experi-
ence than Henry and Camilla. However, there were no differences
between Liam and Sarah or Henry and Camila.
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Figure 5: Comparison of Unity-animated avatars

Table 4: Results of PostHoc test with Bonferroni correction
comparing the animated characters.

Animated male characters
Quality Henry Liam Sig.
Overall QoE M=2.97 , SD=1.02 M=3.44 , SD=1.02 .02*
Talking M= 2.46, SD=1.04 M=3.08 , SD=1.26 .059
Appearance M=3.08 , SD=1.10 M=3.44 , SD=.93 .24

Animated female characters.
Quality Sarah Camila Sig.
Overall QoE M=3.11 , SD=1.0 M=2.5 , SD=1.2 .012*
Talking M=3.03 , SD=1.15 M=1.7 , SD=.96 <.001*
Appearance M=3.08 , SD=1.10 M=2.64 , SD=.96 .24

Best animated female and male characters.
Quality Sarah Liam Sig.
Overall QoE M=3.11 , SD=1.00 M=3.44 , SD=1.02 .26
Talking M=3.03 , SD=1.15 M=3.03 , SD=1.15 1.0
Appearance M=3.08 , SD=1.10 M=3.44 , SD=.93 1.0

4.3 RQ3: Synthetic and Natural Voices
While RQ1 and RQ2 were focused on the visual side of the avatar,
this research question investigates the realism in the voice of the
avatars. The test condition included synthetic voices generated
by IBM Watson TTS and recorded voices of natural speech, each
of them for two different genders. This section investigates two
sub-questions of whether the computer-generated voices generated
can be as realistic as human voices and the appropriateness of the
voices associated with each character. Figure 3 shows the results of
the user study to compare the voices generated by a computer and
human.

To answer the research question comparing the synthetic and
human voices, a factorial ANOVA was conducted over the eight
avatars to compare the impact of model (GAN-generated and ani-
mated), gender (female and male) and voice (synthetic and natural)
and interaction between them on the realism of Talking of the
characters.

The factorial ANOVA reveals that there is a significant main
effect of Model 𝐹 (1, 35) = 5.98, 𝑝 = .02, but there is no significant
main effect for gender 𝐹 (1, 35) = .5, 𝑝 = .48 and type of voices
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𝐹 (1, 35) = 1.39, 𝑝 = .24, meaning that the computer generated
voices are rated equally as human voices and there was no signifi-
cant interaction effect between gender and type of voice.

In this test, type of voices always matched the gender, i.e., for a
male character the voices were also male and for female characters
the voices were also female. Our pilot study suggested that female
voice seems to work better on male child characters. A factorial
ANOVA was conducted over the mean of realism in Talking to
test the hypothesis. The results indicate selecting a female voice
for a boy is as good as boy voice and there is no significant main
effect for voices (p=.67). This means that the generation of the child
avatars for both genders could be possible by developing only one
voice.

To summarise, RQ3 showed that using natural voices does not
create any extra realism for virtual avatars than the computer-
generated voices. Furthermore, it was revealed that a female’s voice
could be used for both boy and girl child avatars, and it can create
the same level of realism and experience for users.

4.4 RQ4: Generated avatars using a GAN vs. the
Unity game engine

This research question compares the best GAN-generated avatars
created by GAN techniques derived from RQ1 and the best animated
avatars from RQ2. The best avatars were selected based on the
realism in appearance and talking of the avatars. Since the system
will eventually use computer-generated voices and were rated as
good as natural voices, we only considered avatarswith IBMWatson
voice.

In the GAN-generated avatars, the two avatars of Omid and
Darya from model PC-AVS were rated as most realistic, and as
discussed in RQ2, Liam and Sarah were the most realistic once in the
animated avatars. A factorial ANOVA was conducted to compare
these avatars to compare human face and animated face videos in
both genders. Although there was a general trend on more realism
of videos created by GAN based on the subjective experience, there
was no significant main effect for realism in Talking 𝐹 (1, 37) =
2.54, 𝑝 = .12, Appearance 𝐹 (1, 37) = 2.66, 𝑝 = .11, and Overall
experience 𝐹 (1, 37) = 1.09, 𝑝 = .30.

To summarise, RQ4 showed that although avatars generated by
GANsmore realistic, they did not necessarily create a higher quality
of experience and realism for the users.

4.5 Qualitative Results
In addition to the post-experience questionnaire, which consisted
of four quality aspects, we used a 4-item post-test questionnaire
followed by an open-question. We directly asked participants to
choose between animated and GAN-generated avatars and provide
the reasons behind their selections. These items are coded with Q1
to Q4 as shown in Table 2. The results are presented in Table 5,
where the total number of votes per avatar is shown for each item.
The results indicate that 64% of participants find the appearance
(Q1) of GAN-generated avatars more realistic, 58% found the overall
talking (Q3) of GAN-generated avatars more realistic and 58% liked
(Q2) the GAN-generated avatars more. However, when participants
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were asked about their preference for using the avatar in a conver-
sation with computer (Q4), 51% of the participants prefer to use the
animated avatars.

In the open-ended question, we asked them to express why they
preferred one over the other. Almost all the participants expressed
that the avatars generated with GANs are more realistic. Four partic-
ipants mentioned that the lip sync was better in the GAN-generated
avatars than in the animated avatars, i.e., one participant even men-
tioned that "The GAN-generated avatars could trick me into that an
actual person is talking." Interestingly, three participants explicitly
mentioned that the talking faces looked scary and one participant
mentioned that there was something off-putting and it felt wrong.
An uncanny valley can explain why GAN-generated avatars are
innately unlikable unless they are perfect and natural.
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Table 5: The results of the user study to evaluate the number
of votes in response the questions.

Question GAN-generated Animated
Q1 25 14
Q2 23 16
Q3 23 16
Q4 19 20

5 DISCUSSION AND FUTUREWORK
This paper presented the results of a subjective study, where var-
ious animated avatars created using the Unity game engine and
GAN-generated avatars created by the state-of-the-art GANs-based
techniques were compared. The work on RQ1, comparing GAN-
based approaches, showed no significant difference between avatars
created by PC-AVS and MakeitTalk. However, the comparison be-
tween the facial landmark of LSP andMakeitTalk methods indicated
that the facial landmarks created by LSP methods are more realistic.
In future work, it is planned to train the LSP method to be able to
generate GAN-generated avatars. Furthermore, the MakeitTalk and
PC-AVS methods are not real-time, but we are planning to work on
real-time processing support in our future work.

RQ2 investigates the best animated avatar, which is going to be
used in the next iteration of the prototype and improve the system
illustrated in [9]. It was shown that, for male characters Liam and
the female characters Sarah can create the best realism and user
experience. However, there was no significant difference among
the best characters of each gender.

RQ3 investigated the voice of the avatars. It was shown that the
synthetic voices created by IBM Watson TTS are as realistic as the
natural voices and can make a similar user experience for users of
the system. Moreover, it was shown that female synthetic voices
could be used for both boy’s and girl’s avatars and create a realistic
experience. In the future iteration of the prototype, we will use
the computer-generated female voices for both characters as it was
shown to create a better user experience.

Furthermore, RQ4 investigated the difference between GAN-
generated and animated avatars. Contrary to our expectations,
animated and GAN-generated avatars were rated similarly for user
experience and realism. There were no significant differences be-
tween the best animated and GAN-generated avatars. The results
are more surprising when more than half of the participants stated
that they prefer to have a conversation with an animated avatar,
even though they are less realistic in terms of appearance and the
overall talking of the avatar. The reason behind that is reflected
in the open questions, where a few participants stated that the
GAN-generated avatars look scary. This can be evidence of the ex-
istence of the uncanny valley theory, which states that if an avatar
is humanoid but imperfect, its non-human features create strange
feelings in the audience that cause feelings of uneasiness and even
disgust.

Overall, generating video from audio is a challenging problem.
This is due to facts that mapping goes from a lower-dimensional
(audio) to a higher-dimensional (video) signal, and human eyes are
susceptible to visual artifacts in images and videos (the so-called

Uncanny valley effect). These challenges pose stringent require-
ments on the talking-head models. In our ongoing and future works,
we target to improve the realism of the GAN-generated avatars in
a way that creates fewer artifacts. In addition, we will experiment
with mixing both approaches, whereby by feeding an animated
facial image as the input, the talking head can be generated. In this
way, the avatar does not have a human face while the lip sync and
the head movements are good.

6 CONCLUSION
The ability of interviewers to retrieve essential information from
a maltreated and abused child is highly dependent on their in-
terviewing skills. Interview-training systems for CPS and law en-
forcement professionals that use realistic interactive avatars can
effectively improve conversation skills in this context. To proto-
type such a system, we adopted two different approaches to create
several child avatars, i.e., animated avatars created with the Unity
game engine and human-like avatars generated using the PC-AVS,
MakeItTalk and LSP GAN techniques. We also compared real and
computer-generated voices of the avatars. To compare and evaluate
the approaches, we designed a user study on 28 generated videos
to perform the assessment based on subjective score evaluation.
The study evaluated several GAN and game engine methods for
creating virtual avatars. Moreover, the results of the study indicate
the existence of an uncanny valley, where participants preferred
talking to the animated avatars rather talking to the more realistic
state-of-the-art avatars generated by GAN. Furthermore, it was
shown that using natural voices for virtual avatars does not create
more realism and better user experiences compared to computer-
generated voices.
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Abstract: When responding to allegations of child sexual, physical, and psychological abuse, Child
Protection Service (CPS) workers and police personnel need to elicit detailed and accurate accounts of
the abuse to assist in decision-making and prosecution. Current research emphasizes the importance
of the interviewer’s ability to follow empirically based guidelines. In doing so, it is essential to
implement economical and scientific training courses for interviewers. Due to recent advances in
artificial intelligence, we propose to generate a realistic and interactive child avatar, aiming to mimic
a child. Our ongoing research involves the integration and interaction of different components
with each other, including how to handle the language, auditory, emotional, and visual components
of the avatar. This paper presents three subjective studies that investigate and compare various
state-of-the-art methods for implementing multiple aspects of the child avatar. The first user study
evaluates the whole system and shows that the system is well received by the expert and highlights
the importance of its realism. The second user study investigates the emotional component and how
it can be integrated with video and audio, and the third user study investigates realism in the auditory
and visual components of the avatar created by different methods. The insights and feedback from
these studies have contributed to the refined and improved architecture of the child avatar system
which we present here.

Keywords: Child Protection Services (CPS); interview training; virtual child avatar; generative
pre-trained transformer 3 (GPT-3); generative adversarial networks (GANs)

1. Introduction

Child sexual abuse (CSA), violence, and neglect are major global public health issues
that have far-reaching immediate and long-term implications for the children involved,
as well as for society in general [1]. Child abuse represents a risk to the child’s existence
and development. Research proves that it has major consequences for the child, leading
to cognitive, behavioral, and social problems, as well as substance abuse, serious mental
health problems, and death [2]. CSA alone is identified by the World Health Organization
(WHO) as substantively contributing to the global burden of disease [3]. To investigate this
problem, child protective services (CPS) and law enforcement personnel must interview
the children concerned when planning responses to such abuse; the interviews thus play
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important roles in safeguarding children to promote their welfare and protect them from
harm [4]. Children are often interviewed as both victims and key witnesses to the abusive
incidents [5]. As there is often a lack of corroborative evidence in these cases, informative
interviews with child complainants play a crucial role in their investigation [6].

Most abused children do not have any physical signs of abuse [7]. This means that the
progress of the investigation depends upon the informativeness of the child‘s account of
the incident. Therefore, the interviewer’s ability to ask good questions that maximize the
quality and quantity of the information provided by the child is crucial. The investigative
interview is thus a vital component of a comprehensive child abuse investigation and
a prime opportunity for investigators to elicit accurate and detailed information from
alleged victims of child abuse [8]. A large body of research on children’s cognitive and
social development, supplemented by field studies on children’s ability to describe experi-
enced stressful and traumatic events, have identified best practices for how investigative
interviewing with maltreated children should be conducted [9]. These best-practice in-
vestigative interview guidelines provide interviewers with clear instructions regarding
how child witnesses should be questioned and supported in a non-suggestive way during
the interview to maximize the value of their testimony [10,11]. In particular, this includes
offering the children open-ended prompts while avoiding forced-choice and suggestive
questions because free recall questions encourage more accurate and longer responses
from children [12,13] (e.g., “What happened next?” where the child is provided with no
information that could influence their answers). Interviewers should also avoid suggestive
or leading questions (e.g., “the person touched your private part. Is it true?” or any other
question that might lead the child to tell a specific story). However, unfortunately most
interviewers do not adhere to such best-practice guidelines [14].

Powell et al. [15] found that interactive computer-based learning activities can improve
the effectiveness and productivity of investigative interviewers. Moreover, the area of
Artificial Intelligence in Education (AIE) facilitates the learning process and transfers
knowledge through humanoid robots or virtual avatars. In the same vein, there has been
significant progress in recent years towards synthesizing realistic digital humans, avatars,
characters, and agents [16]. The approach we intend to follow is to develop a realistic
child avatar that involves the integration and interaction of different components with
each other, including dialogue models, auditory, emotional and visual components of
the avatar. Our initial prototypes [17,18] demonstrated the potential of such an avatar,
and following the process of improving the interactive child avatar, we have employed
cutting-edge technologies to synthesize a realistic child avatar; for example, we have used
the RASA and GPT-3 for dialogues, the IBM Watson service for auditory, the GPT-3 and
BART for emotions, and GANs and Unity game engine for the visual appearance of the
avatar. In this paper, we systematically discuss the results obtained using these various
tools and techniques.

In addition, this article compares and contrasts various state-of-the-art ways of incor-
porating multiple characteristics of the child avatar in three user studies. The first user
study assessed the entire system and found that it was well received by experts who empha-
sized the importance of realism; the second user study looked at the emotional component
and how it could be integrated with video and audio features; and the third user study
looked at the realism in the auditory and visual components of the avatar created using
various methods. Based on the findings and user comments from these three investigations,
the paper describes the architecture of our child avatar system. In summary, the main
contributions of our work are:

• An investigation of the potential learning effects and user experience with the system.
• An investigation of the realism of the synthetic voices compared to natural voices.
• An examination of emotion extraction with different models based on children’s

answers in investigative interviews.
• An investigation of the realism of several methods for generating the appearance of

the talking avatar.
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• An investigation of the system architecture regarding the integration and interaction
of various system components.

The rest of the paper is organized as follows: Section 2 provides an overview of the
state-of-the-art with respect to different system components and highlights the importance
of the child avatar interview training system. Section 3 describes the system in overview
and discusses the material and methods used to develop various components of the system.
Section 4 evaluates the performance of various system components and discusses the results
of our three user studies conducted using the system components, and Section 5 discusses
the results and their limitations along with suggestions for future research. Finally, Section 6
concludes the paper and highlights the main findings.

2. Related Work

This section reviews related work on each of our research questions separately.

2.1. Investigative Interview Training

A number of training approaches have been developed to provide essential informa-
tion about how to conduct these interviews in compliance with best-practice guidelines.
One of the most prevalent methods of imparting knowledge to police officers and CPS
workers involves traditional classroom-based teaching. However, a large body of research
from all over the world of investigative interviewing of children [9] has shown that attempts
to improve the quality of investigative interviewing using such traditional classroom-based
instructions have not been productive [14]. Professionals tend not to follow recommended
questioning strategies. Instead, they tend to ask many risky option-posing and suggestive
questions rather than the open-ended questions that are preferred, resulting in unreliable
children’s reports about their experiences [19–22]. Following most training programs,
participants are required to participate in mock-interview activities involving an instruc-
tor/professional actor portraying an abused child, with feedback provided by a trainer.
Recently, the use of mechanical avatars in interviewer training have been shown to be
advantageous, especially when integrated with feedback [9,15,23–26]. By training inter-
viewers in the adoption of recommended best-practice interview strategies using a dynamic
avatar, including question types that encourage children to make the fullest possible use
of their cognitive and communicative abilities while avoiding strategies like suggestive
questions, has the potential to be beneficial. Conducting simulated interviews may be
particularly suitable for basic training, as well as practice and refresher training, which are
known to be especially important for the maintenance of skills. Using dynamic avatars in
training may be a very efficient way of acquiring and training practical skills. In addition,
AI-based interview training is less expensive, can be used over an extended period of time
and may be much more accessible to users than traditional in-person-training [15,27].

2.2. Emotions

Emotional intelligence is the ability to perceive, use, understand, and manage emo-
tions [28]. The level of emotional intelligence that an investigative interviewer portrays
influences the execution and performance of the emotional labor [29]. Which refers to
jobs where employees are expected to recognize emotions and act accordingly. These
jobs have guidelines and rules that need to be followed to ensure the quality of the work
completed [30]. The results of an investigative interview with an adult depend on how
officers handle the emotions of the interviewee. The outcome, the interviewees’ well being,
and therapeutic jurisprudence are all positively influenced if the interview is conducted
in an emotionally intelligent way [31]. Research addressing emotional intelligence in
child interviews is limited, but Albaek et al. [32] showed a need to address professionals’
emotional distress in child abuse cases in one qualitative meta-synthesis. To train CPS
workers and police officers to conduct investigative interviews effectively, it is important
that the training module emphasizes the right kind of emotionally expressive responses to
children’s emotions. By having the avatar express different emotions, just like real children
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would portray them, the interviewer can practice handling emotions in different scenarios
by, for example, offering non-suggestive emotional support when interviewing children.

Research shows that by classifying emotions through the identification of facial cues,
we can distinguish seven universal emotions [33–35]. These seven emotions are joy, sadness,
anger, disgust, contempt, fear, and surprise. These emotions can be expressed both verbally
as well as non-verbally. Katz and Hunter [36] and Karni-Visel et al. [37] classified non-
verbal emotions based on real-life interviews and discovered that non-verbal expressions
are 10 times more commonly expressed than verbal emotional expressions. However,
traumatized children may not show any emotion, either positive or negative [38]. This
phenomenon is called numbing. The paradoxical combination of expressing more non-
verbal emotions and numbing creates a difficult landscape for the talking child avatar.
Therefore, it is important to portray these emotions during the conversation with different
degrees of expression based on different child avatar personas. We must pay attention
to the extent to which the different personas express different emotions, as this can vary
considerably between children. The expression of the emotions will be noticeable in both
visual and auditory outputs with emotions, for example, changing facial expressions or the
pitch of the voice.

2.3. Chatbot

Typical applications of chatbots are found in call centers, e-commerce customer ser-
vices, and internet gaming. Chatbots in these sectors employ different machine learning
algorithms to conduct auditory or textual conversations with end users [39]. Chatbots that
mimic an allegedly abused child are much more complex to realize than simple question-
answering or even open-ended social chatbots [40]. Social chatbots have become more
realistic and advanced in the last few years. The goal of a social chatbot is to establish an
emotional connection with the person who is using it. A social chatbot is not the same
as an investigative training module, and it also must be able to recognize emotions and
track emotional changes during a conversation. Verbal or non-verbal emotions are an
important part of the conversation and can convey a lot of required information. However,
there are some implementations of chatbots that can converse with a certain emotional
component [41]. XiaoIce is a social chatbot developed by Microsoft [42] which detects the
sentiment reflected in the input before responding. However, identifying, understanding
and displaying emotions, and modeling the impact of emotions on the conversation qual-
ity are challenging tasks that we are currently addressing. In addition to the emotions
expressed in the conversation, there is a need to design and generate different personas
that have the ability not only to show emotions differently, but also to react to emotionally
charged conversations. Li et al. [43] showed how a neural-based approach can model the
different personas. Parametrization of emotions and personas into a chatbot could really
improve realism and immersiveness for the end-users, i.e., in our case, CPS trainees. There-
fore, this social chatbot aims to recognize emotions and present a consistent personality.
This personality would involve acting according to a given age, gender, language, speaking
style, attitude, level of knowledge, etc. We have started working on these individual aspects
of the chatbots, and we discuss them in the sections below.

2.4. Auditory

A conversation is a two-way flow of information. For a human to communicate with a
computer program using speech, one must find ways to translate between the textual and
auditory domains. This requires so-called speech-to-text (STT) and text-to-speech (TTS)
methods that work at low latencies to ensure a natural conversational flow. With the recent
advances in function of CNNs [44] and recurrent neural networks (RNNs) [45], STT meth-
ods are approaching human parity [46]. Benchmarks such as LibriSpeech [47] and the 2000
NIST Speaker Recognition Evaluation [48] have shown that current state-of-the-art deep
learning methods can recognize speech with very few mistakes [49,50]. As auditory speech
is more information-rich than pure text, we may also extract paralinguistic information
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such as emotions. Databases, such as IEMOCAP [51], can be used to train speech emotion
classifiers. Examples of such classifiers include CNN long short-term memory (LSTM) net-
works [52] and CNNs [53], which take audio and/or (log-mel) spectrograms as input. TTS
research has also developed considerably in recent years. Models such as Wavenet [54,55]
and Waveglow [55] have shown immense promise in using generative models to produce
very realistic speech from input transcripts. These methods are state-of-the-art and work
efficiently, which makes them apposite for the system presented here [56].

2.5. Visual

Due to the free access to large-scale datasets and the rapid development of deep learning
technologies, especially Generative Adversarial Network (GAN) [57] and its variants, un-
precedented successes have been achieved in the generation of realistic multimedia content.

Among the recent innovations in humanoid avatars, the Uneeq (https://digitalhumans.
com/, accessed on 24 May 2022) has designed a conversational AI system based on video
and audio components with natural voice and highly realistic facial expressions, and the
Soul Machines (https://www.soulmachines.com/, accessed on 24 May 2022) has developed
a digital brain that emulates human cognitive processes.

In the following, we provide a basic classification for understanding the differences
between various facial manipulation techniques regarding the amount of manipulation (as
shown in Figure 1). A brief explanation of each of them is given below.

  

Audio-driven Talking-head  

Face 

Manipulation 

Entire Face Synthesis / Unconditional Face 

Face Attributes Manipulation  

DeepFake / FaceSwap 

Talking-head Generation 

Video-driven Talking-head / 

Face Reenactment 

Figure 1. A comprehensive category of face manipulation techniques.

Entire Face Synthesis (or Unconditional Face Generation) means the production of
non-existent portrait images in the real world, e.g., PGGAN [58] and StyleGAN (https:
//thispersondoesnotexist.com/, accessed on 24 May 2022) [59] fall into this manipulation,
which generates ultra-realistic photos of humans who do not actually exist; even humans
have difficulty assessing their realism.

Face Attributes Manipulation consists of editing some attributes of a face such as
hair, skin color, eyeglasses, gender, and age as when using StarGAN [60]. Moreover,
FaceApp (https://www.faceapp.com/, accessed on 24 May 2022) has popularized facial
attribute editing as an application.

DeepFake (or FaceSwap) commonly replaces one person’s face in an image or video
with another person’s. In this respect, the combination of source videos results in a
fake video that shows an action or an event that never occurred in reality, for example,
creating fake news [61]. In the same way, a digital avatar has been developed to swap
faces in video chats (https://blog.siggraph.org/2021/01/ai-avatars-virtual-assistants-and-
deepfakes-a-real-time-look.html/, accessed on 24 May 2022). The DeepFaceLab (https:
//github.com/iperov/DeepFaceLab, accessed on 24 May 2022) [62] is also an open sourced
software package to build high fidelity face-swapping videos.

Talking-head Generation can synthesize precise lip synchronization, head pose mo-
tion, and natural facial expressions from a specific person by capturing one or more input
signals. Depending on the input data type, the existing approaches to talking-head gen-
eration can be divided into two broad categories: audio-driven and video-driven. Many
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audio-driven methods avoid straight mapping from audio to image, but instead first map
audio to an intermediate step like 2D facial landmarks [63–67] or 3D face shapes [68–72],
and then render photorealistic videos. Audio-driven talking-head generation is inher-
ently difficult because it generates hand and mouth movements based only on an audio
signal. Thus, some of the proposed works control the motions of a subject with one or
more additional videos as input categorized as video-driven methods (a.k.a face reenact-
ment) [73–78]. Similarly, Face2Face [73] enables real-time facial reenactment of a target
video sequence, i.e., animating the facial expressions of the target video using a source
actor and re-rendering the manipulated output video in a photorealistic fashion. Some
models also focus on training their model using a specific person [79,80]. Audio-driven
methods have received more attention in recent research because they aim to synthesize a
universal talking-head model for various subjects and applications.

2.6. Child Interview Training Avatars

Empowering Interviewer Training (EIT) [27] is an investigative interview training pro-
gram. Child responses are pre-defined in the system and responses are selected using a rule-
based algorithm. Based on the selected response, prerecorded videos of children showing
different emotions are chosen by a human operator and shown to the user. Pomedda et al.
conducted multiple studies using this system to analyze the training effects after having
multiple sessions of these mock interviews, the effects of feedback and reflection on improv-
ing the quality of the investigative interviews [24,81–83]. In Sweden, Linnæus university
and AvBIT Labs have also introduced an online interview training system. They also use
prerecorded audio responses and videos of a child avatar and human operator. the user is
shown an appropriate video response with suitable emotions controlled using Wirecast
software controls via the Skype interface [84,85]. Even though development and testing
of these systems have successfully transferred the investigative skills needed to interview
abused children, these systems are not dynamic in the response generation and have human
input during the response selection phase. This makes them rigid and harder to operate.

We propose an AI-driven training system that can dynamically respond to the ques-
tions and provide a higher realism during the training interviews. In addition, we propose
a system that would be completely independent of human input.

3. Materials and Methods

Figure 2 provides an overview of the entire architecture of the child investigative
interview avatar. Our proposed idea for the interaction flow between different system
components and the flow of data/information between them is well traceable in the
architecture. Yellow parts mark the language model, where GPT-3 is trained on real and
mock interviews, green parts are the emotional engine that extracts emotion from the
generated texts and provides the input to be applied in the avatar’s visual and auditory
output, blue parts are the auditory system, which uses IBM Watson API to convert the text
to audio and audio to text, and purple parts show the visual sections, where the generated
audio and visual aspects of the avatar are combined to create a talking face.

Although all of these modules can be developed in isolation, integrating all the
components would still be needed. This section discusses future research and the work in
progress for each component.
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Figure 2. System architecture. Green blocks denote the interactive parts, yellow blocks are language-
related, blue audio-related, and pink the parts of the system related to visualization.

3.1. Language

There are two sources of data, mock and real interviews, which will provide the train-
ing data for our chatbot. The Centre for Investigative Interviewing at Griffith University,
Australia [15] provided 1000 transcripts of the mock interviews conducted as part of their
investigative training for social workers, police officers and psychologists. In these mock
interviews, a trained actor mimics an allegedly abused child. Real-life child investigative
interviews will be added to the system at a later stage since we want to initially have a
more rigid and controllable version of the avatar.

The current chatbot was developed using Rasa (https://rasa.com/, accessed on 24 May
2022). It provides an open source framework to develop the automated solutions for text-
based conversations. The choice of RASA at this stage was motivated by the fact that
we lack enough data to develop a solution from scratch and aim to develop a prototype
for proof of concept. Additionally, with the small amount of data, RASA provides an
environment to control the flow of conversation. At the time of developing the first chatbot,
we had two hundred transcripts of well-conducted training interviews. The dataset we
created comprises conversations between a child aged 5–7 years and an interviewer. RASA
is powered by the TensorFlow [86] back-end framework. RASA has multiple modules
which employ different deep learning models to develop a complete dialogue model. Each
module takes in the training data in a module specific format. The NLU module employs
the Dual Intent and Entity Transformer (DIET) [87] for training to predict intent and entities
in the utterances jointly.

We extracted personas from the available transcripts by manually clustering them
based on scenario and chose one of them to develop our RASA chatbot. We aim to build a
chatbot that can show different personas and we are working with GPT-3 to achieve that.
We plan to use fine-tuned GPT-3 on our transcripts to allow us to capture the behavior of
children with different personas dynamically. We classify questions asked by interviewer
into 15 different categories and child responses as productive and non-productive. We
plan to use these data to develop deterministic models that can be employed for feedback
mechanism and regulating GPT-3 during the conversation to alter the behavior of the child
bot based on the type of question asked.
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We conducted an interactive study that followed ITU-T Rec. P.809 [88] test paradigm
which suggests that participants should be evaluated using a specified method after they
interact with the system in a specific scenario. In this study, we invited participants from
CPS agencies who had some experience interviewing abused children [17]. They were
asked to interview the child avatar mimicking a six years old child allegedly sexually
abused. The goal of this study was to evaluate the user’s quality of experience and assess
the system’s capability to enhance the learning experience and the acquisition of knowledge
and skills for communicating with abused children.

3.2. Auditory

We tested different speech synthesis services to see which one sounded the most
childlike. We chose to use IBM Watson services for text-to-speech (https://www.ibm.
com/cloud/watson-text-to-speech, accessed on 24 May 2022) (TTS) and speech-to-text
(https://www.ibm.com/no-en/cloud/watson-speech-to-text, accessed on 24 May 2022)
(STT) synthesis because of the range of synthetic voices and in-built options for pace and
pitch adjustment. Watson TTS and STT are cloud service APIs that serve as communicative
bridges between language (back-end) and visual (front-end) components. The user commu-
nicates with the front-end verbally, with the question uttered by the user sent to the IBM
STT API to be transcribed with the response then forwarded to the back-end. The dialogue
model processes the user utterance at the back end and generates the appropriate response.
This response is then sent to the IBM TTS API, sending the audio response to the user at
the front end.

3.3. Emotions

Unfortunately, it is difficult to obtain audiovisual field interviews due to privacy
concerns. Therefore, the prediction of the emotions is purely based on written text rather
than a combination of both textual, audio, and visual input from transcripts of mock
interviews [15]. Due to the lack of annotated data, we started our experiments with a
pre-trained transformer model for sequence classification. From the HuggingFace library
(https://huggingface.co/, accessed on 24 May 2022) we used the zero-shot classification
pipeline in combination with the BART large model. The BART large model [89] is an
autoencoder for pretraining sequence-to-sequence models. This model is made specifically
for GLUE tasks [90], with sentiment classification as a sub-task. We present the model with
our set of labels. The model then returns the class labels with their corresponding proba-
bilities. We also experimented with the use of GPT-3 [91] and with different approaches
to predict and choose the correct sentiment from the seven options. The emotions were
predicted using only one sentence, the whole story up until the current sentence, and using
a sliding window with and without a threshold to restart the window. The window size
experiments varied with window sizes of 3, 5, 7, 10, and 15. If a threshold is set and the
single sentence prediction has a higher probability than a certain threshold, it restarts the
window. The choice for including such a threshold was made to be able to recognize the
potential for sudden significant changes in emotions. If a child, for example, starts telling
about how they started crying, the sentiment turns very sad very quickly, and the context
is thus of less influence.

We commenced using the before-mentioned seven universal emotions. However, we
also performed the same experiments using only the four basic emotions of joy, sadness,
anger, and fear [92] instead of the seven. The reason to change the subclass of emotions
from four to seven was due to the low Intraclass Correlation Coefficient score on the seven
dimension experiments, as it only scored 0.537 on average measures.

The importance of the emotion classification part becomes cognizable when it is
integrated into the complete system. It plays an integral part in the visual and audio output
by altering the output based on the specified emotion. We created an emotion pipeline that
predicts both the emotional valence of the interviewer’s input and the chatbot’s output.
Due to the closed-off RASA environment, it is not possible to directly classify the bot’s
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responses in the environment. However, it is possible to classify the input in the RASA
environment. Using the requests package (https://github.com/psf/requests, accessed on
24 May 2022) in Python connected to the localhost address where the RASA bot is running,
we are able to receive and classify both the human input as well as the RASA output. This
is necessary because classifying the RASA response is of great importance for our system.
The emotion pipeline receives these texts as input and then provides the input for the audio
and visual part.

3.4. Visual

Our early efforts are dedicated to research and proof-of-concept development. To dis-
cover the right approach to generate a visual child avatar, we went through a trial-and-error
procedure that involved three prototypes: Faceswap, Unity Multipurpose Avatar (UMA)
and Talking-head Generation. The following is a description of each.

In the first prototype, we narrowed the scope to a system that can lip-synch a spec-
ified audio stream by manipulating a video or image of a person. Similarly, we chose
Faceswap [93], which allows us to swap two people’s faces, an open source deepfake soft-
ware, that is based on two autoencoders with a shared encoder in which the encoder learns
the common features of the source and the target faces, while the two decoders learn to
generate the source and target faces. The method requires a full video and many images of
the face to be transferred and each new face requires a separate neural network. In the second
approach, the child avatars were developed using the open source project Unity Multipur-
pose Avatar (UMA) (https://github.com/umasteeringgroup/UMA, accessed on 24 May
2022) system. We customized the characters by merging meshes and textures, and the audios
were synchronized with the avatar. Using the Unity game engine asset SALSA LipSync
Suite (https://assetstore.unity.com/packages/tools/animation/salsa-lipsync-suite-148442,
accessed on 24 May 2022), we generated eye, head, and mouth movements in sync with audio.

After reading a number of publications [94–96], we turned to audio-to-video transla-
tion methods using GANs for realistic avatar synthesis which were popularized when used
to generate a fake video of Obama (https://www.youtube.com/watch?v=cQ54GDm1eL0,
accessed on 24 May 2022) [63,97]. Following an examination of the two approaches of
ObamaNet [97] and the method proposed by Suwajanakorn et al. [63] in our previous
work [98], we experimented with the ICface [74], a lightweight model for face animators
that is driven by human interpretable control signals. This method belongs to video-driven
talking-head generation (a.k.a., face reenactment) because it uses another video as input to
regulate expression, pose, mouth, eye, and eyebrows movements.

We next used two contemporary state-of-the-art procedures to obtain more results
after collecting the necessary understanding regarding talking-head methods, including:
PC-AVS [75] and MakeItTalk [65]. The same general approach was adopted for all methods:
an audio stream generated by IBM Watson TTS was given to the network as input to
synthesize lip-synced videos.

MakeItTalk was trained on the VoxCeleb2 [99] dataset, which contains video segments
from a variety of speakers and can synthesis expressive talking-head videos with an audio
stream and a portrait face image as the only inputs. It also generalizes well to unseen facial
images. MakeItTalk presents a self-attention based LSTM able to disentangle content and
style in audio and lead to the generation of a speaker-aware talking-head. PC-AVS takes a
single facial image as an input and generates a talking-head whose poses are controlled
by the pose on another source video. The method implicitly devises a posture code that is
free of mouth shape or identification, then modularizes audio-visual representations into
spaces for audio content, head movement, and identity without relying on any intermediate
information such as landmarks and 3D face shapes.

We conducted a user study to assess the two promising Unity game engine and
talking-head techniques. The findings are briefly addressed in the next section.
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4. Results

Eventually, users learning to conduct expert investigative interviews will use the
talking child avatars directly. Therefore, subjective evaluation of humans is an essential step.
In this section, the extracted results are described for each language, auditory, emotional,
and visual components.

4.1. Language

The first interactive study involved expert users interacting with a six-years-old
sexually abused child to validate our first prototype as a proof of concept for the proposed
training system for investigative interviewer training. The core of the system used RASA
as the dialogue model. Results of this user study showed that it was well received by
the CPS workers. 72% opined that it could help them obtain knowledge and skills for
communicating with abused children and 81% stated that it could improve their self-efficacy.
The current chatbot was developed specifically to practice an investigative interviewing
methodology following best-practice guidelines and inspired by the research on interview
methodology conducted by researchers at the US National Institute of Child Health and
Human Development (NICHD) [11]. Although the dialogue model can answer questions
about the child‘s life that might not be relevant to the alleged incident it is still not capable
of having a generic conversation with the child. It is hard to model small talk with RASA,
as it leads to many intent definitions that negatively affect the performance of the intent
classification model. We believe we can deal with the shortcomings of RASA chatbot using
GPT-3 to keep the story coherent while also being able to answer generic small talk. RASA
provided more control over how we wanted the conversation to proceed, but it is not a
scalable solution.

4.2. Auditory

The user study had synthetic voices generated by IBM Watson TTS and recorded
voices of natural speech, each of them for two different genders, as test conditions. This
section investigated whether computer-generated voices can be as realistic as human voices
and the appropriateness of the voices associated with each character. Figure 3 shows the
results of the user study that compared the voices generated by a computer and by a human.
A factorial ANOVA compared animated and GAN-generated avatars, where each had both
synthetic and natural voices. The factorial ANOVA shows no significant main effect of type
of voices (F(1, 35) = 1.39, p = 0.24), meaning that the computer generated voices were
rated equivalent to human voices and there was no significant difference between them.

Figure 3. A comparison between natural and synthetic voices in animated unity-based and GAN-
based avatars.
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4.3. Emotions

As explained in Section 3, we started with both GPT-3 and BART predicting one
sentence at a time. Comparing this with the results of a user study yielded promising
results. However, these results do not always make sense in a larger context. Take the
sentence “I was on the playground” as an example. This sentence is innocent and suggests
enjoyment when viewed on its own, but it may no longer have that positive connotation
in the context of abuse. The single-sentence prediction misses the importance of context.
The opposite occurs when predicting the emotion based on the whole story. At some point,
the model is not able to pick up subtle emotional changes since there is too much context.
Thus, the single-sentence prediction is less complicated but not accurate since it misses
important context. By contrast, the whole story has too much context, resulting in results
that are not accurate either. The sliding window appeared to offer the perfect solution to
this problem. Using a window consisting of between 3 and 7 sentences was expected to
be ideal. However, the threshold did not work as expected. The hypothesis was that it
would help spot sudden substantial emotional changes in the story, for example, if a child
started crying. However, a restart of the window often occurred with sentences classified
as enjoyment. Consequently, the model predictions got worse due to the implementation
of the threshold.

It is challenging for humans to reach a consensus when classifying data excerpts with
seven emotions as the options. There was unanimous agreement about only one of the
twenty-one questions, that one being a single sentence excerpt. Although there was a clear
winner for eleven questions, the Intraclass Correlation Coefficient (ICC) based on average
measures was low on seven dimensions, scoring only 0.537 on average. The ICC describes
how strongly elements in the same group resemble each other. An ICC between 0.40 and
0.59 is a moderate score. However, it is preferable to have an ICC score of at least 0.75 [100].
When we reduced the number of emotions to four, the participants were better at agreeing
on the best fitting class. Reducing the number of categories resulted in more clear winners
than before. The ICC also increased from 0.537 to 0.788: it was significantly higher with
four dimensions than with seven.

A comparison between GPT-3 and BART was based on human annotations from a
survey of 21 participants. 52.4% of the participants identified as female and 47.6% as male.
Most of the participants were between the age of 26 and 35, but people between 18 and 25,
36 and 45, and 56 and 65 years also participated. The survey included eight single-sentence
excerpts and 12 excerpts for each window size. The window sizes that we used were 3, 5,
and 7.

The results showed that BART could predict more single sentences correctly, whereas
GPT-3 was better at predicting sentences in context. One of the sentences in the user study
was “We watched a movie and then we got some ice cream and then we went to bed.”.
The human consensus, the GPT-3 model, and BART, classified this as enjoyment. It becomes
more difficult to classify sentences such as “It really hurt”, which BART and the human
participants classified as sadness, while GPT-3 considered it to be anger.

Sometimes both the models and the user study results were in agreement. This
happened for the excerpt shown in Figure 4. It was unanimously considered to belong to
the class fear.

However, there are also instances where both models made different classifications
than human participants. This happened with the conversation shown in Figure 5. Both
models only saw the responses that the child gave us and thus, classified this excerpt
as enjoyment, whereas the participants saw the whole conversation and classified it as
fear instead.

There is not always a reason why one or both models are wrong. Sometimes, it is a
matter of interpretation. As mentioned above, GPT-3 is better when the context is involved,
as was also the case in Figure 6, where both models predicted a different emotion based on
the text given to them.
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Figure 4. Excerpt from the user study with window size 5 where both models are in agreement with
the human opinion.

Figure 5. Excerpt from the user study with window size 3 for which both models were not in
agreement with the human raters.

Figure 6. Excerpt from the user study with window size 5 for which both GPT-3 and the human
raters agreed that this should be classified as fear, while the BART model classified its as anger.

4.4. Visual

Here, we report on the findings and lessons learned using the tools introduced in
Section 3.4. First, we investigated the deepfake models and why they are unsuitable for
creating realistic avatars. Then, using a subjective study, we evaluated the realism of the
talking-head techniques and avatars created by the game engine as the solution to be
integrated into the child avatar system.

Faceswap [93] is the leading free and open source multi-platform Deepfakes software
that uses computer graphics and visualization techniques. Faceswap is used to swap the
faces of two people. According to the results of published research [98], when a man’s
visage is used on a child, Faceswap does not produce a realistic outcome. Although two
people who are very similar in appearance could create a better result, we cannot rely on
close likeness for our use case. As a result, Faceswap appears not to be suitable for creating
a realistic-looking avatar.
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ICface [74] can transfer the expressions from a driving video to a source face image
(as shown in Figure 7) video-driven talking-head (refer to Section 2.5). Although ICface
can be applied to arbitrary face images, the results are not as visually plausible. Moreover,
manipulating expressions in images using human interpretable control signals such as
head movement angles and Action Units (AUs) is tedious, time consuming, and causes
repetitive facial expressions. Therefore, this method is not efficient enough to employ to
generate a realistic avatar.

Figure 7. Given an arbitrary source face image generated by styleGAN [59,101] and a driving video,
ICface [74] has generated the talking-head of a child.

We investigated the efficacy of the two approaches to talking-head generation using
GANs and Unity game engine-based generation by conducting a crowdsourced user study.
In both cases the audio stream used as input was obtained from IBM Watson (Introduced
in Section 3.2) and recorded natural human voices. We generated 18 avatars using the two
open source talking-head methods MakeItTalk [65] and PC-AVS [75], which can generalize
well on any desired facial images. Here, StyleGAN [59,101] was utilized to create some child
portrait images. Input facial images and several frames of video images thus generated
are shown Figure 8. We also developed ten animated avatars using the Unity game engine.
Finally, 28 ten-second video clips of the created avatars were provided using methods
based on either GANs or the Unity game engine.

The study was conducted through crowdsourcing and Microworker (https://www.
microworkers.com/, accessed on 24 May 2022) was used as a recruiting environment,
with users referred to a questionnaire tool hosted on a separate server that contained the
videos. To ensure the validity and reliability of the collected data, only high-performing
crowdworkers who performed the best on the test were invited to participate.

Overall, 39 crowdworkers provided valid results in this study, including 10 women,
27 men, and two of other genders. The crowd workers aged 19 to 54 years (Median = 28,
Mean = 29.58, SD = 8.36) were geographically evenly distributed between Europe, Asia
and America (North and South).

Participants were asked to evaluate each video with regard to three statements: ’How
realistic was the talking avatar?’, ’How realistic was the avatar’s appearance?’, ’How was
your overall experience with the avatar?’ and ’How were the audio and mouth/lips
synced?’ on a scale between 1 to 5 (5-strongly agree, 4-agree, 3-neither agree nor disagree,
2-disagree, 1-strongly disagree). More details about the dataset and the study design are
given in [18].

We first examine the difference between the MakeItTalk [65] and PC-AVS [75] as audio-
driven models from different perspectives. From our point of view, PC-AVS can generate
correct lip-synching, but it can not maintain the identity and resolution of the input facial
image, and it also generates talking-heads with no blink motions. MakeItTalk, on the other
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hand, can perform blink actions and maintain the resolution of the input facial image by
depending on exact facial landmarks. Still, it does not accurately synchronize the shape of
the mouth. Additionally, natural head movement is one of the most important aspects of
effective communication in the real world. MakeitTalk can generate subtle head motions,
unlike most existing approaches that generate face animation with a fixed head pose. These
motions involve many repeating behaviors and movement patterns that only minimally
swing around. In contrast, PC-AVS takes a brief target video and an audio stream as input
to transfer the head position, resulting in more varied rhythmic head motions based on the
input video clip. However, because this strategy depends on another short video clip, it is
not particularly useful in our situation.

 

Figure 8. Illustration of a talking-head video generated using two methods, PCAVS [75] and
MakeItTalk [65]. The input is an image generated using styleGAN and an audio generated us-
ing IBM Watson. The first two rows: PCAVS and the second two rows: MakeItTalk.

The bar-plots in Figure 9 depict the user ratings showing no significant difference
between the MakeItTalk and PC-AVS models for four different characters. We expected
MakeItTalk to appear more realistic from the user’s perspective, but it did not. Four
repeated measure factorial ANOVAs were used to compare the main effects of models
and characters and their interactions on all four quality dimensions. According to all four
quality criteria talking, appearance, experience and lips sync, there was no significant
difference between the two models (MakeItTalk and PC-AVS), and the characters (the
selected facial image). For the realism of Talking, there were no significant main effects of
the model (p-value (p) more than <0.05) (p < 0.6), or characters (p < 0.5) and no significant
interaction between model and characters (p < 0.06). For Appearance, no main effects were
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observed for the model (p < 0.09), or characters (p < 0.21) and there was no significant
interaction between model and characters (p < 0.09). For Overall experience, there was no
main effect of model (p < 0.86), no main effect of characters (p < 0.29) and no interaction
between model and characters (p < 0.38). And for lip-sync, there was no main effect of
model (p < 0.52), no main effect of characters (p < 0.17) and no interaction between model
and characters (p < 0.07). 
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Figure 9. Bar-plot (95% confidence interval) for comparison of MakeItTalk [65] and PC-AVS [75].

Interaction with the virtual avatar necessitates techniques to generate high-fidelity
talking-head frames while maintaining human observers’ trust and empathy. According to
Uncanny Valley theory [102,103], if an avatar is humanoid but imperfect, its non-human
features instill confusion and even fear in the audience. Thus, we developed animated
facial avatars using the Unity game engine to see whether the uncanny valley exists in the
context of a child interview.

To investigate the avatars created by the game engine, a one-way repeated measure
analysis of variance (ANOVA) for the mean of overall experience and appearance was
performed. The lip-sync quality was not explored in the data analyses because all of the
animated characters used the same technique for lip-sync generation utilizing the Salsa
component in the Unity game engine. The animated avatars’ quality ratings are shown
in Figure 10.

Next, the best-rated avatars created with GAN were compared with the animated
avatars created by the Unity game engine. The best avatars in GAN were Omid and Darya
from model PC-AVS, which were selected based on how realistic their Appearance and
Talking were rated. These two avatars are compared with Sarah and Liam’s animated
avatars created by the Unity game. Figure 10 shows the quality ratings for these four
avatars. Sarah’s character was rated slightly lower than the others, which might be due to
weaker lip synchronization, but there was no statistically significant difference. A factorial
ANOVA showed that although there was a general trend for more realism to be perceived
in the videos created by GANs, there was no significant main effect of realism for Talking
F(1, 37) = 2.54, p = 0.12, Appearance F(1, 37) = 2.66, p = 0.11 and Overall experience
F(1, 37) = 1.09, p = 0.30. Overall, the results showed that although the avatars generated
by GANs were slightly more realistic, they did not necessarily create a higher quality of
experience and realism for the user.

In addition to the quality aspects, we asked participants an open question about
their reasons for preferring one character over the other at the end of the questionnaire.
Almost all of them agreed that the avatars generated by GANs were more realistic. Four
participants stated that lip-synching in GAN-generated avatars was better than in animated
avatars. One participant even stated, “The GAN-generated avatars could trick me into
thinking that an actual person is talking.” Three participants unequivocally stated that
the talking faces appeared frightening, and one participant mentioned that something was
off-putting and felt incorrect. This is because GAN-generated avatars are innately unlikable
unless they are perfect and natural, as explainable by the uncanny valley theory.
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Figure 10. Bar-plot (95% confidence interval) to show results of the user study for the evaluation
of two of the best female and male characters created for both the GAN-Based and game engine-
based approaches.

5. Discussions and Future Work

Enhancing the disclosure of child abuse can facilitate earlier protection, prevention,
and prosecution when children are victims of sexual, physical, and emotional abuse,
thereby possibly having a huge impact on individuals’ mental health and the future of
society in general. The paper describes how an avatar-assisted mode of training might
help CPS workers and police officers learn how to effectively interview sexually and
physically abused children. Thanks to recent developments in AI, we proposed synthesizing
a realistic digital child avatar, attempting to emulate an abused child. Our ongoing work
focuses on integrating various components, including the language, auditory, emotional,
and visual components of the avatar. The proposed system can dynamically respond to
the questions and provide a higher level of realism during the training interviews and
would be completely independent of human input. Therefore, unlike previous systems
that were too rigid in their response generation, lacked generality, and required human
input, our proposed system can generate dynamic responses without human operation.
Such a system would be more dynamic and cost-effective because it lowers expenditures
on human resources. This study discussed lessons and outcomes achieved by adopting
various techniques. Moreover, three user studies were conducted to comprehensively
evaluate a number of these methods.

The first user study showed that, although RASA provides an environment to manage
the flow of dialogue within brief mock interviews, it is not easy to model small talk with
RASA because it leads to many intent definitions, negatively affecting classification of the
model’s intent. We believe that by using GPT-3, we can address the shortcomings of the
RASA chatbot, which will maintain the coherence of the story while also answering generic
small talk. RASA gave us greater control over how the conversation flows, but it is not
a robust solution as it has not been trained on open-domain data to sensibly answer the
questions that are not in transcripts used during training.

There were also promising initial results concerning the emotional component. How-
ever, it is essential that more annotated data get analyzed and compared to the output of the
existing models. We can incorporate the right model into our emotion pipeline. After that,
we can start implementing the pipeline in both the auditory and visual components, fol-
lowing which users can evaluate what does and does not work. However, at this stage
the biggest improvements would be made if there were annotated text data available in
combination with the corresponding videos. It is also worth researching whether better
results would be obtained if the interviewer’s questions were also classified. Figure 5
shows this could be a positive influence. However, it may negatively affect other currently
correctly classified examples, so it is worth investigating.
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Another user study was conducted to explore the realism of the avatar’s auditory
and visual components. For the audio component, the avatars were tested using synthetic
voices generated by computer and natural human voices. The results showed that synthetic
voices generated by IBM Watson TTS can be as realistic as natural voices. Based on those
results, we decided to use the synthetic voices for the avatar.

For the visual component, facial manipulations using the FaceSwap and video-driven
talking-head methods were ineffective. We therefore turned to the Audio-driven talking-
head using GANs and Unity game engine and then conducted a user study to compare
them. Contrary to our predictions, GAN-generated and Unity game engine avatars were
rated similarly. The best generated avatars using the two approaches were not rated
differently. The results are even more startling because more than half of the participants
claimed to prefer conversing with avatars developed using the Unity game engine, even
though the avatar’s appearance and overall talking were less realistic. A few participants
noted that the GAN-generated avatars appeared to be frightening in response to an open
question. This could be evidence of the presence of an uncanny valley [102,103]): if an
avatar is humanoid but flawed, the viewer may experience weird feelings of uneasiness and
even revulsion as a result of the avatar’s non-human traits. We aim to improve the realism
of GAN-generated avatars in the future so that fewer artifacts are produced. Furthermore,
we will experiment with combining the two methodologies, with the talking-head formed
using an animated facial image as input. Further, future works will explore the human
influencing factors and their impact on the user experience. The human influencing factors
include demographic characteristics such as age, gender and socio-economic background,
physical and mental constitution, and the user’s emotional state [104], all of which can
have an impact on the user experience.

In addition, we intend to consider the versatile and novel LSP model [67] in future
work. LSP introduces a real-time system that generates talking heads with natural head
movement, lip-sync, and eye blinks using only audio signals at more than 30 frames per
second. Furthermore, the system requires training on a several-minute video of the desired
character. We can provide this video from a real human generated using GANs or an
existing talking animation. Thus, LSP appears practical and ideal for developing a digital
child avatar due to its high-fidelity video creation and real-time capabilities.

6. Conclusions

In forensic interviews, obtaining valuable information from a neglected or abused
child requires the interviewer to have good interviewing skills. Our ongoing work aims
to synthesize an interactive virtual child avatar in real-time, mimicking a child so that
law enforcement and CPS workers can efficiently be trained to learn and improve these
skills. This paper presented the interactive child avatar system, mimicking an abused child.
The system is designed using different artificial intelligence-based technologies such as
the avatar’s language, auditory, emotional, and visual components. Furthermore, using
three subjective studies, various system components were investigated. The results of the
first user study showed that participants believed the child avatar system could effectively
improve conversational skills and was well received by the CPS workers. Furthermore,
the second study examined emotion extraction using different models and discussed how
emotion could be integrated with auditory and visual components. The third user study
first showed that the synthetic voices generated by computers could be as realistic as
natural voices, and then investigated the realism of various techniques for generating child
avatars. It was shown that the GAN-based and game engine-based avatars could create the
most realistic avatars. Using the insights provided by these three user studies, the refined
and improved architecture of the child avatar system was presented, and the integration
and interaction of various components were discussed.
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Enhancing investigative interview 
training using a child avatar 
system: a comparative study 
of interactive environments
Syed Zohaib Hassan 1,6*, Saeed Shafiee Sabet 1,6, Michael Alexander Riegler 1,2,6, 
Gunn Astrid Baugerud 3,6, Hayley Ko 3,5,6, Pegah Salehi 1,6, Ragnhild Klingenberg Røed 3,6, 
Miriam Johnson 4,6 & Pål Halvorsen 1,2,6

The impact of investigative interviews by police and Child Protective Services (CPS) on abused 
children can be profound, making effective training vital. Quality in these interviews often falls short 
and current training programs are insufficient in enabling adherence to best practice. We present a 
system for simulating an interactive environment with alleged abuse victims using a child avatar. The 
purpose of the system is to improve the quality of investigative interviewing by providing a realistic 
and engaging training experience for police and CPS personnel. We conducted a user study to assess 
the efficacy of four interactive platforms: VR, 2D desktop, audio, and text chat. CPS workers and 
child welfare students rated the quality of experience (QoE), realism, responsiveness, immersion, 
and flow. We also evaluated perceived learning impact, engagement in learning, self-efficacy, and 
alignment with best practice guidelines. Our findings indicate VR as superior in four out of five quality 
aspects, with 66% participants favoring it for immersive, realistic training. Quality of questions posed 
is crucial to these interviews. Distinguishing between appropriate and inappropriate questions, we 
achieved 87% balanced accuracy in providing effective feedback using our question classification 
model. Furthermore, CPS professionals demonstrated superior interview quality compared to non-
professionals, independent of the platform.

Child abuse is a global concern that is known to have adverse effects on children’s development and mental and 
physical health. Research has shown that children who are victims of abuse experience cognitive impairments, 
and both mental and physical health issues that can affect them throughout their entire lives1. In addition, 
meta-analytic studies have estimated that 22.6% of children experience physical abuse and 11.8% are subjected 
to sexual abuse before the age of eighteen2,3, i.e., 8% of boys and 19% of girls face child sexual abuse (CSA)4. 
However, Andrews et al.5 argue that CSA prevalence actually ranges from 2-62% for sexually abused children 
during childhood, with the reported prevalence varying due to different methods of data collection and assessing 
CSA, meaning that the incidence of CSA may be higher.

Less than 15% of reported CSA cases have physical evidence, with only 9% of cases having medical evidence6. 
Furthermore, studies have shown that in 70% of the CSA cases children are the only witnesses of the criminal 
incident7,8. Thus, investigative interviews of children are critical for the prosecution of these cases. Research 
has further shown that children are reliable witnesses when interviewed properly and in line with best-practice 
recommendations9–12, i.e., developed by researchers and professionals to establish rapport and increase narrative 
details with the child13. These guidelines promote communication with the child through open-ended questions 
(e.g., “Tell me what happened.”), active listening, and support14,15. To encourage children to express themselves in 
their own words, encourage elaborate and coherent information, and prevent any contamination of their original 
memory, interviewers should use open-ended questions16. However, multiple international studies have found 
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that these guidelines are rarely followed and that the quality of investigative interviews is quite poor17–20. The need 
to enhance the quality of investigative interviewing is evident and widely acknowledged in academic discourse. 
While some training programs have shown promise, they have not been effective in consistently improving 
interviewer behavior21–23. Recent studies, including one conducted in Norway over a 10-year period, suggest 
that despite advancements in training and innovation, there has been no significant improvement in interview 
quality24. To address this issue, it may be useful to design an interactive training program that can effectively 
train professionals in investigative interviewing.

This is precisely where the domain of computer science, specifically artificial intelligence (AI), can offer 
invaluable contributions. To the best of our knowledge, there are currently two child avatar training systems 
with the primary objective of enhancing the quality of interviews. Linnæus University and AvBIT Labs in Swe-
den developed an interview training system that employs prerecorded audio and video responses of an abused 
child. A human operator selects an appropriate video response for the user, which is displayed through Wirecast 
software controls on the Skype interface25,26.

Pomedda et al.27 presented Empowering Interviewer Training (EIT), an investigative interview training 
platform that uses a rule-based algorithm to select a pre-defined response based on user input. The user is pre-
sented with pre-recorded videos of children displaying different emotions, selected by a human operator. They 
conducted multiple studies with EIT system and investigated the impact of feedback on training effectiveness 
using their system and conducted multiple studies to analyze its learning effects28–31. Their findings suggest that 
incorporating feedback enhances learning effects, but the system has limited response generation capabilities.

While these systems have contributed to enhancing investigative interviewing abilities, they still possess 
certain limitations. Their response generation is inflexible or requires human intervention in their operation, 
leading to greater operational costs and the possibility of human errors. We have developed a training system for 
investigative interviews that incorporates lifelike avatars capable of dynamically responding to various queries, 
providing an immersive experience through virtual reality (VR) technology32. Our approach utilizes advanced 
natural language processing (NLP), which enables computers to understand and generate human language, and 
vision technologies, which allow machines to interpret and generate visual content, in combination to achieve 
this goal to create a virtual talking avatar. These technologies synergize to create a virtual talking avatar that 
simulates an abused child33.

The utility of VR extends beyond mere immersion. Increasingly, research indicates that VR can be a power-
ful tool for learning and education. Compared to 2D, audio, chatbot, or other interactive environments, VR can 
create a more engaging environment. Pausch et al.34 along with Bailenson et al35. discuss the use of immersive 
VR in educational settings and its impact on engagement and motivation. Both sets of authors concur that the 
immersive qualities of VR can elevate engagement and motivation, potentially leading to increased practice time. 
However, Pausch et al.34 also caution that over-immersion can sidetrack users from learning goals, diminishing 
the effectiveness of learning. Similarly, Bailenson et al.35 stress the significance of aligning VR experiences with 
learning objectives and balancing immersion and learning outcomes to optimize educational benefits. Numerous 
studies have been conducted to assess the impact of VR on learning in comparison to alternative methods. Lai 
et al.36 examined a vocabulary learning game in both VR and 2D, concluding that VR resulted in a significantly 
higher mean Quality of Experience (QoE) than the 2D desktop for vocabulary learning. Krokos et al.37 obtained 
similar outcomes for a memory learning task. In contrast, Madden et al.38 conducted a comparative study on 
learning moon phases through VR, PC, and hands-on training. They reported no significant difference between 
the three environments.

Studies have also explored the effectiveness of VR interview training platforms in improving interview skills 
and vocational outcomes, primarily focusing on individuals with conditions like autism spectrum disorder 
(ASD), schizophrenia, and substance use disorders. These studies consistently reveal positive results, including 
enhanced interview skills, boosted self-confidence, and a higher rate of job offers for participants who underwent 
VR interview training39–41. However, it is important to note that the efficacy of VR interview training may vary 
depending on the specific population and context in which it is used. Using VR for investigative interviews with 
artificial children is a complex issue that requires investigation. Adaptability and acceptability of VR are also 
key issues, which are influenced by various social groups based on gender or profession. Raaen et al.42 examine 
the level of acceptance and utilization of VR technology among the Norwegian population. The study reveals 
that merely 20% of the population has had any prior experience with VR, and only 0.6% of the individuals use it 
once per week. The feasibility of using VR for investigative interviews with artificial children is a complex issue 
that requires further investigation, especially in the context of the QoE for CPS workers.

In our earlier work32, a pilot QoE study was conducted with child protective services (CPS) professionals, 
who are experts in interviewing abused children, where they interacted with a virtual child avatar in VR. QoE 
measures the degree of delight or annoyance of the user of an application or service43. The results showed that 
the perceived realism, encompassing aspects such as appearance, speech, and lip-sync, along with a sense of 
presence, feeling fully immersed and engaged in an environment44,45, were crucial factors for the users. To further 
investigate these aspects of realism, another user study was conducted46,47. Realism study’s findings reveal the 
presence of an uncanny valley, wherein participants favored interacting with animated avatars over highly realistic 
avatars generated by GAN technology48. Additionally, the research demonstrated that employing natural voices 
for virtual avatars did not enhance realism or improve user experiences when compared to computer-generated 
voices. Participants in the pilot study also expressed the importance of note-taking during long-duration inter-
views, and it remains a challenge to develop a VR environment where users can take notes.

Furthermore, previous research did not focus on domain experts, and as demonstrated by Sabet et al.49, 
domain experts have different perceptions and expectations of a child avatar system than non-experts. Domain 
experts have specialized knowledge, training, and experience in dealing with real-world situations involving 
children, which may shape their expectations and responses when interacting with virtual child avatars in a 
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sensitive context. For instance, experts may have a more nuanced understanding of the non-verbal cues and 
behavioral patterns of children, which can influence their assessment of the realism and effectiveness of virtual 
child avatars for interviews. It is essential to conduct further research to explore the feasibility and potential 
benefits and risks of using VR for investigative interviews with artificial children. This motivated our compara-
tive study to assess the QoE of expert participants in various interactive environments. The aim of our research 
is to investigate the possibility and potential advantages and drawbacks of utilizing VR as a means of conducting 
investigative interviews with artificial children, in comparison to other interactive mediums like 2D, audio, and 
text. Our study involved participation from CPS workers and child welfare psychology students, referred to as 
non-CPS in our paper.

The first part of the study design involves participants engaging with a child avatar for 90 seconds in various 
environments and sharing their feedback on the experience. ITU-T, which stands for the International Telecom-
munication Union’s Telecommunication Standardization Sector, provides recommendations through ITU-T 
P.809 for conducting subjective experiments aimed at assessing the QoE for gaming services50. According to 
recommendations, short interactive sessions are suitable for measuring overall QoE, but may not be sufficient 
for assessing flow and immersion for sessions lasting less than 10 to 12 minutes. We argue, however, that it could 
be adequate for comparing different stimuli within the same setup. In the second part of the study, we also ask 
participants to interact with the child avatar just in VR environment without any time constraints. The motiva-
tion for second part came from the positive feedback we received from the pilot study32, where participants gave 
high ratings for quality metrics and QoE in the VR environment. Our aim was to gather more data on the VR 
experience in investigative interview training and investigate any disparities in short and long interactive ses-
sions in VR. Furthermore, we sought to confirm our hypothesis that brief interactive sessions are sufficient for 
comparing stimuli in different environments. Both groups, CPS and non-CPS, took part in both the first and 
second parts of the study, and their data were collectively analyzed.

The system architecture uses the dialogue model described in32 with a new persona of a child. In addition 
to VR in current system architecture, for this study we also added three additional interactive environments 
(2D desktop, audio and text). We focused on identifying the optimal interactive environment to enhance the 
learning outcomes of the investigative interview training system. We do not evaluate the dialogue model or the 
participants’ ability to conduct investigative interviews during the user study. The findings of this study have 
implications for the training of police and CPS personnel in investigative interviewing. We aim to provide a more 
engaging and realistic training experience, which can lead to better learning outcomes and higher motivation 
for practice.

In investigative interview training, it is crucial to provide trainees with feedback that can help them improve 
their questioning techniques. Accurately distinguishing between recommended and not recommended questions, 
the training program can provide trainees with targeted feedback, enabling them to learn from their mistakes 
and improve their questioning techniques51. So apart from conducting the user study, we introduce and validate 
our classification model that can assess the quality of interviews by categorizing the questions as either open-
ended or closed-ended. This model will be integrated into the system and provide feedback to the participants 
on how did they perform. In this paper, we focus on validating the performance of our classification model and 
conducting a comparative analysis of the interview quality between two groups: CPS and non-CPS. To the best 
our knowledge, Haginoya et al.’s model52 is the only relevant work with which we can compare our classification 
model’s performance. They present an automated question classification system for simulated CSA interviews 
using avatar. The system was found to work well in classifying interviewer questions, and automated interventions 
(feedback and modeling) were provided to improve interview quality. They managed to achieve an accuracy of 
70% for their classifier. In their study, the intervention groups showed improvement in their second interview 
while the no intervention group did not. In their research, the authors utilize N-gram features in combination 
with an XGBoost classifier. N-gram refers to a grouping of N consecutive characters, words, or phrases within a 
given text. For instance, if we apply bigrams to the question “tell me everything” we extract three distinct com-
binations: “tell me,” “me everything,” and “everything about,” each of which represents a pair of adjacent words. 
In this case, we assign a frequency value of “1” to each of these bigrams to indicate their occurrence within the 
text and use it as features for training machine learning model. XGBoost, an abbreviation for Extreme Gradi-
ent Boosting, is a powerful machine learning algorithm employed in both classification and regression tasks. 
It operates by aggregating the predictions of numerous weak classifiers to make decisions.) Their methodology 
is constrained by its limited contextual window around a given word. This approach, however, falls short in its 
ability to comprehensively understand and contextualize entire sentences.

While addressing the limitation in previous work our paper aimed to address following questions:

•	 How do different environments influence the users’ QoE, presence, flow, realism, responsiveness, and learning 
experience?

•	 Does different environments affect the quality of the interview?
•	 Are 90 seconds enough for the comparison of different stimuli and to capture user experience for different 

system modalities?

In this paper, we build upon our work earlier work53 where we provided preliminary findings for the first part 
of the comparative study that we conducted. Specifically, we delve deeper into the qualitative feedback received 
from the study participants to gain a better understanding of their experiences. Furthermore, we introduce a 
feedback classification model and analyze its performance to better understand its potential applications. The 
main contributions of our work presented in this paper are:
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•	 The development of a new dialogue model with a persona resembling a child that was exposed to sexual 
abuse.

•	 Extending the prototype of the child avatar in VR to three more environments of 2D, audio, and text.
•	 Conducting a comparative study for the four different interactive environments and evaluating them based 

on multiple quality experiences which captures user experience.
•	 A binary classification model, that can learn to recognize patterns in the interview questions and categorize 

them as either closed-ended or open-ended to assess the quality of interviews

Results
In this section, we present the results of part 1 of our study in which we compared the user experience in four 
different interactive environments, namely VR, 2D, audio, and text, over a 90-second period. We analyzed the 
participants’ subjective feedback about each environment, as well as the quality of questions asked in each envi-
ronment. Furthermore, as part two of our study, we evaluated the participants’ experience in the VR environment 
during an unrestricted session. Additionally, we assessed a classification model’s ability to distinguish between 
open-ended and close-ended questions.

Study Part‑1
We use five quality assessment metrics namely, QoE, realism, responsiveness, presence and flow to compare the 
user experience in each environment. We employ the Mean Opinion Score (MOS) to gauge the comprehensive 
quality assessment of a system. MOS is derived by averaging the individual ratings provided by participants 
for each quality metric. Figure 1 shows that VR has an higher average ratings for each quality metrics except 
responsiveness. We discussed the detailed results for each metric in this section.

Quality of experience
QoE is the degree of delight or annoyance of the user of an application or service, which results from the fulfill-
ment of the users’ expectations with respect to the utility and/or enjoyment of the service 43. Figure 1a shows 
participants’ overall QoE ratings were averaged across conditions. We observe that VR created a slightly higher 
overall QoE ( M = 4.50, SD = 1.40 ), followed by 2D ( M = 4.25, SD = 1.52 ), Text ( M = 4.10, SD = 0.85 ) and 
Audio ( M = 3.95, SD = 1.32 ). However, a one-way repeated measured Analysis of variance (ANOVA), with a 
significance level of α = 0.05 , finds no significant differences ( F(3.0, 17.0) = 1.115, p = 0.371 ) between the MOS 
of overall QoE across different environments.

Presence
The quality of presence refers to a psychological state where an individual feels fully immersed and engaged 
in an environment, as if they are physically present in that space44,45. To evaluate any significant effects 
of the environments on the sense of presence, a one-way repeated measure ANOVA is used. The result of 
F(3.0, 18.0) = 5.528, p = 0.007 indicates a significant effect. The post-hoc tests followed by a Bonferroni cor-
rection indicate that, as we expected, VR ( M = 5.08 , SD = 1.35 ) creates a significantly higher presence than 2D 
( M = 4.06 , SD = 1.49 , p = 0.048 ) and Audio ( M = 3.78 , SD = 1.64 , p = 0.005 ), but surprisingly not compared 
to Text ( M = 3.87 , SD = 1.59 , p = 0.070 ). No other pairwise comparisons were found to be significant.

Realism
The realism score is the mean of three questions regarding realism in the appearance, talking, and lip-sync of the 
avatar, mentioned in methods section. Distinct questionnaires were used to assess the realism of VR and 2D in 
comparison to audio and text, primarily due to the visual element involved. The impact of different environ-
ments on the perceived realism of the avatar was investigated using a one-way repeated measure ANOVA. The 
result F(3.0, 17.0) = 3.532, p = 0.037 indicates a significant difference. The Text environment had a MOS of 
(M) = 4.10 , (SD) = 1.07 , Audio had a M = 3.75 , SD = 1.45 , 2D had a M = 4.35 , SD = 1.18 and VR scored the 

(a) Bar-plot (95% confidence interval) of means showing quality
assessments for each environment.

(b) Bar-plot (95% confidence interval) of means showing learning
experience assessments for each environment.

Figure 1.   User experience.
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highest ( M = 4.57 , SD = 1.20 ). The post-hoc test followed by a Bonferroni correction indicates that there is a 
significant difference for the VR-Audio pair ( p = 0.033 ), but not for any other pairs.

Flow
Flow refers to a state of optimal experience in which a player is fully immersed and engaged in an interactive 
environment. It is a key indicator of a positive experience, as it indicates that the user is fully engaged and enjoy-
ing the experience54. For the flow, one-way repeated measure ANOVA indicates a significant impact of environ-
ments ( F(3.0, 17.0) = 9.020, p = 0.001 ). Text had a MOS of (M) = 2.60 , (SD) = 1.33 , Audio had a M = 2.78 , 
SD = 1.28 , 2D had a M = 2.88 , SD = 1.13 and VR the highest score of M = 4.00 , SD = 1.40 . The post-hoc tests 
followed by a Bonferroni correction indicate that VR was rated significantly higher than 2D ( p = 0.03 ), Audio 
( p = 0.001 ), and Text ( p = 0.008 ), but there were no significant differences between any other pairs.

Responsiveness
Responsiveness describes the temporal aspects of the feedback a player receives after performing an action55. The 
quicker the response time, the more responsive the environment is regarded. Moreover, the fluidity of the visual 
and audio feedback also contributes to the responsiveness, impacting the overall experience56. One-way repeated 
measure ANOVA of responsiveness for the avatar in each environment does not show a significant difference 
among them ( F(3.0, 17.0) = 2.893, p = 0.064 ). The highest MOS was achieved by text ( (M) = 4.63 , (SD) = 1.19 ), 
followed by Audio ( M = 4.06 , SD = 0.96 ), VR ( M = 3.79 , SD = 1.10 ) and 2D ( M = 3.76 , SD = 1.01 ). This can 
be attributed to the STT and TTS synthesis in the environment with the audio element involved.

Learning experience
Apart from questions relating to user experience, we also incorporated three questions that pertained to the 
learning experience, which can be found in methods section. Figure 1b displays the average rating for these 
three questions. To investigate whether diverse environments could result in varying learning experiences, a 
one-way repeated measures ANOVA was conducted. Table 1 reveals that the different environments did not 
have any significant impact on communication and self-efficacy. Nevertheless, there was a noteworthy disparity 
between the perceived user engagement during learning across the various environments. A pairwise post-hoc 
comparison followed by a Bonferroni correction demonstrated that VR led to significantly higher engagement 
compared to Audio ( p = 0.022 ) and Text ( p = 0.020 ), but not when compared to 2D ( p = 0.85 ). No significant 
differences were detected between any other pairs.

Sensitivity analysis and effect size comparisons
We further scrutinized our user study’s data through sensitivity analysis to gauge the robustness of our findings. 
The sensitivity analysis underscored that, with our sample size of 21 and a desired power of 0.8, the smallest 
effect size (f) our study could reliably detect when comparing four different environments was approximately 
0.81. Table 2 shows the observed effects for each metric, derived from the ANOVA test.

Comparing these observed effect sizes to our desired effect highlighted potential limitations of our study. The 
observed effect size for QoE and self-efficay was considerably below the desired effect. Metrics such as presence, 
responsiveness, and engagement displayed effect sizes that, while meaningful, were below the threshold of what our 
study was optimally powered to detect. In contrast, flow demonstrated stronger effects, suggesting that our sample 
size was more aligned with capturing such effects. An observed effect size that is less than the desired effect size 
does not invalidate your findings. It suggests that there is a higher risk of Type II errors which imply failing to 
detect an effect that is there. Conducting a future study with a larger sample size can reduce the risk of errors.

Study Part‑2
The motivation behind this study was to assess the overall user experience of participants in the absence of time 
constraints. Additionally, the study aimed to validate our design decision that a 90-second duration is sufficient 
for users to engage with an interactive environment effectively and provide reliable feedback. Figure 2 shows that 
there is no significant difference in participants’ ratings of the quality aspects between the 90-second VR session 
and the unconstrained session in VR. Table 3 shows the results of the repeated measure t-test between the long 
and short VR experience across different quality metrics, which included QoE, realism, responsiveness, pres-
ence, and flow.There were no significant differences observed in the assessment metrics, when comparing short 
stimulus tests to longer sessions for VR. This suggests that a 90-second short stimulus is sufficient for measuring 
these quality metrics for each interactive environment.

Table 1.   The results of one-way ANOVA tests comparing the means of learning experience aspects in different 
environments. The mean difference is significant at the .05 level.

Metric VR 2D F-value p-value

Communication skills 3 2.211 2.174 0.113

Engagement 3 1.99 4.422 0.015*

Self efficacy 3 2.311 2.174 0.179
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Classification model
The assessment was conducted on 40 mock transcripts, containing 400 closed and 2,015 open-ended questions. 
Table 4a presents the performance evaluation of three classification models on test data. The models are random 
baseline classifier which generates predictions on assumption that classes are uniformly distributed, the model 

Table 2.   Partial eta squared (η2p) and cohen’s f score calculated using sum of squares of effects ( SSeffect ) and 
sum of squares of error ( SSerror ) from ANOVA test.

Metric/source SSeffect SSerror η
2
p Cohen’s f

QoE 3.3 55.7 0.056 0.059

Presence 22.619 93.881 0.194 0.241

Realism 7.383 39.283 0.158 0.188

Flow 24.213 52.038 0.318 0.465

Responsiveness 10.296 43.093 0.193 0.239

Comm.skills 6.789 6.211 0.108 0.121

Engagement 10.338 44.413 0.189 0.233

Self-efficacy 4.5 49.5 0.0833 0.0909

Table 3.   The results of one-way ANOVA tests comparing the means of learning experience aspects in different 
environments. The mean difference is significant at the .05 level.

Metric Environment

Paired Samples Statistics Paired Samples Test

Mean Std. Deviation t Sig. (2-tailed)

Overall Exp
Long 4.0952 1.57812

− 1.046 0.308
Short 4.4286 1.39898

Realism
Long 4.5079 1.25883

− 0.349 0.731
Short 4.5556 1.16587

Responsiveness
Long 3.6984 1.03228

− 0.573 0.573
Short 3.7937 1.09786

Presence
Long 4.9048 1.44585

− 0.757 0.458
Short 5.0794 1.34951

Flow
Long 3.9762 1.54496

− 0.197 0.846
Short 4.0238 1.36452

Comm.skills
Long 5.0000 1.48678

− 1.552 0.137
Short 5.3000 1.12858

Eng
Long 5.2857 1.34695

− 1.552 0.055
Short 5.5714 1.12122

Self-efficacy
Long 5.0000 1.54919

− 1.096 0.286
Short 5.2381 1.13599

Figure 2.   Bar-plot (95% confidence interval) of means showing quality assessments for VR session of 
90-second VR termed short and without any time constrained termed as long. RES, C.Skills and ENG refers to 
responsiveness, communication skills and engagement respectivel.
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by Haginoya et al.52, and our model. The metrics used to evaluate the models include macro F1-score, weighted 
F1-score, balanced accuracy, and Matthews correlation coefficient (MCC).

From Table 4a, we can observe that the dummy model, which randomly predicts labels, has the lowest per-
formance in all metrics. The Haginoya et al.’s model has better performance than the dummy model, but it is not 
clear from the reported data how it performs relative to the our proposed model since they only reported the 
accuracy score which we assume is not balanced accuracy and rest of the metrics are missing. Our model still 
outperforms the Haginoya’s models in basic accuracy metric.

The performance of the proposed classification model was further evaluated for each class. Table 4b presents 
a per-class analysis of our model’s performance on test data. The classes are closed and open questions, and the 
metrics used to evaluate the performance are precision, recall, and F1-score.

From table 4b, we can observe that the proposed model performs better for the open class than the closed 
class, as indicated by higher precision, recall, and F1-score values for the open class. The model’s precision for 
the closed class is lower than that for the open class, which means that there are more false positive predictions 
for the closed class. The model’s recall for the closed class is lower than that for the open class, which means that 
there are more false negative predictions for the closed class. Figure 3b illustrates that false negatives (FN) are 
more frequent for closed-ended questions than open-ended ones.

Overall, the proposed model’s performance is good, but there is room for improvement in predicting the 
closed class. We are convinced that transforming it into a multi-label task will enhance generalization and reduce 
false predictions. According to Lamb et al.51, the inter-coder reliability rate among experts for coding investigative 
interviews is approximately 85%. While our classification model outperforms other automated coding method-
ologies, as stated in Haginoya et al.’s research52, our goal is to achieve expert-level precision.

Table 4.   Evaluation of the classification model: Test Data Classification Report. Best results are highlighted 
using bold fonts. “?” represents that information is not available.

(a) Our model performs better than the Haginoya’s binary 
classifier in distinguishing between open-ended and close-
ended questions

Metrics Baseline Haginoya52 Our model

Macro F1-score 0.44 ? 0.78

Weighted F1-score 0.57 ? 0.87

Balanced accuracy 0.48 0.72 (Normal) 0.87

MCC − 0.02 ? 0.55

(b) Per-Class analysis of the model performance: Evaluating 
on test data

Metrics Closed Open

Precision 0.61 0.93

Recall 0.65 0.92

F1-score 0.63 0.92

(a) The Precision-Recall (PR) curve: Representation the trade-off
between the precision and recall of the classification model.

(b) Confusion matrix: A visual representation of the performance
of a classification model, showing the distribution of predicted and
actual class labels.

Figure 3.   Qualitative analysis of classification model performance.
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The model’s performance, as indicated by the metrics we used is quite promising, with a significant improve-
ment over the Dummy model and potentially better performance than the Haginoya model. Despite the stepped 
appearance of the PRC, which suggests some limitations in the model’s ability to distinguish between classes or a 
lack of diverse confidence score distributions, the overall metrics demonstrate good performance. The model has 
high precision, recall, and F1-scores for both classes, indicating a good balance between correctly identifying true 
positives and minimizing false positives. Additionally, balanced accuracy and MCC values further support the 
ability of the model in classifying both positive and negative classes. While the Precision-Recall curve’s (PRC), 
in figure 3a, appearance suggests potential areas for improvement, the model’s performance is quite effective 
based on the provided metrics and the fact that the dataset is biased.

Quality of interviews
Table 5 presents the average number of questions asked in each environment. The average number of turns in the 
text environment was limited to 4.5 and Long VR was 29.7, due to being an outlier they are removed from the 
following data analyses, which focus on comparing the quality of the interviewers’ questions between different 
environments. Figure 4a shows the percentage of open-ended questions asked between CPS and non-CPS par-
ticipants in different environments. Overall, 64% of the questions asked by CPS participants were open-ended, 
while for non-CPS it was 48%. That shows, as expected, experts conduct higher-quality interviews. However, 
the number of open-ended questions asked could have been higher among CPS.

Furthermore, no difference between the environment and quality of the interview even when split by CPS 
versus non CPS, which shows the higher cognitive load created in environments with visual elements does not 
distract the users from conducting interviews. Figure 4b shows no significant impact of the order in which 
participants interact with environments over the quality of the interviews.

A chi-square test of independence was performed to evaluate the relationship between the training environ-
ment (2D, audio, VR short and VR long) and question type (open versus closed-ended questions). The relation-
ship between these variables was not significant, X2(3) = 0.143, p = 0.986 . Thus, the training environment did 
not affect the quality of the interviews.

Qualitative results
A 4-item post-test questionnaire was utilised, as shown in Table 9, which was then followed by an open question 
asking participants to provide their reasons behind their selection. A top-down coding approach was utilised to 
analyse the post-test questionnaire, as shown in Table 6. Many of the participants selected VR as their preferred 
environment. 76% of the participants perceived VR as the most realistic environment, 66% preferred VR over 
other environments, and 61% agreed that VR created the best experience for them. Participants with previous 
VR experience showed a preference for VR – 80% rated VR favourable in the post-test questionnaire. However, 
also 75% of the participants with no VR experience preferred VR over the other environments, and 60% rated 
VR as the environment that they liked, preferred, and created the best experience.

Table 5.   The average number of questions asked in the 90s interview for each environment.

Environment Number of turns

Text 4.5

2D 7.82

VR 8.17

Audio 8.52

Long VR 29.70

(a) Quality of questions asked for each environment for two
different groups.

(b) Distribution of open and closed questions asked

Figure 4.   Quality of Interviews.



9

Vol.:(0123456789)

Scientific Reports |        (2023) 13:20403  | https://doi.org/10.1038/s41598-023-47368-2

www.nature.com/scientificreports/

In addition, a thematic analysis was conducted to examine the responses of the open question regarding the 
participants’ experiences related to the different training environments. The following themes, Sentiment towards 
environment and Realism were explored.

Sentiment towards environment addressed the participants’ feelings about using the training program in 
2D, audio, text, and VR environments. Sentiments were categorized into positive or negative feelings and were 
examined by whether the participant worked within CPS or not. While discussing participants’ feedback, we add 
extra text in ’[ ]’ to their responses, to adjust the tense and make participants’ feedback grammatically correct. 
CPS participants only expressed negative sentiments regarding the audio environment. Participants noted that 
audio “felt strange as [they] mostly talk to children face-to-face”, that “it [was] difficult to read body language” 
and that it “miss[es] the non-verbal communication”. Regarding the text environment, CPS participants were 
generally positive, stating that it felt familiar and that it “can be a good way to practice, as there will be many 
times when you also work on chat”. However, a non-CPS participant felt like “it [was] difficult to interact with the 
avatar in text”. A few participants expressed that they preferred the 2D environment as it has both the visual and 
body language of the child, and they are used to working with PCs. CPS participants had positive experiences 
with 2D, with a participant expressing that “2D felt more familiar” and it was “even better than audio, because 
it’s better to see the child [they were] talking to”. The VR environment generated the most positive responses, 
with many participants expressing that the realism of the avatar made them feel like it was easier to talk to the 
child. However, one CPS participant stated that this environment “[did] not really reflect [their] experience with 
having these kinds of conversations...because it seem[ed] a bit scripted...like you have to have the right kind of 
question to get a reply”.

Participants also reflected on the Realism of the interactive training program. Most participants stated that 
VR created the most realistic environment compared to the other environments. One participant stated that 
VR “made [them] feel like [they were] in the same room as Hillary” and that the realism made it “easier to talk 
to the child”. However, one participant noted that despite the realism, they quote “didn’t connect with Hillary”. 
These views were similar in regards to the 2D environment, with participants agreeing that it felt realistic but 
not as realistic as VR. Regarding the audio and text environments, participants stated that these “environments 
did not feel as real” compared to the other environments. A few participants expressed that although the text 
is not as realistic as VR, it can be a better environment for training as they are used to this way of communica-
tion compared to VR. One participant noted that although “text only was not very realistic, [it] can work when 
training”. Overall, the participants’ descriptions gave the impression that realism is an important aspect of an 
interactive training program.

Overall, the participants responded quite positively towards their experiences in this study. One participant 
“believe[ed] this way to practice is a good option [for] training in the school setting”. However, some participants 
had difficulties using the program as one participant stated that “it would have been much easier if everything 
was in Norwegian” and that “it took some time to formulate and write in English”. Only one participant reported 
a negative overall experience, stating that it was “frustrating all together, the system did not give me any responses 
that [were] useful in VR, audio, and 2D”.

Discussion
Our study aimed to compare the quality and learning aspects of experts in four different environments. Interac-
tions lasted for 90 seconds in each environment. We observed that audio-based environments had more con-
versational turns than the text environments, as participants typed slower than they spoke. Despite a consistent 
dialogue model used in all environments, participants’ experiences were influenced by the responses they received 
from the model. Environments with fewer responses limited participants’ information, potentially affecting the 
richness and depth of interactions. As a consequence, the results of the study could have been impacted by this. 
Responses from the avatar were shaped by the questions asked, and because the questions themselves could 
vary, they also had the potential to influence participants’ experiences across different environments. It is worth 
noting that although the conversation’s quality may differ, we did not evaluate the dialogue model in this study.

Our findings indicate that VR was rated higher in four out of five quality assessments used for compara-
tive analysis. However, there was no significant difference in the overall rated QoE for each environment. As 
anticipated, participants rated VR highest in terms of presence, indicating a greater sense of being part of the 
environment compared to the other options. VR also generated a significantly greater flow for users, creating an 
immersive environment that caused participants to lose track of time and forget their surroundings. These quality 
aspects may enhance users’ willingness to engage, potentially leading to longer practice sessions with the child 
avatar system. When examining the quantitative analysis for realism, the only noteworthy variation was found 
between the VR-audio pair. The text environment was rated highest in responsiveness due to the lack of delay 
because of TTS and STT synthesis, and participants were in control of when to send their messages. In addition, 

Table 6.   The results of the user study to evaluate the number of votes in response to the questions.

Items VR 2D Audio Text

Q1-Which environment felt more realistic for you? 16 2 1 2

Q2-Which environment do you like the most? 14 3 1 3

Q3-Which environment do you prefer to use? 14 3 1 3

Q4-Which environment creates the best experience for you? 13 3 2 3
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as shown in Figure 1b, all three metrics measuring the learning experience have a relatively higher mean for 
VR. Of particular significance is the higher user engagement for VR compared to audio and text environments. 
Mulqueeny et al.57 highlight the importance of engagement in achieving long-term learning and outcomes. With 
significantly greater engagement and the highest average values across all learning experience metrics, VR may 
lead to better learning and knowledge transfer. The majority of participants preferred VR as their interactive 
environment for the interview training system, which was likely influenced by the fact that most users were using 
VR for the first time and found it fascinating.

Nevertheless, it is premature to assert that VR is the superior environment at this stage. While VR offers 
better levels of realism, presence, and flow, about 40% of the participants preferred other environments due to 
familiarity, accessibility, and regularity of use. Moreover, it is important to note the size of our study with the two 
different groups of our participants, CPS students and CPS professionals. We found both of these groups to be 
well-suited for participation in our study due to their shared knowledge, training, and experience in conduct-
ing interviews with children. Recruiting participants with relevant experience was a crucial and difficult job. 
When we looked closely at our results using sensitivity analysis, we found something crucial. While our findings 
are significant and provide valuable insights into the various metrics, the study might not have been optimally 
powered to detect certain nuanced effects, especially for specific metrics. This is why we aim to continue our 
research with more participants to get a clearer picture. Additionally, future studies should look more closely at 
each group. This could help us to see if different levels of expertise lead to different results. As we continue our 
research, these insights will be essential to help us improve our future studies even better.

The quality of the questions plays a crucial role in determining the effectiveness of an interview. Open-ended 
questions tend to elicit more informative responses, while closed-ended questions can yield potentially inaccurate 
answers. A system that accurately classifies questions can significantly impact the quality of interview training by 
providing effective feedback. Distinguishing between recommended and not recommended questions is essential 
for delivering high-quality feedback.

Achieving a balanced accuracy of 87% in classifying these two categories is a notable accomplishment, sur-
passing the state-of-the-art results of 72% reported by Haginoya et al.52. Although the model has a weighted aver-
age F1 score of 0.87, there is room for improvement in its ability to predict closed questions correctly. Reducing 
the original 15 question types to two fundamental categories may have affected the results when converting the 
multi-class task to a binary classification task. Future work could focus on refining the model’s performance in 
classifying closed questions to further enhance the interview training experience. Furthermore, to accurately 
measure the learning impact of the system, a more extensive study is needed, where each participant conducts 
multiple interviews with a child. This approach would allow us to assess the quality of the interviews over time, 
similar to the pattern observed in the studies by Pomedda et al.28,30.

When the classification model was applied to the conversational data from the study, the results revealed that 
the interviews conducted by both CPS professionals and non-CPS participants were of satisfactory quality using a 
rather high percentage of open-ended questions. However, the results also indicate that the interviewers rely on a 
high frequency of closed-ended questions, which is not good according to best practice standards. Closed-ended 
questions should be minimized as children often respond with little information. In addition, these questions 
tend to be suggestive, prone to response biases, and problematic to be used in investigative interviews58. Never-
theless, after examining the data, it was observed that the quality of interviews conducted by CPS professionals 
was comparatively better than those conducted by non-CPS participants. The participants seemed to perform 
consistently across different settings, indicating that the interview environment may not have a significant impact 
on their overall performance. Further research with more participants is necessary to determine the most suitable 
environment for interview training, particularly in terms of QoE and learning effect.

Future research should prioritize improving the various quality aspects of our child avatar system to provide 
a more effective learning platform for interview trainees. Our objective is to develop a flexible and efficient 
interview training system that is conducive to effective learning. Our future work will mainly focus on enhanc-
ing the dialogue model to generate more realistic responses by leveraging the advances made in large language 
models (LLMs), in conjunction with the use of more realistic-looking avatars generated using neural radiance 
fields (NeRF) or generative adversarial networks (GANs). In addition, we will also focus on improving the quality 
of feedback and exploring how feedback can be effectively utilized to enhance the overall learning experience.

Methods
System architecture
In this section, we discuss the overall architecture of the interactive child avatar system architecture for conduct-
ing a comparative study with CPS professionals and students shown in Figure 5. The system consists of three 
main components: (i) The language component, which comprises a dialogue model that we developed using the 
RASA59 framework and a classification model that enables us to evaluate the quality of interviews; (ii) The speech 
synthesis component, which utilises IBM Watson services to provide speech-to-text (STT) and text-to-speech 
(TTS) synthesis60; and (iii) The front-end of the system, which offers four different interactive environments: a 
VR environment created using Unity and Oculus Quest2, a 2D environment and audio also developed on Unity. 
The text-based environment was created using the RasaX platform.

Language
The language component of the model is designed to analyze a child’s conversation and produce realistic and 
suitable responses to an interviewer’s questions. Furthermore, there is a classification model that can offer valu-
able feedback on the quality of interviews and assist in enhancing interview skills.
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Dataset
The dataset consists of transcripts from interviews conducted by professionals according to specific guidelines, 
as part of a training program at the Centre for Investigative Interviewing, which is situated in Griffith University, 
Australia61. The transcripts consist of simulated dialogues between professional actors portraying 5-7-year-old 
children and an interviewer who could be from CPS or law enforcement. These conversations aim to replicate 
an investigative interview with a child who may have been a victim of abuse.

Dialogue model
The current dialogue model is specifically designed to apply the dialogical communication method (DCM)62, 
which is an investigative interviewing methodology currently employed in Norway. The Norwegian model is 
based on the research-based protocol developed by Michael Lamb and his colleagues at the National Institute of 
Child Health and Human Development (NICHD)13. The dialogue model was developed using an open-source 
framework of RASA which runs on tensorflow back-end. It has a modular structure with deep learning models, 
or rule-based techniques, which are employed to set up a complete dialogue model. Each module accepts the 
data in a predefined format, which requires quite a lot of pre-processing and data augmentation work for train-
ing. The Natural-language Understanding (NLU) module uses the Dual Intent and Entity Transformer (DIET)63 
architecture to model a joint task of intent and entity recognition. It processes the input text and predicts the best 
possible intent from the training data along with entities in that input. The rule module is used to model fallback 
strategies or control the behaviour of the dialogue model where necessary. According to the rules defined, a spe-
cific appropriate action is performed if a certain intent is recognized. These actions are defined in the action mod-
ules. The story module is used to control the evolution of the conversation and control the flow of conversation 
based on questions asked based on slot values defined in the NLU module or some specific intent. If a user asks 
a leading question, the child avatar answers with a vague or unproductive reply with a certain probability. This is 
designed to reinforce the need of asking open-ended questions and communicate negative feedback to the user.

Table 7 presents an excerpt of a participant’s conversation during the study, with the participant’s name 
removed for privacy purposes. The conversation shows that interviewer started with a bit of introduction and 
rapport building and then transition into substantive phase. Table 7 don’t have the complete substantive as later 
child start talking about the alleged abuse.

Front‑end
We used the system developed for our pilot study as the baseline32. The VR environment is running through 
an Oculus Quest 2 as a front-end. Three more interactive environments have been added to the current VR-
based system. Thus, users can interact with the child’s avatar in four different environments. Regardless of the 
environments (front-end), the system’s back-end has the same dialogue model, which means that the responses 
generated by the virtual child remain consistent across different environments. The front-end of the child avatar 
system was developed in the Unity game engine in all environments except the text-only environment. RASA-X 
is used to develop a web interface for the text-only environment, where users have a textual conversation with 
the child. The 2D environment runs on a PC displayed using a 24-inch desktop monitor, and the audio-only 
environment was the same as the 2D with the difference that no visual elements were involved. The same child 

Figure 5.   Architecture of the child avatar system for our comparative study with CPS professionals and 
students. (i) Language component incorporates a dialogue model that we developed using the RASA framework, 
which was trained on mock interviews, and a classification model for evaluating the quality of the interviews. 
(ii) Speech Synthesis component utilizes IBM Watson services for speech-to-text and text-to-speech synthesis. 
(iii) Front-end of the system provides four interactive environments: a VR environment created using Unity and 
Oculus Quest2, a 2D environment with audio also developed using Unity, and a text-based environment created 
using the RasaX platform.
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avatar character is used in both 2D and VR environments developed using the open-source project Unity Mul-
tipurpose Avatar (UMA)64 which allows customization for combining meshes and textures of the characters. 
The unity asset Salsa Suit65 was used to match the generated voices to the meshes and the texture of the avatar, to 
generate eye, head, and lip movements synced to the voices. In addition to facial movements created dynamically 
from the generated voice, a few pre-recorded animations were created by moving the meshes and the joints to 
create more natural movements and gestures in the avatar’s hand and neck66. The snap-shot from a VR interface 
of the child avatar is shown in Figure 6.

Speech synthesis
We use the IBM Watson services for STT and TTS synthesis. Watson STT and TTS cloud service APIs play the 
role of a communication bridge between the dialogue model (back-end) and interactive environment (front-
end) components. In our pilot study, participants gave us feedback that audio did not match the child’s age32.
IBM TTS services do not offer a child character option. However, users can utilize speech synthesis markup 
language (SSML) attributes and elements to manage text synthesis. To determine the most appropriate voice for 
a six-year-old girl, we conducted a small user study in collaboration with our colleagues in the social sciences, 
who are among authors of this paper. Nineteen distinct voices were developed, each featuring different female 
characters and prosody, which regulates pitch and speaking speed. The outcome of this study was the identi-
fication of the ideal audio representation of a six-year-old girl. The chosen voice’s character, prosody rate, and 
prosody pitch were established as Allison, slow, and x-high, respectively. Except for the textual environment, 
the user interacts with the front-end system verbally. Questions asked by the users are synthesised by the IBM 
STT API and then processed by the dialogue model to generate appropriate responses. These responses are then 

Table 7.   Example excerpt during the interaction between the user and a virtual child.

Conversation Excerpt

User Hi Hillary

Bot Hello.

User What do you want to talk about today

Bot About Janet’s house.

User Okay tell me about it

Bot Janet’s house is big and she has a bubble pool in the garden. I go there for play dates, but I don’t want to go anymore.

User Okay why don’t you wanna go anymore.

Bot Because I don’t like her Pop.

User Okay tell me why you don’t like her pop.

Bot He’s Janet’s grandpa, but I call him Pop.

User Okay you call him pop. Tell me about pop.

Bot He has grey hair and he lives with Janet in their house and he’s a bit fat.

User Okay he’s a bit fat and what does he do that you don’t like.

Bot I just don’t like him because he did a rude thing.

User A rude thing what did you do?

Bot I went to Janet’s house, and it was really hot, so we were playing outside in the garden with the sprinklers and running through them 
and that was really fun.

User ...

Bot ...

Figure 6.   A snap-shot of the child avatar seen through the VR headset.
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synthesised by the IBM TTS API, which is played to the user through either speakers or VR headsets. Although 
multiple characters are available in IBM TTS API, all of them are adults. We adjusted the speed and pitch of one 
of the female characters to generate a child-like sound, as the pilot study showed that an adult voice over a child 
character is not taken well by the participants.

Classification model
To train the model, 58 transcripts were randomly selected and coded by a team of two psychologists and two 
research assistants. One of the authors, experienced with previous coding trained the other coders with best-
practice guidelines and coding categories. Data was annotated with 14 different type of questions of open-ended 
(initial invitation, breadth prompt, depth prompt, descriptive, minimal encourager) and closed-ended (specific 
Yes-No, specific forced choice/option posing, leading, repeated question, leading, pressure, referring, indication, 
and visual). The coding process was conducted using the SIM and corresponding coding manual67.The coders 
established inter-rater reliability on a separate set of transcripts until they reached on moderate agreement 
regarding the question types with Cohen’s Kappa >0.70.

Training transcripts contained 2,745 turns of conversation. We focus on two higher-level classes: open-
ended and closed questions. This was motivated by the the fact that we wanted to keep it simple for first model 
we train to do this task and also be able to compare our model performance in similar setting with Haginoya 
et al.’s model52.

Table 8 shows the distribution of classes,the number of open-ended and closed questions,in the training and 
test sets used to train. In the training set, there were 1,191 closed questions and 1,554 open-ended questions. 
Using these annotations, we fine-tuned the GPT-3 davinci model to predict the question type in the conversa-
tions. To evaluate the performance of the classification model, we used an additional 40 transcripts, which were 
also annotated. In the test set, there were 400 closed questions and 2,015 open-ended questions.

When generating predictions from the fine-tuned GPT-3 model and evaluating a classification model that 
predicts the question types in conversations, we used a temperature of 0.0 and set the maximum tokens to one.

Experiment details
The study had two parts. The first part was designed according to the recommendations of ITU-T P.80950 for short 
interactive test stimuli, which provides guidelines for conducting interactive subjective studies and assessing 
the QoE of a gaming system. We chose 90 seconds interactions to keep the study brief and for ease of recruiting 
participants who have domain knowledge. There are no strict recommendations for the duration of an ideal 
stimuli, it suggests that 30 seconds may not be sufficient to measure flow and immersion. For this, 10-15 minutes 
might be reasonable. We argue that 90 seconds could be enough for the comparison of different stimuli in the 
same setup and interactions can be enough to capture user experience for different system modalities. In order 
to validate this argument, part two was designed to evaluate the impact of the duration of the interactive session 
on the quality assessment metrics. Participants were asked to have an interactive session with a child avatar in 
VR without any time constraints.

In the first part of the study, we asked users to have a 90 second interaction in four different environments: 
text, audio, 2D, and VR. The order of these settings was randomized using the Latin squared design to avoid 
any potential sequencing bias. The primary objective of this research was to gauge and compare the QoE across 
various settings while minimizing any impact the sequence of settings may have on user experience. We also 
did not measure the quality of the dialogue model or the impact of the dialogues on QoE of each environment, 
for that purpose response generation from the dialogue model was kept constant across all settings. The second 
part of our study entailed participants interacting with a child avatar in VR with no time limit. It is referred as 
long VR in the result section to avoid ambiguity.

Ethical approval

•	 We affirm that our data collection process complies with the General Data Protection Regulation (GDPR). We 
have maintained data accuracy in accordance with Article 5(1)(d), ensured data integrity and confidentiality 
in accordance with Article 5(1)(f), and implemented robust security measures as required by Article 32. We 
have adhered to purpose limitation (Article 5.1 b), collecting data only for explicit, legitimate purposes, and 
not processing it for incompatible uses. We have practiced data minimization (Article 5.1 c), processing only 
adequate, relevant, and necessary data. Finally, we’ve enforced storage limitation (Article 5.1 e), not retaining 
data longer than necessary for its intended purpose.

Table 8.   Training and test set class distribution.

Subset No of transcripts No of turns No of closed No of closed

Training 58 2745 1191 1554

Test 40 2415 400 2015
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•	 This study has received approval from the Norwegian Agency for Shared Services in Education and Research 
(SIKT) and the Data Protection Officer, OsloMet. No personal data was stored. SIKT Application number is 
614272.

•	 We affirm our ethical commitment to ensure legality, fairness, and transparency (Article 5.1 a) by providing 
clear information and obtaining consent for data processing. Before beginning, participants were informed 
about the nature of their conversation with the virtual child and the potential adverse effects of prolonged 
VR use, such as dizziness or cyber-sickness. They signed a consent form allowing their feedback to be stored 
for research purposes, with the option to withdraw consent at any time in the future. The entire study took 
approximately 40 minutes for participants to complete. Participants were given a 200 Norwegian Kroner gift 
card for their voluntary participation.

Study participants were recruited in April 2022. The recruitment was specifically designed to target two groups: 
students specializing in child welfare psychology at Oslo Metropolitan University (Oslomet), and professionals 
currently employed in Child Protective Services (CPS). Information about the study was disseminated to these 
demographics to ensure a comprehensive representation of individuals with relevant knowledge and experience 
in child welfare. The study was executed during the time span from April to May of 2022, specifically during 
weeks 17 through 19. All participants were invited to attend at the SimulaMet research facilities, where they par-
ticipated in the study. The data collected from the user study underwent an initial processing phase in July 2022, 
contributing to our preliminary work53. Subsequently, an additional round of data processing was performed in 
December 2022 and January 2023, purposed to facilitate the current extension of our work.

Storyline
To choose a storyline for the experiment, the interview transcripts were categorized into different personas. The 
persona selected for this study was determined by the abundance of transcripts and the extent of information 
that could be used to generate dialogues of sufficient length. The chosen persona was named Hillary and had 
the following background:

Hillary is a 6-year-old girl whose cognitive, emotional, social, and physical development appears to be typical 
for her age. She has several close friends at school, including one named Janet. Hillary lives with her biologi-
cal parents and a younger brother. She has just started her first year of school and appears to have adapted 
well. Occasionally, she visits Janet at her home for play dates. Janet lives with her biological parents and her 
grandfather, whom the children refer to as “Pop.” If Janet’s parents are still at work, Pop usually takes care 
of the children. During these visits, Hillary and Janet usually play indoors and outdoors in the garden until 
Hillary’s parents come to pick her up and take her home. A few days ago, while Hillary was in the car with her 
mother after a visit with Janet, she told her mother that Pop did something inappropriate to her and touched 
her private parts while they were in the pool in the garden. As a result, Hillary has come to the interview to 
discuss this incident.

Demographic of the participants
In this research, a total of 21 participants took part, consisting of 20 females and one male. Their ages ranged 
from 20 to 59 years, with a mean age of 31.2 years and a standard deviation of 9.7. To begin with, they were 
requested to provide their ratings on their familiarity with interviewing children and VR. Approximately 60% of 
the participants had one or more years of experience as a CPS professional. Nonetheless, despite their expertise in 
CPS, most of them (75%) had no prior experience with VR. Each participant interacted with a child avatar in all 
environments, and none of them reported experiencing any form of motion sickness while utilizing the prototype.

Questionnaire
In addition to a question measuring the overall user QoE, we included three questions regarding responsiveness 
with GIQS68, three questions regarding realism of the avatar inspired by the work conducted by Wilson et al.69, 
two questions for measuring flow from GEQ70, three questions for presence from IPQ71, and three questions 
measuring the learning effects, engagement in learning, and self-efficacy as follows.

•	 Communication skills using this system aids me in acquiring knowledge and skills in interviewing maltreat-
ment children.

•	 Engagement using this system would increase my engagement in the learning process.
•	 Self-efficacy using this system can improve my self-efficacy.

The questionnaire was answered on a 7-point Likert scale. The post-questionnaire is shown in Table 9 to measure 
the post-experience and user preference as the environment.
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Data availability
All the subjective data collected during the user studies of this paper are available at https://​docs.​google.​com/​
sprea​dshee​ts/d/​e/​2PACX-​1vS8B​zPnV7​YbZxc​QjcPj​lN0EI​YomA5​E5qzm​Mzz3r​NxUnq​ovoQi​GEU0k​1ZUPH​
wPsjSQ/​pub?​gid=​20025​69374​ &​single=​true &​output=​csv. Although, the implementation details of the dia-
logue model on RASA and the UNITY 3D model of the visual avatar can be provided upon reasonable request. 
However, we regret to inform you that due to the ethical considerations and privacy concerns associated with 
the sensitive nature of the conversational data - specifically related to alleged sexual abuse - we cannot make the 
models and implementation of the child avatar trained on this data publicly available. Additionally, we would 
like to clarify that our classification model relies on a proprietary API key from OpenAI, which prevents us from 
sharing the model. Correspondence and requests for materials should be addressed to S.Z.H and S.S.S.
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ABSTRACT
The current study aims to evaluate and compare the subjective
quality of an AI-based training system developed for conducting
child interviews, focusing on the distinction between immersive 3D
(using virtual reality) and 2D desktop environments. To this end,
a structured user study was conducted, involving 36 participants
who were exposed to these two distinct environments. The study
evaluated various aspects of user experience, namely presence, us-
ability, visual fidelity, emotion, responsiveness, appropriateness, and
training effectiveness. The findings reveal significant differences in
user experience between the 2D and 3D environments. Notably, the
3D environment enhanced presence, visual fidelity, training effec-
tiveness, and empathy. In contrast, the 2D environment was favored
for usability. The study highlights the potential of immersive VR
while also pointing out the need to improve the system response
and emotional expressiveness of the avatars.
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1 INTRODUCTION
Child abuse is a critical global issue that negatively affects chil-
dren’s development, mental and physical well-being. Meta-analysis
studies have estimated that 22.6% of children experience physical
abuse and 11.8% experience sexual abuse before reaching adult-
hood [36]. In particular, less than 15% of child sexual abuse (CSA)
cases are corroborated by physical evidence [42], and in 70% of
these cases, the child is the sole witness [11]. Properly conducted
investigative interviews are crucial for prosecution, as children can
be reliable witnesses when interviewed according to best-practice
guidelines [4]. Such guidelines encourage communication with
the child through open-ended questions to obtain elaborate and
relevant evidence details [7]. Unfortunately, these guidelines are
not often followed despite investments in training programs [18];
interviewers tend to use too many suggestive and closed questions,
and directive questions generate short, rather than elaborate, re-
sponses [1, 2, 8]. This is due to training programs that contain
inadequate practice opportunities (with feedback) that shape in-
terviewer performance in the use of open questions [44]. Recent
studies, including a decade-long Norwegian study, indicate that
there is no significant advancement in interview quality despite
training innovations. Mock interviews with trained respondents
have been shown to be highly effective in shaping interviewer
performance [27].

However, face-to-face training with a trained respondent is ex-
pensive and cumbersome to set up. It requires the availability of
both parties and considerable investment to ensure that the trained
respondent responds in a way that effectively shapes the perfor-
mance of the trainee interviewer. To potentially improve the update
of practice opportunities, we introduced an innovative AI-based
training platform to conduct investigative interviews [14, 31]. This
platform integrates VR technology with an advanced avatar sys-
tem. The avatar is designed to emulate the responses of children in
high-fidelity abuse scenarios, enhancing the realism of the digital
training environment. The core of our system lies in the seamless
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integration of state-of-the-art natural language processing (NLP)
and vision technologies. NLP empowers the avatar with the ability
to understand and express human language, while vision technolo-
gies enable them to present visually accurate and responsive rep-
resentations of human-trained respondents. This dual-technology
approach effectively simulates the complexities involved in inter-
viewing child abuse victims, providing a crucial training tool for
professionals in this field.

In our previous work [14], we conducted a user study that evalu-
ated the efficacy of different interactive platforms, including VR, 2D
desktop, audio, and text chat; however, it lacks crucial elucidation
aspects of realism, such as emotion and visual fidelity. Also, the study
may not have possessed ideal statistical power to discern certain
subtle effects. This study focuses on a detailed assessment of quali-
tative feedback within both 2D and 3D visual environments, using
a comprehensive questionnaire to investigate various evaluation
aspects. In this paper, we present the following main contributions:

• Fine-tuning of the GPT-3 [6] using interview data from
abused children and seamlessly integrating the dialogue
model with a Unity3D framework.

• Demonstration of the potential of virtual reality (VR) for
professional training in real-world scenarios.

• A comparison of trainee interviewers’ perceptions across dif-
ferent evaluative aspects in 2D and 3D environments, includ-
ing presence, usability, visual fidelity, emotion, responsiveness,
appropriateness, training effectiveness, and empathy.

2 RELATEDWORK
Child avatar training systems aimed at improving interview quality
exist, but none are fully automated. One uses prerecorded child
responses manually selected by an operator [9], another [26] em-
ploys a probabilistic rule-based algorithm for response selection
after a person has categorized the question manually, that still re-
quires human intervention. The existing systems do not utilize
advanced large language models such as GPT-3 [6]. Instead, they
are constrained and limited in generating responses, relying on
predetermined sentences from which to select a response. Also,
constrained by their dependency on human operators, these sys-
tems can have potential issues with flexibility, operational costs,
and error rates.

Parallel to these developments, the emergence of VR as a dynamic
educational tool is significant [25]. Several studies have shown that
it enhances direct learning experiences and helps in memory re-
tention [29, 30]. It increases the engagement and motivation of the
learner [24], and improves the understanding of spatial and visual
concepts [17]. VR also facilitates better decision-making in simula-
tions [30], although its effectiveness depends on the application of
sound pedagogical methods [12].

Furthermore, the adaptability and acceptability of VR, particu-
larly in specialized training scenarios, are noteworthy [13]. Further-
more, the efficacy of VR in job interview training for individuals
with serious mental illness underscores its wide applicability in
various educational and training contexts [41].

The comparative analysis between 2D and 3D VR environments
further emphasizes these benefits. Research indicates that the 3D
environment generates stronger emotional reactions than the 2D

interfaces when the same content is presented [19, 34]. This in-
creased participation in VR is correlated with its proven efficacy in
enhancing educational outcomes, as evidenced in studies focusing
on vocabulary acquisition and memory retention [20, 21]. However,
Madden et al. [22] did not identify significant differences in learning
about moon phases, indicating that the effectiveness of VR may
depend on the specific nature of the task.

Current research trends in this domain include the use of elec-
troencephalogram (EEG) measurements to gain more profound
insights. These studies reveal a greater sense of presence in 3D
environments and a reduced cognitive load in comparison to 2D
tasks [35]. Notably, cognitive load appears higher in 2D tasks, sug-
gesting that 3D technologies might provide cognitive benefits in
learning contexts due to their reduced cognitive demands [10].
In support of this notion, Tian et al. [38] experienced that VR’s
stereoscopic vision can lead to increased emotional arousal, further
differentiating 3D experiences from 2D ones.

This study aims to obtain feedback on the effectiveness of our
tools and to gain a deeper understanding of the experiences and
perceptions of the interviewers associated with child abuse.

3 SYSTEM ARCHITECTURE
The architecture of our interactive child avatar system, which sup-
ports both 2D and 3D simulation environments, is shown in Figure 1.
The system is structured into three main components: i) the lan-
guage component, which features large language models (LLMs)
based on OpenAI’s GPT-3 [6]; ii) the speech synthesis component
leveraging IBM Watson services for effective speech-to-text (STT)
and text-to-speech (TTS) capabilities; and iii) a Unity-based user
interface supporting two distinct interactive modalities: a 3D vir-
tual environment using the Oculus Quest2 Head Mounted Display
(HMD), and a 2D virtual environment.
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Figure 1: Architecture of the child avatar system for the comparative study.
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3.1 Language
The model’s language component is designed to process and re-
spond to interviewers’ inquiries, emulating a child’s conversational
patterns. This is based on a dataset of interview transcripts from
the Centre for Investigative Interviewing at Griffith University,
Australia [28]. The data set includes mock interviews, conducted
by trained professionals, that simulate interactions between actors
representing children and interviewers from Child Protection Ser-
vices or law enforcement. In our earlier work [14], our dialogue
model was developed using the RASA framework. Now we have
fine-tuned the GPT-3 [6] Davinci model for two specific situations:
sexual abuse and physical abuse. This was done using 10 simulated
forensic interviews with children aged 6 to 8 years who were po-
tential victims. The aim was to produce dynamic and appropriate
responses to the questions asked by the interviewers in these con-
texts. The dialogue model was integrated with a Unity-based user
interface using OpenAI API calls.

3.2 Speech Synthesis
IBM Watson’s STT and TTS services are used to link the dialogue
model with the interactive user interface. The IBM TTS API primar-
ily offers adult voices; however, for a more realistic interaction, we
altered the pitch and speed of a female voice to simulate a childlike
sound. This modification was based on feedback from a pilot study
that indicated that the voices of adults for the children were not
well received by the participants [15, 32].

3.3 Visual Environment
This system allows users to interact with a virtual child avatar
in two distinct environments. Despite the difference in environ-
ments, the system maintains a consistent dialogue model in its
back-end, ensuring uniform responses from the avatar in both set-
tings. The system’s front-end, developed using the Unity game
engine, offered two environments: a 3D environment accessible
via an Oculus Quest 2 HMD and a 2D environment displayed on a
24-inch desktop monitor. Both 2D and 3D environments feature the
same avatar, created using the Unity Multipurpose Avatar (UMA)
open source project [39], which allows the customization of charac-
ter meshes and textures. For realistic avatar movements, the Salsa
Suit asset [40] is employed to synchronize lip, eye, and head move-
ments with a generated voice. To enhance naturalism, prerecorded
animations are used to animate the avatar’s hands and neck.

4 EXPERIMENT DESIGN
This study involved two groups of participants: experienced in-
vestigative interviewers and individuals with backgrounds in psy-
chology, criminology, or related fields but who lacked professional
interviewing experience. Recruitment of participants was facilitated
through the support of managerial personnel at their respective
workplaces, guiding the researchers towards professionals best
suited for participation. Eligibility for selection required experi-
ence in the criminal justice sector, with a preference for those who
had previously worked as investigative interviewers. Out of those
approached, all but a few individuals agreed to participate.

The methodology involved simulations in both 2D and 3D set-
tings in random order. Each participant engaged in these environ-
ments for a duration ranging from five to tenminutes. Following the
simulations, participants were asked to complete a questionnaire.
This questionnaire focused on their experiences and observations
while interacting with the child avatars in both the 2D and 3D envi-
ronments. The study was conducted over six separate days without
any specific arrangement to distinguish between participants with
and without experience in interviewing children.

Our research has received ethical approval from the Norwe-
gian Agency for Shared Services in Education and Research (SIKT)
(project number #614272), titled "Interview training of child-welfare
and law-enforcement professionals interviewing maltreated chil-
dren supported via artificial avatars." Additionally, this studywas ap-
proved by Griffith University, Australia (project number #2023/501),
titled "Evaluation of Child Avatar Interview Simulation Learning
Activity."

4.1 Participant Demographics
Our study initially included 39 individuals, but with the exclusion
of three participants who only interacted in the 2D environment,
the number of participants considered for the final analysis was
reduced to 36. Within this group, 24 identified as female, 11 as
male, and one participant preferred not to disclose gender. The age
distribution revealed that most of the participants, 26 participants,
fell within the 30-49 age range, 9 were over 50 years old, and one
was under 29 years old. Regarding their professional background
in child interviewing, 14 participants had no prior experience, 11
had more than ten years of experience, and the remaining 11 had
less than ten years of experience. Regarding their exposure to VR,
16 participants had previous VR experience, while 20 had not used
VR technology before.

4.2 Questionnaires
The questionnaire comprised 30 items, including 28 questions on a
5-point Likert scale and two open-ended questions. These questions
were categorized into eight different evaluation keys: presence [16],
usability [5], visual Fidelity [3, 43], emotion [3], responsiveness [33],
appropriateness [45], training effectiveness, and empathy. Each ques-
tion was designed to provide specific insights relevant to its cate-
gory, ensuring comprehensive coverage of the user experience. For
the full text of these questions, please refer to Figure 2.

5 RESULTS
In this section, we analyze the subjective feedback of participants
for both 2D and 3D environments. The results are organized into
three segments: Descriptive Analysis, Comparative Analysis, and
Qualitative Feedback.

5.1 Descriptive Analysis
We began our analysis by calculating the central tendencies and
dispersion of each evaluation aspect. In Figure 3, we present a vi-
sual comparison of mean scores and standard deviations between
2D and 3D environments. In the 2D environment, the usability
scored the highest (𝑀𝑒𝑎𝑛 = 4.09, 𝑆𝐷 = 0.67), and in the 3D envi-
ronment, presence scored the highest (𝑀𝑒𝑎𝑛 = 4.12, 𝑆𝐷 = 0.72).
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Evaluation 

Aspects 
NUM Questions                 Shorthand 

Response 

Type 

Presence 

1 I felt engaged during the simulation. Engagement Likert scale 

2 I felt immersed in the computer-generated world. Immersion Likert scale 

3 I was able to concentrate on the simulation without being distracted by my surroundings. Concentration Likert scale 

4 I forgot about the real world during the interaction. World Forgetfulness Likert scale 

Usability 

5 The equipment was comfortable to use. Equipment Comfort Likert scale 

6 I felt comfortable interacting with the child Avatar. Avatar Interaction Comfort Likert scale 

7 The interface of the tool was easy to understand and use. Interface Usability Likert scale 

8 I did not experience technical difficulties while interacting with the child Avatar. Technical Difficulty Likert scale 

9 I would feel very comfortable using this tool on my own next time. Ease of Future Use Likert scale 

Visual Fidelity  

10 The appearance of the child Avatar was realistic. Appearance Fidelity Likert scale 

11 
The virtual environment where the child Avatar was located felt real and contributed to my 

overall immersive experience. 
Environment Fidelity Likert scale 

12 I perceived hand-movements/gestures from the child Avatar. Hand Movement Perception Likert scale 

13 The quality of the child Avatar’s movements was satisfactory (naturalness, realism, …). Movement Quality Likert scale 

14 The child Avatar’s lip movements were well synchronized with the speech. Lip Sync Accuracy Likert scale 

15 
The child Avatar’s face expressions/movements felt realistic and were well synchronized 

with the speech. 
Facial Expression Fidelity Likert scale 

16 The overall perception was realistic and pleasant. Overall Realism Perception Likert scale 

Emotion 

17 I felt emotionally engaged during the interaction with the child Avatar. Emotional Engagement Likert scale 

18 I perceived emotions in the child Avatar’s responses.  Emotional Response Perception Likert scale 

19 
The child Avatar’s emotional reactions (e.g. body language, facial expressions and 

behaviour) looked realistic. 
Emotional Reaction Realism Likert scale 

20 
The child Avatar’s emotional reactions (e.g. body language, facial expressions and 

behaviour) consistently matched the content of the interview. 
Emotion-Content Match Likert scale 

Responsiveness 

21 
The responsiveness of the system to my inputs felt right, natural and smooth (e.g. the 

system’s reaction time, the consequent responses/actions from the child Avatar). 

System Responsiveness 

 
Likert scale 

22 I noticed a delay between my questions and the child Avatar’s responses/reactions. Response Delay Notice Likert scale 

23 The pace was the usual for a conversation with a child in such circumstances. Conversation Pace Normalcy Likert scale 

Appropriateness 

24 The child Avatar’s responses felt age appropriate.  Age-Appropriate Response Likert scale 

25 The child Avatar’s responses were consistent with respect to the general story. Story Consistency Likert scale 

26 The child Avatar’s responses were appropriate and on-topic with my questions. Response Relevance Likert scale 

Training 

Effectiveness 

27 
From a learning perspective, my interaction with the child Avatar felt as effective as 

interacting with a human actor/trainer. 
Training Comparability Likert scale 

28 I think this tool should be included in investigative interviewing training programs. Tool Inclusion Recommendation Likert scale 

Empathy 

29 
Please provide one or more examples of the aspects of the child Avatar that felt particularly 

effective in eliciting your empathy and understanding. 

Effective Empathy Elicitation 

Examples 
Open-ended 

30 
Please provide one or more examples of the aspects of the child Avatar that felt particularly 

ineffective in eliciting your empathy and understanding. 

Ineffective Empathy Elicitation 

Examples 
Open-ended 

 

Figure 2: Categorization of questionnaire items according to Evaluation Aspects.

Conversely, the responsiveness scored the lowest in both the 2D
and 3D environments, indicating concerns regarding interaction
delays. Specifically, the mean score was 2.61 (𝑆𝐷 = 0.61) in the 2D
environment and 2.75 (𝑆𝐷 = 0.71) in the 3D environment.

5.2 Comparative Analysis
In this section, we investigate the differential impact of the 2D
versus 3D environment on QoE. This investigation utilized a paired
sample T-test to analyze the variations between the two environ-
ments. Additionally, we calculated Cohen’s d to assess the effect
sizes. The results of these analyses are presented in Table 1.

In terms of presence, the results reveal that the 3D environment
enhances the sense of presence more significantly than a 2D envi-
ronment due to its sensory-rich and interactive dynamics. Specifi-
cally, participants experienced a higher sense of ’immersion’, ’en-
gagement’ and ’world forgetfulness’ in a 3D environment. However,
’concentration’ levels did not show a significant difference, suggest-
ing a complex relationship between immersive features and user
focus. It is possible that the use of HMDs captures and diverts the
participant’s attention, thus impacting their concentration levels.

From the perspective of usability, this study claims that due to
the absence of physically demanding equipment such as HMD, the
2D environment offers a more user-friendly experience. Specifi-
cally, participants experienced higher ’equipment comfort’ in the
2D environment, suggesting that the absence of additional gear may

contribute to increased comfort. Similarly, ’ease of future use’ was

Table 1: Paired Sample T-Test andCohen’s d Effect Size for Learning Experience
Variables. The gray areas show significant differences noted at p < .05.

T-Statistic P-Value Cohen’s d
Effect Size

Engagement 2.798 0.008 0.466
Immersion 5.940 0.000 0.990
Concentration 2.023 0.050 0.337
World Forgetfulness 2.704 0.010 0.450
Equipment Comfort -4.159 0.000 -0.693
Avatar Interaction Comfort 1.000 0.324 0.166
Interface Usability -0.867 0.391 -0.144
Technical Difficulty 0.000 1.000 0.000
Ease of Future Use -2.256 0.030 -0.376
Appearance Fidelity 1.190 0.242 0.198
Environment Fidelity 3.944 0.000 0.657
Hand Movement Perception 2.841 0.007 0.473
Movement Quality 1.847 0.073 0.307
Lip Sync Accuracy 0.849 0.401 0.141
Facial Expression Fidelity 2.142 0.039 0.357
Overall Realism Perception 1.661 0.105 0.276
Emotional Engagement 1.454 0.154 0.242
Emotion Response Perception 1.000 0.324 0.166
Emotional Reaction Realism 1.357 0.183 0.226
Emotion-Content Match 0.452 0.653 0.075
System Responsiveness 0.122 0.903 0.020
Response Delay Notice 1.183 0.244 0.197
Conversation Pace Normalcy 1.540 0.132 0.256
Age-Appropriate Response 1.152 0.257 0.192
Story Consistency 0.273 0.785 0.045
Response Relevance -1.177 0.246 -0.196
Training Comparability 3.365 0.001 0.560
Tool Inclusion Recommendation 1.715 0.095 0.285
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Figure 3: Bar-plot (95% confidence interval) of mean scores across the evaluative aspects in 2D and 3D environments.

significantly better in the 2D environment, which implies that users
might prefer the 2D environment for future interactions, possibly
due to its less physically exhausting nature. Conversely, ’avatar
interaction comfort’, ’interface usability’, and ’technical difficulty’
showed no significant differences, indicating that these aspects of
usability are perceived similarly across both 2D and 3D environ-
ments.

Regarding visual fidelity, the study examined several key as-
pects, which indicated that there is an improved quality of visual
experience in the 3D environment. In particular, ’environment fi-
delity’ shows a substantial increase in 3D environment, suggesting
that participants perceived a 3D environment as more lifelike. Sim-
ilarly, ’hand movement perception’ is significantly enhanced in
3D, indicating that the fluidity of VR technology provides a more
lifelike representation of hand movement. Further, ’facial expres-
sion fidelity’ is rated significantly higher in the 3D environment,
reflecting that the immersive nature of the 3D environment may
inherently strengthen the user’s perception of facial expression
naturalness.

However, ’movement quality’, while not reaching statistical sig-
nificance, shows a trend towards enhanced perception in 3D, imply-
ing a possible positive impact of VR technology on the naturalness
and consistency of avatar movement. The ’overall realism percep-
tion’ also trended towards a better experience in a 3D environment,
but did not reach conventional significance levels. In addition, ac-
cording to our expectations, there are no significant differences
between 2D and 3D environments regarding ’avatar appearance
fidelity’ and ’lip sync accuracy’.

In terms of emotion, the study investigated how users perceive
emotional dynamics with an avatar lacking emotional expressions
in 2D and 3D environments. Contrary to the belief that a 3D immer-
sive environment may compensate for the absence of emotional
expressions [23, 37], the results indicate that there are no statisti-
cally significant differences between the 2D and 3D environments.
This finding highlights the importance of explicit emotional signals

in improving emotional dynamics during avatar-user interactions.
However, a trend is observed to favor ’emotional engagement’ and
’emotional reaction realism’ in the 3D environment, although this
trend is not statistically significant, which implies that immersion
provided by the 3D environment leads the user to perceive cer-
tain behaviors and facial expressions of the avatar as an emotional
reaction.

Regarding two conceptually close aspects, responsiveness and ap-
propriateness, the results show that there is no significant difference
in user experience between the 2D and 3D environments.

Furthermore, from the perspective of training effectivenes, we
examined participants’ perceptions of the training with the child
avatar relative to human actors (’training comparability’) and their
approval of incorporating this tool into investigative interview
training programs (’tool inclusion recommendation’). The results
demonstrate a statistically significant preference for 3D over 2D
in terms of ’training comparability’, suggesting that participants
found the 3D interaction to be nearly as effective as a real-life
training experience. Additionally, there is a trend of preferring
’tool inclusion recommendation’ in the 3D environment, although
not statistically significant, suggesting that immersion provided
by the 3D environment enhances the effectiveness of training by
simulating real-world interactions more closely than in the 2D
environment.

5.3 Qualitative Feedback
In the open-ended section of the questionnaire survey, participants
were asked to clarify the aspects that contributed to the effective
and ineffective elicitation of empathy within two simulated environ-
ments, as presented in Table 2. This table quantifies the feedback,
offering a clear count of positive and negative comments for each
evaluated aspect of the avatar’s performance.

Notably, the 3D environment was dependent on its visual fidelity,
with participants expressing mixed reviews, one stating: ’The hand
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Table 2: Distribution of Participant Comments on Effective and Ineffective
Aspects of Empathy Elicitation in 2D and 3D Environments.

Effective Aspects Ineffective Aspect
2D 3D 2D 3D

Presence 0 1 2 0
Visual Fidelity 8 19 9 15
Emotion 2 0 4 5
Voice 6 7 4 5
Responsiveness 16 10 13 9
Response Speed 0 0 7 5

movements and eye contact were great!’ In contrast, another partici-
pant stated: ’The avatar’s body was not that of a child but more of
a woman, which was distracting’, underscoring the importance of
appropriate visual cues in engendering empathy.

On the contrary, the participant responses indicated that the effi-
cacy of the 2D environment was largely dependent on the avatar’s
responsiveness. One participant highlighted this as a strength, stat-
ing, ’When she spoke of harm perpetrated by her father, that tugged
the heartstrings.’ Nonetheless, certain comments, like the one re-
garding the avatar’s limited response of ’YEAH’, underscore the
necessity for enhanced emotional expressiveness and sophisticated
interaction within virtual training platforms.

Furthermore, the participant feedback in both environments
revealed aspects that hindered empathy engagement, indicating
potential areas for improvement. A repeated critique related to
the delay in the avatar’s reactions; as one respondent explicitly
observed, ’There was a large delay in her responses that made it hard
to engage with the avatar and affected rapport building significantly.’
Emotional reaction was another aspect that received critical atten-
tion, with comments such as ’No emotion shown when disclosing
sexual abuse’, implying that more emotional expression could be
crucial in augmenting the avatar’s realism.

6 DISCUSSION AND FUTUREWORK
We explored the comparative effectiveness of 2D and 3D training
environments in the context of CPS interview training. Differing
from our earlier research [14], where VR’s novelty significantly
influenced participants, the current study provided a more compre-
hensive understanding of VR’s practical utility in training scenarios.
A noteworthy finding is the pronounced preference for the 3D envi-
ronment in most of the questionnaire responses, suggesting that im-
mersive experiences are important to further investigate in relation
to improving training efficacy. This aligns with previous research
suggesting that immersive learning contexts can substantially im-
prove skill acquisition by providing more realistic and engaging
experiences, as they closely mimic real-world interactions and sce-
narios [17, 20, 24]. This is demonstrated by a significant difference
in ’facial expression fidelity’, a crucial aspect of non-verbal com-
munication, even without explicit emotion settings in the system.
Participant feedback such as ’In the 2D version non-verbal behavior
of the avatar was more difficult to perceive than in the VR version of
the program’ supports this observation. Recognizing the importance
of emotional dynamics in virtual environments, future iterations of
the system will integrate Unreal Engine technology with NVIDIA
Omniverse1 to enhance emotional reactions. This integration is
expected to result in a more sophisticated simulation of human-like
1https://www.nvidia.com/en-us/omniverse/apps/audio2face/

emotional responses, thereby enriching the user’s immersive expe-
rience by providing a nuanced and context-sensitive rendering of
non-verbal cues. These advancements will likely contribute to the
development of more empathetic and interactive virtual environ-
ments.

Another significant outcome is the advantage of visual interac-
tion over text-based methods in developing effective communica-
tion skills. User comments like ’making eye contact but then also
looking away when talking about negative moments (assault) seemed
like a normal response in a human interview’ highlight the system’s
potential in simulating realistic human interactions. Interestingly,
the immersive nature of the visual environment sometimes leads
to overlooked responses, highlighting its realism. This was demon-
strated in some participant’s observations. For instance, one noted,
’When the child paused and then said the age of her brother very qui-
etly. It seemed like a realistic moment’, suggesting that in the visual
environment, users think the delay is part of the child’s hesitation.
However, there is still a concern raised regarding the delay observed
in the avatar’s responses, primarily due to the current necessity for
manual input to trigger these responses. Recognizing the criticality
of fluid interaction in the context of child investigative interview
interviews, future iterations will focus on automating the response
mechanism, thereby eliminating the need for manual intervention.

Despite these advantages in VR technology, no significant differ-
ences were observed between the 2D and 3D environments regard-
ing the ’tool inclusion recommendation’. This lack of distinction
could be partly attributed to the discomfort associated with us-
ing HMDs, as indicated by participant comments such as ’Using
headphones did not cause me pain, (. . . ) with the VR I was in pain.’

Additionally, it should be noted that the 3D environment requires
additional equipment and a special setup, which is intrusive and
uncomfortable for some individuals. In contrast, the 2D environ-
ment offers greater ease of use, which makes it ideal for ’anytime,
anywhere’ training sessions, making it a more accessible option for
a broader audience.

7 CONCLUSION
This paper has presented a comprehensive analysis contrasting 2D
and 3D virtual environments in their application to child interview
training for CPS and law enforcement personnel. The findings re-
veal that the immersive 3D environment significantly enhanced
aspects such as presence, visual fidelity, and training effectiveness,
providing a more realistic and engaging interaction that greatly
benefits training scenarios. Conversely, the 2D environment, while
less immersive, was favored for its higher usability due to its fewer
equipment requirements. However, this research also identifies crit-
ical challenges within these virtual training environments, particu-
larly the need for emotional expressiveness and improved system
responsiveness. Based on these findings, it is evident that future de-
velopments in virtual training tools must adopt a balanced approach.
Prioritizing the refinement of the 3D environment is crucial, with a
specific focus on integrating emotional expressiveness in avatars
and improving avatar response speed. These improvements are es-
sential for increasing the efficacy and accessibility of these virtual
training environments for CPS and law enforcement personnel.
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ABSTRACT This paper presents a detailed study of an AI-driven platform designed for the training of
child welfare and law enforcement professionals in conducting investigative interviews with maltreated
children. It achieves a realistic simulation of interview situation through the integration of fine-tuned GPT-
3 models within the Unity framework. The study recruited participants from a range of backgrounds,
including professionals experienced in conducting investigative interviews and individuals with academic
qualifications in psychology, criminology, or related disciplines. To assess the effectiveness of this tool,
a multi-method evaluation approach was utilized, incorporating both quantitative analyses and qualitative
interviews. The quantitative methods included mixed-effects models, which provided insights into how ef-
fects such as the type of virtual environment (2D vs. 3D), scenario variations, virtual reality (VR) familiarity,
and professional expertise influence the user experience. Additionally, structural equation modeling (SEM)
provided deeper insights into the relationships between variables, offering a comprehensive understanding
of how they collectively impact the user experience. The qualitative method included a detailed semi-
structured interview that provided a deeper understanding of user experiences and perceptions.
The findings indicate significant advantages of the 3D environment in enhancing ’flow’ and ’virtual fidelity’;
however, the 2D environment was favored for ’usability’. Despite the 3D environment’s potential for
greater immersion, the discomfort associated with VR head-mounted displays (HMDs) led some users
to prefer the 2D setup. Familiarity with VR technology positively influenced user perception, indicating
that prior exposure can mitigate some of the ’avatar interaction comfort’ issues. Additionally, the ’hand
movement perception’ was better understood in scenarios with sensitive themes. As user experience
increased, participants had a more positive view of the ’age-appropriateness responses’. Furthermore, the
dialog system’s effectiveness, particularly ’responses relevance’ and ’detail responses’, played a significant
role in ’empathy elicitation’, often outweighing ’visual fidelity’. However, ’emotion’ in facial expressions
and ’responsiveness’ were two factors that negatively impacted the effectiveness of the tool, indicating areas
that need improvement in the future.

INDEX TERMS Virtual Reality (VR), Virtual Environments (VEs), Immersion, Usability, Quality of
Experience (QoE), Large language model (LLM)
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I. INTRODUCTION

CHILD abuse is a pervasive global issue that detrimen-
tally affects children’s psychological, developmental,

and physical health. Meta-analyses reveal that before reach-
ing adulthood, 22.6% of children face physical abuse and
11.8% encounter sexual abuse [1]. Specifically, child sex-
ual abuse (CSA) cases rarely have corroborative physical
evidence, with less than 15% of cases supported by such
data [2], and in 70% of cases, the child is the sole wit-
ness [3]. The lack of corroborative evidence underscores the
importance of conducting effective investigative interviews,
as these can harness reliable testimonies from children when
aligned with best-practice guidelines [4]. These guidelines
promote the use of open-ended questions to elicit detailed,
accurate, and relevant evidence [5].

Despite the critical role of proper interviewing techniques
and the availability of extensive training programs, com-
pliance with best practices remains low [6]. Interviewers
frequently resort to using too many suggestive, closed, and
directive questions, which hampers the collection of compre-
hensive and accurate information from child witnesses [7]–
[9]. The reasons for this include training programs that lack
effective practice opportunities and do not adequately adjust
interviewers’ behavior towards using open questions [10].
The persistence of these issues even after professional train-
ing highlights significant gaps in current training method-
ologies [11]. Innovative methods such as mock interviews
with trained actors have proven beneficial in enhancing in-
terviewer skills; however, these face-to-face training sessions
are costly and logistically challenging, requiring significant
resources and the availability of both trainee and trainer [12].

To address these challenges and improve training acces-
sibility and effectiveness, we have developed an AI-based
training platform that utilizes VR technology with artifi-
cial intelligence (AI) to develop a novel training platform
that simulates realistic interview scenarios with high-fidelity
avatars mimicking child behavior in these situations [13],
[14].

The core of this system combines natural language pro-
cessing (NLP), computer vision, and audio technologies.
NLP allows the avatar to comprehend and articulate hu-
man language, while computer vision technologies enable
it to present visually accurate and responsive representa-
tions of children. The audio component leverages IBM Wat-
son’s speech synthesis and recognition services for effective
speech-to-text (STT) and text-to-speech (TTS) capabilities,
ensuring the avatar can respond with childlike voices by
modifying pitch and speed. This triad of technologies effec-
tively mimics the complexities of interviewing child abuse
victims, thereby providing a vital, scalable tool for training
professionals in this critical field.

In [14], we undertook a user study to evaluate the effec-
tiveness of various interactive platforms, including VR, 2D
desktop environments, audio, and text chat. However, this
study did not fully address different dimensions of visual
fidelity and the importance of emotional facial expression.

Moreover, the statistical power of the study may have been
insufficient to detect some nuanced effects.

Building on these preliminary insights, we conducted a
compressive study to explore deeper into the integration of AI
technologies with VR platforms to augment the realism and
efficacy of child interview sessions. We utilized the advanced
features of the GPT-3 language model, which was specially
fine-tuned using mock interview datasets. This model was
then seamlessly integrated into a Unity3D framework, cre-
ating an audio-visual training environment that closely sim-
ulates the complexities of real-world situations. The study
recruited participants from diverse backgrounds, including
professionals with experience in conducting investigative
interviews and individuals with academic qualifications in
psychology, criminology, or related fields.

As a result, this paper is an extended version of our previ-
ously published work [15]. We have expanded our research
with additional experiments, deeper analysis, extended dis-
cussions, and new findings. Specifically, these extensions aim
to probe deeper into the dynamics between virtual environ-
ment design and user experience. The core advancements
presented in this paper involve a detailed examination of
the interactions within these simulated environments through
mixed-effects models. These models assess how effects such
as the type of environment (2D vs. 3D), scenario variation,
VR familiarity, and the user’s professional expertise influ-
ence the user experience. Additionally, we used SEM to
analyze how different variables are interconnected and to
assess their combined impact on factors such as ’training
effectiveness’ and ’empathy elicitation’. In addition to the
quantitative findings, our study incorporates in-depth semi-
structured interviews with all participants who interacted
in the environments. These interviews were designed to
explore participants’ detailed experiences, perceptions, and
emotional responses while engaging with both 2D and 3D
virtual environments, particularly focusing on aspects not
fully captured by quantitative measures.

II. RELATED WORK
The following section reviews pertinent literature in two
primary areas: investigative interview training and the appli-
cation of VR in education. By examining existing research
in these fields, we aim to establish a foundation for under-
standing the advancements and current challenges in these
domains.

A. INVESTIGATIVE INTERVIEW TRAINING
Existing child avatar training systems have significantly con-
tributed to the field of investigative interviews, yet they show
varied levels of automation and effectiveness. Predominantly
semi-automated, these systems require varying degrees of
human intervention. The system developed by Linnæus Uni-
versity in collaboration with AvBIT Labs exemplifies an
early approach, where prerecorded child responses are man-
ually selected by operators to simulate interactions during
interviews [16]. This method, while innovative, restricts dy-
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namic interaction due to its reliance on predefined responses.
Furthermore, another research team developed LiveSimula-
tion [17], [18] which allows participants to interact with
a videotaped five-year-old child discussing alleged sexual
abuse. Participants select from four predetermined questions,
with the child’s video responses reflecting typical response
patterns of five-year-olds. Research shows that this training
leads to a significant increase in the use of open-ended
questions, with the effects persisting in follow-ups up to 12
months later [19], [20].

In parallel, Empowering Interviewer Training (EIT) [21],
which utilizes a virtual child created from animated, mor-
phed images of real children. Unlike LiveSimulation, EIT
allows for more dynamic interactions where participants can
pose verbal questions freely. The child’s responses are video
clips with predefined answers, selected either manually or
through a probabilistic rule-based algorithm that activates
after manual question categorization [22], [23]. Feedback on
both process and outcome is provided after each session,
enhancing learning effectiveness [21], [22], [24].

Building on these foundations, ViContact system [25] rep-
resents an advancement in VR training for child interviewing.
Through the ViContact, participants are able to engage in
verbal interactions with virtual children, simulating real-
life scenarios of suspected abuse conversations. The sys-
tem combines VR-based simulated conversations with auto-
mated, personalized feedback and classical seminar training,
enhancing both open-ended questioning skills and socio-
emotional support among trainees.

These systems, however, do not yet leverage advanced
language processing technologies like GPT-3, which could
potentially address many of the current systems’ limitations
by improving response dynamism and relevance [26]. Fur-
thermore, the integration of VR in educational tools like these
could significantly enhance immersive learning experiences,
as VR has been shown to increase engagement, memory
retention, and decision-making capabilities depending on the
applied pedagogical methods [27].

B. VIRTUAL REALITY FOR EDUCATION
The transformative potential of VR as an educational tool
has been increasingly recognized in recent literature [27]. VR
not only augments direct learning experiences by improving
memory retention but also significantly boosts learner en-
gagement and motivation [28]–[30]. These attributes are im-
portant in creating an interactive learning environment where
spatial and visual concepts are better understood and learners
are more immersed in the educational content [31]. More-
over, VR has shown promise in simulation-based training,
enhancing decision-making skills through realistic scenar-
ios [28]. However, the success of these simulations depends
on integrating sound pedagogical practices that tailor the VR
experience to educational objectives [32].

In specialized training scenarios, particularly in fields re-
quiring high levels of practical skill, VR’s adaptability and
acceptance have been remarkable [33]. For instance, its ap-

plication in job interview training for individuals with serious
mental health conditions illustrates VR’s broad utility across
various educational and training frameworks [34].

A critical aspect of VR’s educational efficacy is its ability
to induce stronger emotional responses compared to tradi-
tional 2D learning environments [35], [36]. Studies suggest
that 3D VR environments, by presenting the same content,
engage users more deeply, thus enhancing learning outcomes
related to vocabulary acquisition and memory retention [37],
[38]. Nevertheless, the technology’s effectiveness can vary
depending on the nature of the learning task, as some studies,
like those on learning moon phases, show minimal differ-
ences between VR and traditional methods [39].

Recent trends in this field involve employing electroen-
cephalogram (EEG) to delve deeper into cognitive processes,
uncovering that 3D VR may reduce cognitive load compared
to 2D experiences [40]. This reduction is thought to facilitate
learning by minimizing mental strain [41]. Research by Tian
et al. supports this, noting that VR’s stereoscopic vision
not only reduces cognitive load but also increases emotional
engagement, offering a distinct advantage over traditional 2D
approaches [42].

This study aims to obtain feedback on the effectiveness
of the 2D and 3D virtual environments and to gain a deeper
understanding of the experiences and perceptions of the in-
terviewers when interviewing an alleged abused child avatar.

III. SYSTEM ARCHITECTURE
Figure 1 illustrates the design of our interactive child avatar
system, which is compatible with both 2D and 3D interactive
environments. The system is divided into three key compo-
nents: 1) the language module, which utilizes OpenAI’s large
language models (LLM), GPT-3 [26]. It is fine tunned to
converse like a child with various personas; 2) the speech
synthesis module, which employs IBM Watson services for
efficient STT and TTS functions; and 3) a Unity-based user
interface that offers two interactive modes: a 3D virtual
environment accessible via the Oculus Quest2 HMD and a
2D virtual environment.

A. LANGUAGE
The language component of the model is designed to emulate
a child’s conversational style, responding to interviewers’
questions. This is achieved by utilizing a dataset of interview
transcripts from the Centre for Investigative Interviewing at
Griffith University, Australia [20]. The dataset features mock
interviews conducted by trained professionals, simulating
interactions between actors portraying children and inter-
viewers from Child Protection Services or law enforcement.

In our previous work [14], we utilized the RASA frame-
work to develop our dialogue model. Currently, we have fine-
tuned GPT-3 [26] Davinci model for two specific scenarios:
sexual abuse and physical abuse. This fine-tuning involved
using 10 simulated forensic interviews with children aged
6 to 8 years who were potential victims. The objective was
to generate dynamic and contextually appropriate responses
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FIGURE 1. Architecture of the child avatar system used in the comparative
study.

to the interviewers’ questions. The process of fine-tuning
involved tweaking crucial hyperparameters such as a batch
size to 1, setting learning rate multiplier to 0.1, a total of
four epochs of fine-tuning, and a prompt loss weight of 0.01.
We used 46 examples of prompts and completions, which
enhanced the model’s ability to comprehend and adjust to
the different conversation scenarios. The dialogue model has
been integrated with a Unity-based user interface via OpenAI
API calls.

B. SCENARIO DESIGN
To select a scenario for the experiment, the interview tran-
scripts were organized into various personas. The personas
chosen for this research were identified based on the vol-
ume of available transcripts and the depth of information
suitable for creating sufficiently long dialogues. The selected
personas were named Hillary and Rebecca, each with distinct
backgrounds:

a: Rebecca Scenario
This scenario involves a child named Rebecca who is de-
signed to simulate a case of sexual abuse. The dialogue
model has been fine-tuned to generate appropriate responses
that reflect the experiences and emotional state typical of
a child who has faced such trauma. This scenario helps
trainees understand the nuances of interviewing a child in
such delicate situations, emphasizing the need for empathy
and careful questioning techniques.

b: Hilary Scenario
In this scenario, the child avatar named Hilary portrays
a victim of physical abuse. The responses and behaviors
of Hilary are crafted to illustrate the challenges faced by
children undergoing physical harm. This scenario is crucial

38.9% 30.6%

13.9%
11.1%

5.6%

a)

No Experience
Over 10 Years
1-5 Years
5-10 Years
Under 1 Year

55.6%

33.3%
11.1%

b)

Familiar but unused
Limited usage experience
Experienced and familiar

FIGURE 2. Distribution of experience levels among participants, comparing
professional years (a) and familiarity with VR (b).

for training interviewers to recognize signs of physical abuse
and to handle the interview process with the sensitivity and
support needed to ensure the child’s safety and well-being.

C. SPEECH SYNTHESIS
IBM Watson’s STT and TTS services facilitate the con-
nection between the dialogue model and the user interface.
Although the IBM TTS API typically provides adult voices,
we adjusted the pitch and speed of a female voice to create a
childlike tone. This adjustment was informed by a pilot study,
which revealed that the participants did not respond well to
adult voices intended for children [43].

D. VISUAL INTERFACE
This system enables users to interact with a virtual child
avatar within two distinct environments. The front-end, built
using the Unity game engine, features two environments:
a 3D environment accessible via an Oculus Quest 2 head-
set and a 2D environment displayed on a 24-inch desktop
monitor. The same avatar is present in both environments,
created with the Unity Multipurpose Avatar (UMA) open-
source project [44], allowing for customization of character
meshes and textures. For realistic avatar movements, the
Salsa Suit asset [45] is used to synchronize lip, eye, and head
movements with a generated voice. Additionally, prerecorded
animations animate the avatar’s hands and neck to enhance
naturalism.

IV. EXPERIMENT DESIGN
The experimental protocol was structured into two main
components following each interactive session: an interview
and a survey. Participants experienced both 2D and 3D en-
vironments in a random sequence. They interacted with the
child avatar in these environments for an average duration
of 8:27 minutes, with a standard deviation of 1:59 minutes.
Based on a pre-study, we determined that 10 minutes is the
optimal duration for these interactions. This duration was
found to strike an effective balance, allowing participants
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to fully engage with the avatar while preventing fatigue
and maintaining focus throughout the session. Immediately
following each interactive session, participants underwent a
semi-structured interview lasting between 10 and 15 minutes
to collect qualitative feedback. Subsequently, they completed
a questionnaire survey, which further contributed to the
study’s comprehensive data collection. Prior to commencing
the experimental activities, participants read and signed an
informed consent form to confirm their understanding of the
study’s objectives and to ensure ethical compliance. After-
wards, a demographic survey was conducted. Throughout the
experiment, the processes were meticulously monitored to
ensure participant comfort and to gather extensive data on
the efficacy of the tool and the overall user experience.

a: Participant Demographics
This study recruited two distinct groups: experienced inves-
tigative interviewers and individuals with academic back-
grounds in psychology, criminology, or related fields but
without professional interviewing experience. Recruitment
was facilitated by managerial staff at their workplaces who
identified employees matching the study’s criteria. All partic-
ipants were required to have relevant criminal justice sector
experience, with a preference for a background in investiga-
tive interviewing.

The initial cohort of our study consisted of 39 individuals.
After excluding three participants who engaged solely in
the 2D environment, the final sample size for analysis was
reduced to 36 individuals. Demographically, 24 participants
identified as female, 11 as male, and one preferred not to
disclose their gender. The age distribution was primarily
within the 30-49 year range, with 26 participants, nine over
50 years, and one under 29 years. Concerning professional
experience in child interviewing, 14 participants had no prior
experience, and 22 had experience in investigative interview-
ing. Regarding prior exposure to VR, 16 participants had
previous experience with VR technologies, whereas 20 had
not previously used VR. The levels of professional expertise
and VR familiarity are illustrated in the pie chart presented
in Figure 2, which are specifically referenced in the results
section for further analysis.

A. INTERVIEW STUDY
Following the interview sessions with the child avatar, par-
ticipants were engaged in a semi-structured interview de-
signed to elicit detailed feedback on their experiences. The
interview consisted of a series of open-ended questions as
outlined in Table 1, which probed various aspects of their
interaction with the avatars. These aspects included their
overall experience, ability to engage with the avatars from
a visual/interactive perspective, the appropriateness of the
avatars’ responses, and the usefulness of the activity for
training purposes. Additionally, participants were asked to
comment on areas for improvement and their preferred ver-
sion of the environment. These questions were instrumental
in capturing comprehensive insights into the user experience.

To ensure accuracy in data collection, the interviews were
recorded and subsequently transcribed using Otter transcrip-
tion software, adhering to the guidelines established in the
Informed Consent document. To analyze the transcripts, we
first categorized the data based on questionnaire items and
then clustered them into different topics. We assessed the
importance of each topic by counting the number of partici-
pants who mentioned it and visualized this data in the form
of graphs (see Figure ??). The entire review process of the
interview transcripts was conducted with meticulous atten-
tion to detail, ensuring thorough representation and analysis
of participant feedback.

TABLE 1. Open-ended questions in post-test interview.

Items
Q1 what was your overall experience with this avatar?
Q2 Please reflect solely on your ability to engage with the Avatar from a

visual/interactive perspective.
Q3 Please reflect on the appropriateness of her responses.
Q4 Please reflect on the usefulness of this activity from a training perspec-

tive.
Q5 Please provide your perspective on the things that went well and those

that need to improve.
Q6 Which was your preferred version? Please elaborate.
Q7 What haven’t we asked you today that you think would be valuable for

us to know?

B. SURVEY STUDY
Following each interview, the participant was asked to com-
plete a detailed questionnaire designed to gather insights
into their experiences and observations while interacting
with child avatars in both 2D and 3D environments. The
study was conducted across six distinct sessions on separate
days. There was no predefined grouping based on the par-
ticipants’ prior experience in interviewing children, which
allowed for a diverse range of responses. The questionnaire
features 31 questions rated on a 5-point Likert scale. These
questions are organized into seven distinct evaluative fac-
tors: ’Flow’ [46], ’Usability’ [47], ’visual Fidelity’ [48],
[49], ’emotion’ [48], ’responsiveness’ [50], ’response rele-
vance’ [51], and ’training effectiveness’. Additionally, there
are four independent questions: ’empathy elicitation’, ’age-
appropriate response’, ’detailed responses’, and ’response
suggestibility’. Each question was crafted to elicit detailed
information pertinent to its respective category, thereby en-
suring a thorough evaluation of the user experience. For the
complete list of these questions, refer to Table 2.

V. QUANTITATIVE RESULTS
In this section, we analyze the subjective feedback of partic-
ipants for both the 2D and 3D environment. The results are
organized into four segments: Reliability Analysis, Descrip-
tive Analysis, Comparative Analysis, and Structural Equation
Modeling Analysis.

A. RELIABILITY ANALYSIS
We assessed the reliability of the evaluation factors using
Cronbach’s alpha to determine the internal consistency of
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TABLE 2. Categorization of questionnaire items by evaluation factors. Items that are not grouped into predefined categories are noted for their distinctive attributes
and the absence of a reliable category, based on Cronbach’s alpha (shown in Table 3). The columns labeled ’Shorthand’ and ’Tag’ refer to the concise labels
assigned to each item, which facilitate referencing them efficiently throughout the text and figures of the paper.

Evaluation 

Factors 
NUM Questions Shorthand Tag 

Flow 

(Flw) 

1 I felt engaged during the simulation. Engagement Eng 

2 I felt immersed in the computer-generated world. Immersion Imm 

3 I was able to concentrate on the simulation without being distracted by my surroundings. Concentration Cnc 

4 I forgot about the real world during the interaction. World Forgetfulness WrF 

Usability  

(Usb) 

5 The equipment was comfortable to use. Equipment Comfort EqC 

6 I felt comfortable interacting with the child Avatar. Avatar Interaction Comfort AIC 

7 The interface of the tool was easy to understand and use. Interface Usability InU 

8 I did not experience technical difficulties while interacting with the child Avatar. Technical Difficulty TcD 

9 I would feel very comfortable using this tool on my own next time. Ease of Future Use EFU 

Visual Fidelity 

(VsF)  

10 The appearance of the child Avatar was realistic. Appearance Fidelity ApF 

11 
The virtual environment where the child Avatar was located felt real and contributed to my 

overall immersive experience. 
Environment Fidelity EnF 

12 I perceived hand-movements/gestures from the child Avatar. Hand Movements Perception HMP 

13 The quality of the child Avatar’s movements was satisfactory (naturalness, realism, …). Movement Quality MvQ 

14 The child Avatar’s lip movements were well synchronized with the speech. Lip Sync Accuracy LSA 

15 
The child Avatar’s face expressions/movements felt realistic and were well synchronized with 

the speech. 
Facial Expressions Fidelity FEF 

16 The overall perception was realistic and pleasant. Overall Realism Perception ORP 

Emotion  

(Emt) 

17 I perceived emotions in the child Avatar’s responses.  
Emotional Response 

Perception 
ERP 

18 
The child Avatar’s emotional reactions (e.g. body language, facial expressions and behaviour) 

looked realistic. 
Emotional Reaction Realism ERR 

19 
The child Avatar’s emotional reactions (e.g. body language, facial expressions and behaviour) 

consistently matched the content of the interview. 
Emotion-Content Match ECM 

_ 20 Interacting with the child Avatar evoked my empathy towards their situation. Empathy Elicitation EmE 

Responsiveness 

(Rsp) 

21 
The responsiveness of the system to my inputs felt right, natural and smooth (e.g. the system’s 

reaction time, the consequent responses/actions from the child Avatar). 

System Responsiveness 

 
SyR 

22 I noticed a delay between my questions and the child Avatar’s responses/reactions. Response Delay Notice RDN 

23 The pace was the usual for a conversation with a child in such circumstances. Conversation Pace Normalcy CPN 

Response Relevance 

(RsR) 

24 The child Avatar’s responses were consistent with respect to the general story. Story Consistency StC 

25 The child Avatar was able to understand my questions and statements. Avatar Comprehension AvC 

26 The child Avatar’s responses were appropriate and on-topic with my questions. Response On-Topic ROT 

_ 27 The child Avatar’s responses felt age appropriate.  Age-Appropriate Response AAR 

_ 28 
The child Avatar’s responses were highly detailed when asked specific questions (i.e. Y/N, 

forced choice or cued recall questions). 
Detailed Responses DtR 

_ 29 The child Avatar was suggestible in response to my questions or statements. Response Suggestibility RdS 

Training 

Effectiveness  

(TrE) 

30 
From a learning perspective, my interaction with the child Avatar felt as effective as interacting 

with a human actor/trainer. 
Training Comparability TrC 

31 I think this tool should be included in investigative interviewing training programs. 
Tool Inclusion 

Recommendation 
TIR 

TABLE 3. Cronbach’s Alpha values for assessing reliability of the different
factors in 2D and 3D environments.

Iteam 2D Env 3D Env
Presence 4 0.89 0.77
Comfort 5 0.77 0.67
Visual Fidelity 7 0.83 0.80
Emotion 3 0.81 0.78
Responsiveness 3 0.61 0.73
Response Relevance 3 0.76 0.66
Training Effectiveness 2 0.70 0.61

the items in 2D and 3D environments. The results, as de-
tailed in Table 3, highlight the reliability of the different
factors across environments. The Cronbach’s alpha values
indicate generally good reliability for most factors in both
environments. For the 2D environment, the factor of ’flow’
shows the highest reliability (α = 0.89), suggesting a very

consistent internal structure. However, the factor of ’respon-
siveness’ displays relatively lower reliability (α = 0.61),
which might reflect variability in the participants’ responses
concerning interaction delays. In the 3D environment, the
reliability scores generally decreased compared to the 2D
environment, with the highest reliability observed in ’visual
fidelity’ (α = 0.80). The lowest reliability was seen in
’training effectiveness’ (α = 0.61), indicating potential
inconsistencies in how participants perceived the usefulness
of this tool in a 3D environment.

B. DESCRIPTIVE ANALYSIS
In this section, we calculated the central tendencies and
measures of dispersion for each evaluation factor. Figure 3
displays a graphical comparison of the mean scores and
standard deviations across 2D and 3D environments. In the
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FIGURE 3. Bar-plot (95% confidence interval) of mean scores across seven
evaluative factors in 2D and 3D environments.

2D environment, the highest mean score was observed for
’usability’ (Mean = 4.09, SD = 0.67), while in the
3D environment, ’flow’ received the highest mean score
(Mean = 4.12, SD = 0.72). In contrast, ’responsiveness’
had the lowest scores in both environments, indicating issues
with interaction latency. Specifically, the mean responsive-
ness score was 2.61 (SD = 0.61) in the 2D setting and 2.75
(SD = 0.71) in the 3D setting. This low ’responsiveness’
score can be attributed to several factors, primarily the delays
introduced by the speech synthesis process, which involves
both STT and TTS conversions via cloud API calls. Addition-
ally, the dialogue model’s reliance on calls to the OpenAI API
further contributes to these delays. In contrast, our previous
work [52], which utilized a locally run dialogue model,
achieved a mean responsiveness score of 3.18 (SD = 0.45).
We believe that the cumulative delays from these two API
calls are the primary cause of the observed low score.

C. COMPARATIVE ANALYSIS
In this section, we investigate the influence of various effects
on the QoE across different experimental conditions. Our
analysis differentiates between experiences in 2D and 3D
environments and examines the impact of two distinct scenar-
ios. We also consider participants’ expertise as investigative
interviewers, categorized into three groups: those without
experience, those with over ten years of experience, and
those with under ten years of experience, as depicted in
Figure 2 (a). We also analyze participants’ familiarity with
VR, dividing them into two groups: those who have used VR
so far and those who have not, as shown in Figure 2 (b).

A potential downside of having multiple conditions in our
study is the risk of low statistical power due to the small
sample size. To mitigate this risk, we employed mixed-effects
models, which are well-suited for studies with small sample
sizes and multiple conditions as they account for within-
subject correlations and allow for the inclusion of random
effects, thereby enhancing the reliability of our findings. In
this model, we incorporated a random intercept for each par-

ticipant to account for within-subject correlation, acknowl-
edging that each participant experienced both environments.
This statistical approach allows us to robustly estimate and
compare the effects of each variable on perceived quality.
We decided to conduct this analysis on isolated questions
rather than groups to achieve a more detailed examination.
The detailed results, including the coefficients and p-values
for each assessed variable, are systematically presented in
Table 4. Following this, the results are discussed.

1) 2D vs. 3D Environment Effects

To assess the distinct impacts of 2D and 3D virtual envi-
ronments on the user experience, we discuss all evaluation
factors separately.

a: Flow:

The 3D environments substantially enhance ’flow’ compared
to 2D environments. Metrics like ’immersion’ (p < 0.001),
’engagement’ (p = 0.008), ’concentration’ (p = 0.050), and
’world forgetfulness’ (p = 0.017) were significantly higher
in the 3D settings, indicating that participants were more
deeply involved and engaged and more capable of forgetting
the real world. These outcomes suggest that the immersive
properties of 3D environments, with their interactive and
sensory-rich dynamics, are crucial for fostering a sense of
flow.

b: Usability:

In contrast, the 2D environment was preferred for its ’usabil-
ity’, particularly in terms of ’equipment comfort’ (p < 0.001)
and ’ease of future Use’ (p = 0.022). The less physically
demanding nature of 2D interfaces, without the need for com-
plex equipment like HMDs, contributes to higher comfort
levels and a preference for future use. This highlights the
trade-offs between ease of use and immersion.

c: Visual Fidelity:

’Visual fidelity’ is notably enhanced in the 3D environ-
ment, especially in aspects such as ’environment fidelity’
(p < 0.001) and ’hand movement perception’ (p = 0.022),
which are perceived as more realistic. This improvement in
visual fidelity suggests that 3D technology provides a more
authentic representation of space and movement, thereby
improving the overall visual experience.

d: Emotion:

In fact, the game engine utilized did not incorporate ’emo-
tion’ components. We aim to find out if this limitation could
have been perceived in the 3D environment through immer-
sion, even if emotions were not explicitly present. Despite the
potential for enhanced sensory inputs in 3D environment, the
results did not demonstrate any substantial differences, and
emotion factors remained similar across both environments.
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TABLE 4. Results of Mixed Effects Analysis Examining the Impact of Environment (2D vs. 3D VR), Story Variation, Expertise as investigative interviewers, and
Familiarity with VR on User Experience. Cells with blue highlights indicate statistically significant results (p-value ≤ 0.05).

Environment Story Expertise VR Familiarity
Questions Coef P-Value Coef P-Value Coef P-Value Coef P-Value
Engagement 0.574 0.008 -0.049 0.837 -0.075 0.641 0.219 0.413
Immersion 1.142 0.000 0.018 0.938 -0.047 0.773 0.288 0.288
Concentration 0.387 0.050 -0.01 0.962 -0.162 0.197 0.117 0.571
World Forgetfulness 0.586 0.017 -0.272 0.317 -0.314 0.078 -0.085 0.772
Equipment Comfort -0.912 0.000 -0.117 0.612 0.066 0.645 0.193 0.414
Avatar Interaction Comfort 0.121 0.473 -0.233 0.213 0.089 0.482 0.416 0.046
Interface Usability -0.200 0.223 -0.315 0.099 -0.138 0.322 -0.051 0.826
Technical Difficulty -0.003 0.992 -0.014 0.963 -0.196 0.300 0.482 0.123
Ease of Future Use -0.466 0.022 -0.11 0.641 -0.139 0.419 0.253 0.374
Appearance Fidelity 0.206 0.225 0.058 0.786 -0.109 0.556 0.267 0.386
Environment Fidelity 0.685 0.000 0.092 0.661 0.190 0.242 -0.136 0.615
Hand Movement Perception 0.416 0.022 -0.431 0.050 -0.135 0.429 -0.104 0.714
Movement Quality 0.238 0.057 0.081 0.618 -0.024 0.896 0.220 0.478
Lip Sync Accuracy 0.06 0.654 -0.265 0.106 0.18 0.212 -0.096 0.689
Facial Expression Fidelity 0.272 0.065 -0.175 0.334 -0.066 0.680 0.051 0.846
Overall Realism Perception 0.263 0.128 -0.078 0.681 0.054 0.671 0.247 0.241
Emotional Response Perception 0.230 0.256 0.185 0.412 -0.027 0.850 0.067 0.779
Emotional Reaction Realism 0.161 0.208 -0.028 0.862 0.048 0.760 0.337 0.199
Emotion-Content Match 0.106 0.576 0.119 0.587 0.067 0.672 -0.084 0.747
Empathy Elicitation 0.104 0.596 -0.034 0.883 -0.218 0.222 -0.337 0.254
System Responsiveness 0.018 0.939 -0.052 0.825 0.006 0.965 0.216 0.344
Response Delay Notice 0.164 0.262 -0.013 0.938 0.023 0.856 -0.05 0.809
Conversation Pace Normalcy 0.156 0.304 -0.342 0.071 0.098 0.508 -0.226 0.356
Story Consistency 0.006 0.977 -0.254 0.283 0.182 0.188 -0.340 0.136
Avatar Comprehension 0.18 0.384 -0.076 0.74 -0.230 0.106 0.028 0.906
Response On-Topic -0.26 0.228 -0.051 0.819 0.107 0.413 -0.248 0.250
Age-Appropriate Response 0.117 0.349 -0.113 0.462 0.290 0.037 -0.135 0.561
Detailed Responses 0.199 0.259 0.311 0.135 -0.075 0.609 -0.362 0.136
Response Suggestibility 0.137 0.434 -0.007 0.971 -0.155 0.265 -0.041 0.861
Training Comparability 0.687 0.001 -0.038 0.879 -0.211 0.247 0.005 0.988
Tool Inclusion Recommendation 0.227 0.135 -0.118 0.508 -0.015 0.910 0.070 0.749

e: Empathy:

There were no significant differences in ’empathy elicita-
tion’ between 2D and 3D environments, as it appears to
be influenced more by the content and emotional depth of
the dialogues than the visual component in which they are
presented. This conclusion is further supported by findings
from SEM, which emphasize the critical role of ’response
relevance’ and ’detailed responses’ in enhancing empathy.

f: Dialog System:

Dialog system includes the factors of ’responsiveness’ and
’response relevance’, along with independent questions of
’age-appropriate response’, ’detailed responses’, and ’re-
sponse suggestibility’, the results indicate no significant dif-
ference in user experience between the 2D and 3D envi-
ronments. This can be attributed to the nature of the dialog
system, which is primarily based on verbal interactions rather
than visual elements. Since the effectiveness of the dialogue
system relies on the quality of the verbal exchanges and the
contextual appropriateness of responses, the transition from
a 2D to a 3D environment does not impact its performance.
Therefore, the user experience remains consistent across both
environments.

g: Training Effectiveness:

The 3D environment showed significantly higher scores
in ’training comparability’ (p = 0.001), indicating that
participants perceived the 3D interactions to be almost as
effective as those with human actors. However, there was
no significant difference in ’tool inclusion recommendation’
(p = 0.135), despite a tendency to favor the 3D environment.
This conclusion is further supported by findings from SEM,
which indicate that ’usability’ has a greater impact on ’tool
inclusion recommendations’ than flow. To better understand
the rationale behind these results, the additional analyses are
detailed in the subsequent part of the results.

2) Varied Story Effect

In our analysis of scenario variations, we observed signifi-
cant effects on the ’hand movements perception’ (coef =
−0.431, p = 0.05). This finding suggests that different sce-
nario contexts may prime users to focus more intently on spe-
cific types of visual information, such as hand movements,
which are critical for conveying non-verbal cues and enhanc-
ing the realism of interactions within virtual environments.
Hand movements were particularly noticeable in the scenario
where a child avatar discussed experiences of sexual abuse,
making these movements significant as the child described
their feelings and actions. This context likely heightened
participants’ awareness of hand movements, enhancing their
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perception of these non-verbal cues.
In VR applications, narrative-driven design is crucial, es-

pecially where accurate and detailed perceptions of move-
ment are crucial for user immersion and realism [53]. Ad-
ditionally, we noted a trend in the perceived normalcy of
conversation pacing, although this was not statistically sig-
nificant (p = 0.071). This trend indicates that the story
context might subtly influence participants’ expectations and
perceptions of the interaction flow, further emphasizing the
narrative’s role in shaping the user experience in immersive
environments.

3) Expertise Effects
Our investigation examined how specialized professional
expertise, particularly in conducting interviews with chil-
dren, influences user perceptions within VR settings. A key
observation from our data analysis revealed a significant
correlation between such expertise and the assessment of
’age-appropriate response’ (p − value = 0.037). Partici-
pants with a background in child interactions demonstrated
a distinct pattern in their evaluation of the appropriateness
of responses when dealing with child avatars. This finding
indicates that professionals with extensive experience tend to
perceive responses as more age-appropriate. However, it does
not necessarily imply that the experts’ assessments are more
accurate or that they are inherently better at evaluating these
interactions compared to non-experts. Instead, it shows the
influence of professional training and experience on percep-
tion and evaluation criteria in the virtual interaction session.

Despite this significant finding in the domain of ’age-
appropriate response’, our study revealed that other aspects
of the virtual interaction were not markedly influenced by
the participants’ expertise. This indicates that while special-
ized knowledge significantly enhances specific facets of the
virtual experience, the general accessibility and efficacy of
VR environments remain robust across users with varying
levels of expertise. This broad usability suggests that VR
platforms can serve as effective tools for a wide audience,
including those new to professional practices involving chil-
dren, thereby expanding the potential applications of VR in
training and educational settings.

These results align with our previous findings [54], where
non-experts could reliably evaluate general aspects of in-
teraction, but domain experts identified subtle and critical
elements that non-experts often overlooked. Specifically, the
study underscores how expertise is essential for recognizing
and interpreting finer details and complexities that may be
critical for effective training but are not as apparent to non-
experts.

4) VR Familiarity Effect
In analyzing the influence of participants’ prior familiarity
with VR technology on their experiences, a notable differ-
ence emerged in ’avatar interaction comfort’. Specifically,
participants familiar with VR reported significantly higher
comfort levels when interacting with avatars compared to

those without prior VR experience (p < 0.05). This famil-
iarity effect suggests that users accustomed to VR are more
at ease when engaging with virtual entities, possibly because
they have fewer cognitive and psychological barriers. This
familiarity may facilitate a more immersive and comfortable
interaction within VR environments.

Despite the significant effect on avatar comfort, no other
major aspects demonstrated substantial differences based
on VR familiarity, suggesting that VR environments are
accessible and can be effectively used by novice users as
well. However, this finding underscores the benefits of prior
VR exposure, which appears to enhance comfort levels by
enabling users to better anticipate virtual behaviors and re-
ducing the novelty effects. This highlights the importance
of considering user backgrounds in VR interface design to
optimize engagement and satisfaction.

D. STRUCTURAL EQUATION MODELING ANALYSIS
In continuation of our evaluation, we utilized SEM to ex-
amine the complex interrelations between user experience
variables identified in our study. SEM allowed us to specify
and estimate multiple and interrelated dependencies simul-
taneously. Following an initial exploratory factor analysis
(EFA), we refined our model by identifying key factors
and eliminating variables with insufficient factor loadings,
thereby enhancing both the precision and interpretability of
our model. For a detailed representation of these relation-
ships, please refer to Figure 4 and Table 5, which illustrate the
SEM path diagram and the corresponding statistical analysis
results.

1) Impact on Empathy Elicitation

’Empathy elicitation’ was selected as a key variable in our
SEM analysis due to its foundational importance in the
context of child interview training. Our own earlier work [15]
has shown the significance of both ’visual fidelity’ and ’dia-
logue systems’ in fostering ’empathy elicitation’. Therefore,
we aim to identify which of these components has a more
substantial impact on the user’s empathetic connection with
the avatar.

In examining the factors that significantly enhance ’em-
pathy elicitation’ during interactions with the child avatar,
three components stand out: ’flow’, ’response relevance’,
and ’detailed responses’. ’flow’ (β = 0.252, p = 0.024)
effectively evokes empathy, indicating that when users feel
more engaged, immersed, and less distracted by their real-
world surroundings, their empathetic engagement with the
avatar intensifies.

’Response relevance’ (β = 0.302, p = 0.012) also plays
a critical role in eliciting empathy. Accurate and relevant
responses from the avatar, which align with the narrative
consistency and user’s understanding, enhance the realism
of the interaction, making the training experience feel more
genuine and emotionally impactful. This alignment ensures
that the interactions are not only contextually appropriate but
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FIGURE 4. SEM Path Diagram: This diagram shows relationships among user experience constructs and their outcomes in the model. Significant paths are in
bolder lines; green indicates positive relationships and red indicates negative ones. a) Influences on Empathy Elicitation. b) Influences on Tool Inclusion
Recommendation and Training Comparability.

TABLE 5. SEM Analysis of User Experience Predictors: This table details the impact of various predictors on outcomes such as Empathy Elicitation, Tool Inclusion
Recommendation, and Training Comparability. Results significant at p < 0.05 are indicated. For a graphical representation of these relationships, refer to Figure 4.

Predictor Outcome Coefficient Std. Error t-value p-value Standardized Coeff. (β)
Env Flow 1.047 0.361 2.898 0.004 0.464
Flow VisualFidelity 0.399 0.181 2.210 0.027 0.411
VisualFidelity Emotion 1.187 0.450 2.641 0.008 0.793
Exp AgeAppropriateResponse 0.268 0.094 2.846 0.004 0.284
Flow EmpathyElicitation 0.228 0.101 2.252 0.024 0.252
VisualFidelity EmpathyElicitation 0.046 0.313 0.146 0.884 0.049
ResponseRelevance EmpathyElicitation 0.308 0.123 2.500 0.012 0.302
ResponseSuggestibility EmpathyElicitation 0.214 0.127 1.686 0.092 0.175
AgeAppropriateResponse EmpathyElicitation -0.147 0.136 -1.084 0.278 -0.113
Emotion EmpathyElicitation 0.127 0.201 0.633 0.527 0.205
DetailedResponses EmpathyElicitation 0.274 0.112 2.444 0.015 0.235
Env Flow 1.089 0.351 3.100 0.002 0.478
Env Usability -0.809 0.342 -2.366 0.018 -0.375
Flow VisualFidelity 0.556 0.204 2.729 0.006 0.535
Exp AgeAppropriateResponse 0.268 0.094 2.846 0.004 0.284
Flow ToolInclusionRecommendation 0.208 0.105 1.981 0.048 0.332
Usability ToolInclusionRecommendation 0.256 0.073 3.514 0.000 0.387
VisualFidelity ToolInclusionRecommendation 0.155 0.090 1.723 0.085 0.257
Emotion ToolInclusionRecommendation -0.182 0.101 -1.805 0.071 -0.254
Responsiveness ToolInclusionRecommendation -0.076 0.092 -0.827 0.408 -0.107
ResponseRelevance ToolInclusionRecommendation 0.197 0.151 1.300 0.194 0.276
AgeAppropriateResponse ToolInclusionRecommendation 0.165 0.091 1.818 0.069 0.180
VisualFidelity TrainingComparability 0.289 0.139 2.076 0.038 0.311
Emotion TrainingComparability -0.063 0.200 -0.314 0.753 -0.057
ResponseRelevance TrainingComparability 0.471 0.162 2.896 0.004 0.428
AgeAppropriateResponse TrainingComparability -0.137 0.127 -1.079 0.281 -0.097

also substantively meaningful, thereby deepening the user’s
emotional involvement.

Interestingly, ’detailed responses’ (β = 0.235, p = 0.015)
significantly contribute to empathy elicitation. When the
avatar provides responses that are rich in detail and nuance,

it likely enhances the user’s perception of the avatar as a
realistic and responsive entity. This level of detail in com-
munication can make the virtual interaction more relatable
and emotionally resonant, prompting a stronger empathetic
response from the user.
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2) User Experience Impact on Training Effectiveness

In this section, we assess the items of the ’training effective-
ness’ factor—’tool inclusion recommendation’ and ’training
comparability’—individually. Each item is analyzed in detail
to determine how different user experience factors impact the
overall effectiveness of training.

a: Impact on Tool Inclusion Recommendation

In this analysis, we examine how user experience factors
influence the likelihood of recommending using the tool for
training purposes. The results indicate significant influences
on ’flow’ (p = 0.048) and ’usability’ (p < 0.001). While the
significance of ’flow’ and ’usability’ were anticipated based
on mixed-effect results, a notable finding from the current
analysis is the predominance of ’usability’ over ’flow’ in
influencing the likelihood of recommending the tool. This
outcome highlights the importance of both ’flow’ and ’usabil-
ity’ in the adoption of this tool for training applications. The
more substantial impact of ’usability’ can be attributed to the
intrinsic requirements of VR environments, where physical
ease and interface usability are essential for prolonged en-
gagement and effective learning. These environments neces-
sitate that users feel physically comfortable to fully engage
in and extract the educational value offered. Furthermore, the
significant influence of ’usability’ suggests that discomfort
could detract from an otherwise immersive VR experience,
thereby reducing the overall recommendation of the tool.
The analysis also highlighted two notable areas of concern:
the integration of ’emotion’ and system ’responsiveness’.
Although these coefficients were not statistically significant,
they highlight important areas for potential improvement
within the tool. The negative coefficient for ’emotion’ (β =
−0.254, p = 0.071) suggests that the emotional dynam-
ics might not align with user expectations in professional
training settings. This misalignment could detract from the
overall engagement and educational effectiveness of the tool,
indicating a need for enhanced emotional realism and respon-
siveness. Regarding system responsiveness, the analysis indi-
cated a potential negative impact on the user experience due
to perceptible delays in system interaction (β = −0.107).
While these delays did not adversely impact tool inclusion
recommendations, improving this aspect could significantly
enhance user satisfaction and the perceived utility of the
tool [55].

The factors of visual fidelity and response relevance show
trends but not reaching statistical significance. ’visual fi-
delity’ (β = 0.257, p = 0.085) suggests a moderately
positive effect indicating that more realistic representations
in avatar’s appearance and movement might enhance the
effectiveness. Similarly,’response relevance’ (β = 0.276,
p = 0.194) points to the importance of accurate and contex-
tually appropriate responses, which may improve user trust
and reliance on the tool.

b: Impact on Training Comparability
This analysis assesses the effectiveness of interactions with
a child avatar relative to human actors (’training comparabil-
ity’) and the result emphasizes the roles of ’visual fidelity’
and ’response relevance’ in this aspect. The significant im-
pact of ’visual fidelity’ (β = 0.311, p = 0.038) shows
that the realism of the avatar, including aspects like detailed
facial expressions and environment authenticity, markedly
enhances the learning experience by mimicking real-life
interactions. More impactful, however, is the factor of ’re-
sponse relevance’ (β = 0.428, p = 0.004), which stood out
as a stronger predictor of training effectiveness. The result
underscores the importance of the accuracy and relevance
of the avatar’s responses in ensuring that the training is
perceived as being on par with human-facilitated training.
High fidelity in responses ensures that the trainees receive
meaningful feedback on their interviewing techniques, which
is crucial for learning and improving their skills. The signif-
icant influence of response relevance highlights its essential
role in simulating realistic and productive training scenarios
that can rival interactions with human trainers. However,
the non-significant results concerning ’age-appropriate re-
sponses’ (β = −0.097, p = 0.281) may reflect that the
appropriateness of the avatar’s responses might not meet
the expected standards. In training environments, it is par-
ticularly important that the avatar’s responses reflect age-
appropriate cognition and emotional maturity. This align-
ment not only adds to the realism but also better prepares
trainees for real-life interactions with children. Enhancing
this aspect could help simulate more realistic and educa-
tionally valuable scenarios, thereby improving the overall
training comparability to human actors. The emotion factor
(β = −0.057, p = 0.753) did not significantly influence
the perceived ’training comparability.’ This suggests that the
current emotional modeling within the avatar system falls
short of simulating the complex emotional cues exhibited
by human actors. This consistency with previous findings
highlights a critical area for improvement in avatar design.
Enhancing emotional intelligence in virtual systems is essen-
tial to supporting the empathetic and contextually sensitive
responses expected in human interactions.

VI. INTERVIEW ANALYSIS
We examined user feedback from the interviews to identify
recurring themes and patterns in participant responses. The
respondents’ responses to the questionnaire (see Table 1)
were categorized into four main themes: user preferences,
visual fidelity, dialog systems, and training usefulness. Each
theme was further broken down into sub-themes to capture
specific aspects of the user experience. As illustrated in
Figure 5, these themes and sub-themes were identified based
on the frequency of mentions and their significance in the
overall user experience, offering a clear overview of the areas
most emphasized by the respondents during the interviews.
Each of these themes and sub-themes is reviewed in detail
below.
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‎Interview Analysis

‎Visual Fidelity
‎Nonverbal Cue

‎Body Language and Eye Contact (28/36)

‎Emotion and Facial Expression (10/36)

‎Avatar Appearance and Clothing (17/36)

‎Avatar Surrounding (8/36)

‎User Preferences

‎Immersive Experience
‎Enhanced Realism (12/36)

‎VR Familiarity and Novelty (8/36)

‎Usability and Comfort

‎HMD Ergonomics (9/36)

‎Noting Capability (2/36)

‎Economic Feasibility (2/36)

‎Use in Groups (1/36)

‎Health Concerns (1/36)

‎Training Usefulness

‎Perceived Benefits

‎Utility in Training (16/36)

‎Realistic Simulation (12/36)

‎Standardization (1/36)

‎Scalability (5/36)

‎Limitations and Areas for 
‎Improvement

‎Lack of Feedback (6/36)

‎Improvements in Visual and Emotional Fidelity (6/36)

‎Artificiality of the Experience (2/36)

‎Technical Limitations (1/36)

‎Incorporating Diverse Avatars (1/36)

‎Immersion and Distance Perception (17/36)

‎Dialog System

‎Age Appropriateness (11/36)

‎On-Topic/Relevance (16/36)

‎Responsiveness (10/36)

‎Consistency (6/36)

‎Improvements in avatar response  (4/36)

FIGURE 5. Overview of Interview Analysis: Breakdown of key themes with participant counts (x/36), where ’x’ represents the number of participants who
emphasized each theme out of a total of 36.

A. VISUAL FIDELITY
Visual fidelity is an important component in the effectiveness
of training tools. It encompasses various aspects such as the
realism of the movement and expression, the avatar’s appear-
ance, and the fidelity of the virtual environment. Following
this, each of these aspects is analyzed based on the user’s
viewpoint.

1) Nonverbal Cue
Nonverbal cues are essential not only for improving real-
ism but also for fulfilling the psychological and educational
goals of the training process. Participants expressed varied
perspectives on the nonverbal cues of the virtual avatar,
particularly focusing on body language, eye contact, and
facial expression, which significantly impact their experience
when interacting with the avatar.

a: Body Language and Eye Contact
According to participants, effective body language and eye
contact serve not just as signals of attention but as essential
tools for understanding and interpreting behavioral cues.

Positive feedback highlighted instances where these as-
pects enhanced the realism and engagement in the interactive
sessions. One participant noted, "the body language was
really good, like the way she moves her little hands, and like,
looks directly at you and stuff like that. That was super cool".
Another participant appreciated the interactivity, stating, "I
also like in some parts, the avatar kind of look at you when
with their responses, then there was also like, it’s more
interactive".

However, several participants identified areas for improve-
ment in the avatar’s movement. The most common critique
involved the unnatural or repetitive movements of the avatar’s
hands, which some found distracting. One participant re-
marked, "I felt like I wanted her body to shift around". An-
other echoed this sentiment, "her hands didn’t rest upon her
knees, they just floated on the button all the time. And I think
that’s something that was constantly kind of, I think, plant
the hands, technically animation was hands on". Another
participant observed, "The hands just float awkwardly, almost

as if playing a piano". Additionally, some participants noted
the robotic nature of the avatar’s movements, describing them
as "a bit surprised" and "not too bad," but still noticeably
artificial.

Suggestions for enhancing the avatar’s movement included
more natural hand placements, dynamic movements, and
consistent eye contact. One participant recommended, "add
some movement to the lower body, some actual displacement
in the chair, you know, crossing legs turning away a bit more
whole bodily, rather than just the torso". This feedback aligns
with the need for the avatar to exhibit more realistic and
relatable gestures to improve the overall training experience.

Furthermore, the absence of adequate eye contact was
frequently highlighted, with participants expressing dissat-
isfaction and a feeling of disconnection. For instance, one
participant mentioned, "I just thought I felt frustrated that she
wasn’t looking at me." This comment reflects the widespread
view that eye contact is important to fostering an engaging,
responsive interaction environment and establishing a mean-
ingful communicative connection.

Despite these critiques, some participants perceived mean-
ing from the avatar’s movements and body language, inter-
preting them as a sign of the avatar’s emotional state or com-
fort level. For instance, one participant noted, "it seems like
she was not comfortable... trying to say something... it was
hard to know her expression... she was a bit scared, trying
to hide something". Another participant mentioned that "kids
when they’re nervous and not quite engaging, rather than
look straight ahead of a wall, they’ll focus on themselves
fiddling with their fingers looking down until they’re ready to
respond".. Another participant noted that "when you talk to
him, she was looking over that side. That’s normal for kids.".
This observation suggests that even imperfect body language
can convey significant information, potentially adding depth
to the interaction by prompting interviewers to consider the
emotional and psychological state of the avatar. Another
participant noted that such nonverbal cues, even when not
perfectly executed, align with real-life scenarios where chil-
dren might exhibit nervous or guarded behavior, enhancing
the authenticity of the training sessions.
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The feedback suggests that consistent and realistic natural
body movements, along with eye contact, are crucial for
maintaining user engagement and enhancing the perceived
realism of the avatar. Improvements in more natural body
language, as well as the avatar’s eye-tracking and gaze-
following capabilities, could significantly enhance the train-
ing experience by making interactions feel more natural and
responsive.

b: Emotion and Facial Expression
In the analysis of the avatar’s emotion and facial expression,
several participants identified areas for improvement in the
avatar’s emotional expressions. A common critique was the
lack of strong facial expressions, which some participants
found diminished the immersive experience. One participant
noted, "the expressions weren’t very strong," while another
mentioned, "It would be better if she showed a bit more
emotion." The absence of adequate emotional expression
often led to a sense of disconnection and frustration. Ad-
ditionally, some participants felt that the avatar’s emotional
responses were too generic and lacked dynamism, making
the interaction feel less spontaneous. One participant re-
marked that the visuals were "a little generic," implying
that the avatar’s facial expressions did not adequately convey
nuanced emotions. Suggestions for enhancement included
better synchronization of facial movements with speech and
a wider range of emotions.

2) Avatar Appearance and Clothing
In the analysis of the avatar’s appearance and clothing,
participants raised significant concerns, crucially influencing
the authenticity and effectiveness of the interactions. These
centered around the avatar’s physical proportions and attire,
impacting the realism expected in a child avatar designed for
training purposes. The avatar’s proportions were frequently
cited as inappropriate for its intended age, particularly noting
features suggestive of maturity, such as developed breasts,
which are atypical for a child aged six to eight. One partic-
ipant pointed out, "So, I just felt it ended up she’s not a six-
year-old, just got boobs. Right. So, it’s really not relatable
at all in terms of who the character is in front of me." This
discrepancy could lead trainees to interact with the avatar as
they would with an older individual, thus skewing the training
dynamics intended for child interviews.

Furthermore, the avatar’s clothing also drew criticism for
not aligning with typical children’s attire, skewing more
towards teenage or adult styles. "She looks to me more like
a teenager than an eight-year-old girl... Kids just don’t wear
jeans like that, and the V-neck is not appropriate," remarked a
participant. To address this, suggested improvements include
adopting more age-appropriate, neutral clothing that avoids
misinterpretation and maintains focus on the training content.
As one participant recommended, "Considering more playful
and colorful clothing, akin to what actual eight-year-olds
might wear, such as graphic tees or simple patterns, could
help make the avatar appear more childlike and less mature."

The spatial arrangement and the avatar’s placement within
the virtual environment also diminished the realism of in-
teractions. Descriptions such as "like a dwarf sitting on
a huge chair" and feedback like "The big discrepancy in
size... makes a difference. Like I feel like I’m just looking at
something quite little... it kind of takes away from the feeling
of interacting with a person," underscored how scale and
positioning critically impacted the immersive experience.

These insights from participants underscore the impor-
tance of designing avatars that accurately reflect the physical
and stylistic attributes of the age group they intend to repre-
sent.

3) Avatar Surrounding
In the analysis of the virtual surroundings of the avatar
system, most participants described the setting as resem-
bling "a police interview room," terms that reflect the sterile
and impersonal nature of the environment. One participant
described the setting as overly formal and intimidating for
children, stating, "The environment feels very clinical, like
something you’d expect in a therapy session for adults rather
than children." Another confirmed this sentiment, stating, "It
looks like a police interview room."

Conversely, few participants expressed satisfaction with
the simplicity and minimalism of the environment, which
contributed to maintaining focus during interviews. As one
participant described, "The uncluttered nature of the en-
vironment helps maintain focus on the interview content,
which is beneficial for gathering accurate information." The
setting was designed based on the pictures we received from
actual interviewing rooms to ensure realism. However, the
feedback suggests a pressing need to redesign the setting
to foster a more welcoming and less daunting atmosphere.
Recommendations for such a redesign include incorporating
elements that are child-friendly and less formal, potentially
enhancing a more open and productive dialogue.

B. DIALOG SYSTEM
In evaluating the avatar’s dialogue model, we focused on sev-
eral key criteria critical to its effectiveness and utility: age ap-
propriateness, on-topic relevance, responsiveness/delay and
consistency. User feedback provided valuable insights into
how well the avatar performed across these dimensions.

1) Age Appropriateness
Eight of the participants who talked about this topic in their
interviews believed that the responses were suitable for a
child’s level of understanding and articulation. There was
a consensus that the child seemed to speak and respond
in ways typical for her age, though sometimes there were
miscommunications or misunderstandings, attributed to age-
appropriate cognitive and language development. Some par-
ticipants noted the child’s answers were not always directly
on-topic, reflecting a natural conversational pattern for a
young child. This indirect response style was mostly seen
as appropriate, considering the child’s developmental stage.
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When discussing more sensitive or complex topics (like body
parts), participants noted the responses as generally appropri-
ate but sometimes lacking in detail, which could be reflective
of a typical child’s knowledge or comfort discussing such
topics. One of the participants responded, "Exactly what I
would expect a little girl saying". On contrast, one of the
participant responded, "I mean, you know, again, I’m not
sure how old she is. So, but she could articulate really well
what happened and how she felt about it. So that, to me is
saying that she must be a little bit older, because a younger
child might just be, you know, not be able to articulate what
happened as easily as she did." The negative feedback from
two highlights concerns about the authenticity and emotional
depth of the responses given by the child in the user study.
One of the participants said, "... emotional or the emotive
language, I think, is some what lacking .. and she could
articulate that normally would have like, a bit more emotive
language ... you know, really upsets me and makes me feel
sick in my tummy when dad yells at me and sends me to my
room." Lammerse et al. [56] has proposed the framework for
modelling the child’s emotion in investigative interviews for
potential abuse, this work has not been integrated into avatar
tool yet.

The participants’ feedback highlights that while the child’s
responses were generally age-appropriate, there are areas for
improvement in how informative the responses should be
for certain young ages, vocabulary and adding the emotional
depth to these responses.

2) On-Topic/Relevance
In the context of user experience interviews, a on-topic
and relevant response is defined as an answer that directly
addresses the interviewer’s question.The participants’ feed-
back indicates a mix of positive and negative experiences
with the on-topic and relevance of responses. 11 participants
generally found the responses appropriate and informative,
appreciating the detail and alignment with their questions.
They noted that with repeated questioning, responses became
more accurate and provided valuable insights. One partic-
ipant stated, "They were appropriate. They were related to
what I was asking. [...] You need to repeatedly ask them,
so I feel it was like, real." While five participants reported
issues with relevance, clarity, and highlighting areas where
the responses did not meet their expectations or needs. One
of participants stated, "I think they were unappropriate. Like,
there’s definitely some really close kinds of answers that she
would expect. Okay. But it was just more. Yeah, I don’t think
it answered some of the times like, particularly thing around
the family,.."

This highlights the need for refining dialogue model to
better match the expectations and requirements of different
interview contexts.

3) Responsiveness
Responsiveness refers to delay between a user’s question
and the avatar’s response. The interviews with participants

regarding their experience with responsiveness and delay in
the interaction highlighted several key insights. The feed-
back was mixed, with some participants finding the delay
acceptable and even realistic, while others found it frustrating
and disruptive. Some participants found the delay realistic,
reflecting real-life scenarios where children do not always
respond immediately. This was seen as a positive aspect by
a few, as it added to the authenticity of the interaction. A
quote from one of the participant’s interview, "I enjoy that the
Avatar had, like some sort of delay with the responses. So but
that’s okay. Because that simulates as well, like children. Not
all children, like responding immediately to your questions,
some of them take some time."

Conversely, many participants experienced frustration due
to the delays, which they felt interrupted the flow of con-
versation and made it challenging to maintain engagement
or determine if the system had understood their input. They
compared the interaction with the system to real-life conver-
sations with children, noting that while children do take time
to respond, but the delays in the system felt longer and more
artificial, which affected their overall experience. One of the
participant stated, "Sometimes it was too late. Where I wasn’t
sure, you know whether I spoke too softly. Or, you know, like,
sometimes no response came for quite a while. So not sure
whether it’s, you know, it’s what the child would know or
not." and A little awkward. Yeah, it’s delayed. And asking the
questions and getting the response so that I know whether it’s
wanting more from me or if it’s, perhaps that’s the standard
response that the avatar is going to give." .

Addressing the delay in responsiveness is crucial for en-
hancing user experience in avatar interactions. Most delays
stem from speech synthesis processes like TTS and STT,
often resulting in frustration and interruptions. Transitioning
to local speech synthesis and recognition models instead of
relying solely on cloud services could potentially mitigate
these delays, offering quicker responses and smoother inter-
actions for users.

4) Consistency
Consistency in refers to the coherence and reliability of
avatar’s responses generated by the model across different
questions. A consistent dialogue model produces responses
that align with its previous statements, are logical and plau-
sible within the given conversational context, without contra-
dicting itself. In the post-experience interviews, six partici-
pants highlighted inconsistencies in the responses given by
the avatar. These inconsistencies ranged from contradictory
answers to the same question to responses that did not
logically follow from the questions asked. One participant
mentioned a case where a child included her dad when asked
about safe people, but later mentioned her mom when the
participant asked a different question and another Another
participant noted a contradictory response regarding a special
occasion gift. The child initially denied it was for a birthday
but later confirmed it was. One participants observed that
the child avatar initially denied having siblings but later
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mentioned living with a little brother. Participants associated
this inconsistency with the lack of ability to understand the
term "siblings" by the avatar. Participant stated, "And then
she also made the mistake when I asked her, Do you have
siblings? And she said, No. And I said, Who do you live with?
Our mum and his little brother? Yeah."

The study revealed several inconsistencies in the system’s
responses, ranging from contradictory answers to different
handling of similar questions.Although frequency of these in-
consistencies is not high but addressing these inconsistencies
is crucial for improving the system’s reliability and user trust.
Thorough analysis of transcripts of participants’ interactions
with the avatar will provide deeper insights into these issues,
guiding targeted improvements to enhance the system’s per-
formance and ensure more consistent and accurate responses.

C. USER PREFERENCES
In evaluating user preferences between 2D and 3D virtual
environments, participants were asked to elaborate on their
preferred environment. 16.7% of participants valued both
environments. One participant noted, "I think it depends on
the situation. I would prefer both gradually. The screen one
is just an introduction, and then the VR would be like my final
test." Another participant confirmed this sentiment of equiv-
alence: "The experience wasn’t terribly different between the
two. I could easily screen out and focus on the child. To me,
it’s quite similar; I really don’t have a sense that the VR was
super different or super better."

However, a majority of 61.1% favored the 3D environ-
ment, citing enhanced realism and immersion as key factors.
Meanwhile, 22.2% opted for the 2D environments, preferring
their simplicity and ease of use. Following is a detailed anal-
ysis of the reasons behind users’ preferences across different
themes.

1) Immersive Experience

a: Immersion and Distance Perception

Participants in 3D environments reported a profound sense
of flow, often becoming so engaged that they lost awareness
of their actual surroundings, as one explained: "I was totally
focused on what’s happening; it felt like everything else
in the room faded away." This level of immersion might
be beneficial in scenarios that demand high concentration
and empathetic engagement, such as interviews or complex
training sessions. Another participant reflected on the realism
of the experience: "It felt like I was actually in the room,
dealing with a real situation, which heightened the perceived
stakes and intensified the experience." Another participant
vividly described the immersive quality of 3D environments,
saying, "It was really incredible because I sort of forgot you
guys were there, and I felt like I was just in the room with
this girl." In stark contrast, participants interacting with 2D
setups reported frequent distractions and a diminished sense
of presence, highlighting the limitations of less immersive
technologies.

b: Enhanced Realism
The enhanced realism extends beyond mere visual fidelity; it
includes spatial awareness and the dynamic nature of inter-
actions, where the movements and gestures of the avatars are
perceived with greater clarity and immediacy. For example,
one participant remarked, "It just felt a lot more like I was
interacting with a person in a more realistic way, the way I
would in a therapeutic space. 3D is a lot more realistic; it
feels like you’re actually in a space with the avatar, rather
than just looking at a computer screen." Such feedback
highlights the capability of 3D VR to closely mimic real-
life interactions, which is essential for effective training in
fields requiring nuanced human interaction. Additionally, the
ability of 3D settings to convey subtle non-verbal cues like
eye contact and body language enhances the communication
process, a feature often diminished in 2D environments. This
enhancement was valued by participants, with one stating, "I
could really pick up on a lot more of the hand movements and
eye contact and things that I didn’t notice as much with the
other ones."

c: VR Familiarity and Novelty
Some participants clearly favored the 2D environment due
to its resemblance to traditional computer interfaces, which
many are already accustomed to from daily use at work
or home. They found it more approachable and less intim-
idating compared to the immersive 3D VR settings. This
familiarity reduces the initial barrier to entry, allowing users
to engage with the training material more quickly without
the distraction of navigating a new technological interface.
This tendency underscores a significant aspect of technology
adoption—familiarity often enhances comfort and reduces
the cognitive load associated with learning new systems.
One participant explicitly highlighted this by stating, "To
be honest, I think I’m probably supposed to say that the
3D was better because it’s real and everything, but this
one 2D just felt more like things I’ve done before.". This
statement reflects a reluctance to embrace newer technologies
and reveals a generational divide in technology adoption,
as further emphasized by their comment, "Maybe I’m just
too old for it." Another participant reinforced this sentiment
by preferring the known comforts of existing technology:
"You probably need to make sure we have a good mic and
headphones. I kind of just prefer this computer experience
where it’s familiar territory for me."

Conversely, the novelty of the 3D virtual environments
markedly enhanced participant engagement. Those new to
VR often described the immersive experience as "extraordi-
nary" and "exciting," distinctly different from conventional
computer interfaces. One participant noted "how the real
world went away," indicating a deep level of engagement.
Another vividly expressed, "It’s like stepping into another
world where everything you know is replaced by what you
see and feel here." This novelty appeared to enhance re-
ceptiveness to learning, with participants stating that the
innovative aspect made the training feel more promising, de-
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spite any initial hesitations. However, the novelty diminishes
after repeated exposure, and subsequent experiences may not
evoke the same "extraordinary" reaction. Such enthusiasm
for new technology underlines how the novel elements of VR
can impact user motivation and openness, particularly when
engaging with learning experiences.

2) Usability and Comfort
This subsection examines the factors of usability and comfort
that influence participant preferences in 2D and 3D training
environments. Key aspects such as the ergonomics of HMDs,
user familiarity with technology, the capability for note-
taking, economic feasibility, suitability for group use, and
health concerns are discussed in detail.

a: HMD Ergonomics
The physical comfort and ergonomics of HMD significantly
impact user acceptance and the effectiveness of learning
technologies. Physical attributes such as headset weight, the
fit around the head and over the eyes, and the integration
with other personal accessories like glasses can deeply affect
the user experience [57]. In our study, participants frequently
expressed concerns over the discomfort caused by VR head-
sets, noting the awkwardness of the fit. The weight and
bulkiness of the headsets often led to fatigue and distraction,
undermining the immersive potential of VR. One participant
explicitly highlighted this issue, stating, "I was aware all
the time that I had this heavy thing hanging on my head
over glasses. It just wasn’t comfortable.". Another participant
lamented the poor fit, remarking, "The headset didn’t fit well.
It’s not just about the VR; it’s about making sure it can
be worn comfortably by everyone," pointing to the need for
designs that accommodate diverse users. Additionally, the
concern about physical strain was expressed by another, who
mentioned, "It just the equipment is actually heavy and puts a
lot of pressure on my forehead. So I started getting headaches
after a while" illustrating the discomfort that can detract from
the learning experience.

b: Noting Capability
The capability to take notes during training sessions was
highlighted as a limitation in the 3D VR environment. Par-
ticipants felt that the immersive setting, while beneficial for
certain aspects of learning, hindered their ability to per-
form simple but crucial tasks such as jotting down notes,
a common practice in traditional learning and interview
scenarios. One participant clearly articulated this concern,
stating, "While I loved the immersiveness of the 3D version,
it made taking notes impossible." Participants suggested that
the ability to easily take notes as they would in traditional
learning environments remains a critical feature, particularly
in professional training contexts where details matter and
are often revisited post-session. This feedback points to the
need for integrating functionalities within VR platforms that
can accommodate note-taking, possibly through voice-to-text
features or virtual notepads.

c: Economic Feasibility
Furthermore, economic feasibility has been raised as a an-
other considerable concern regarding the use of VR tech-
nology for training purposes, particularly when compared
to more conventional computer-based systems. Participants
noted the higher costs and logistical challenges associated
with VR setups. One participant emphasized this point by
stating, "It’s a lot more economically doable to just have a
software program that people can work from the computer,
rather than being like, we’ve got this program via your
Oculus headset.". They further expressed concerns about the
procurement and maintenance of VR equipment, mentioning,
"The VR would obviously be more expensive, more cumber-
some in training.". This feedback underscores the need for
a cost-effective balance in training tools, where the benefits
of advanced VR technology must be weighed against their
economic and operational implications to ensure broad and
sustainable adoption.

d: Use in Groups
In addition, the use of VR in group settings elicited a
particular viewpoint about its effectiveness for collaborative
or observational learning. While the immersive nature of
VR provides a unique personal experience, it may not suit
group interactions as effectively as 2D environments. One
participant noted the potential of the 3D setting for individual
use but questioned its utility in a group context, stating, "3D
is very individual, whereas I think this could be done with
someone observing or providing cues, or it could be done
even in a group setting." While VR can indeed be interactive
and allows both users to wear headsets and enter the same
scene, or one to observe the other, this feedback highlights
the perception that VR might still feel more isolating com-
pared to the more open and easily shared 2D environments.
This implies that although VR can facilitate interaction, the
inclusive and collective dynamics of group learning envi-
ronments might be better supported by 2D settings, where
immediate visual and verbal feedback is more effectively
integrated for all users.

e: Health Concerns
Health concerns were raised as a consideration for the adop-
tion of VR headsets in training environments. Participants
expressed worries about the cleanliness of shared equipment,
a concern that has become more pronounced in the wake of
recent global health events such as the COVID-19 pandemic.
One participant mentioned, "I was worried about the pos-
sibility of catching germs from the VR gear. I noticed the
person who used it before me had a bad cold." Additionally,
the potential for cosmetic residues, such as sunscreen and
makeup, to be left on the VR goggles was highlighted. These
comments confirm the importance of maintaining strict hy-
giene protocols. To address these concerns, we implemented
thorough cleaning procedures between uses and provided in-
dividual sanitizing wipes, ensuring the safety and comfort of
all users when utilizing VR technology for training purposes.
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D. TRAINING USEFULNESS
Main purpose of this user study aimed to evaluate the ef-
fectiveness of an avatar training tool designed to simulate
realistic interview experiences with avatars. The feedback
gathered from participants on the use of a training tool was
primarily centered around its potential utility, realism, and
areas needing improvement. 85% of participants opinioned
that this avatar training tool can be useful. 15% of raised their
concerns and did not think it is ready to be used for training.

1) Perceived Benefits
Participants found the avatar extremely useful for training
purposes and highlighted various aspect which they liked.

a: Utility in Training
The tool was seen as particularly valuable for practicing inter-
view techniques in a controlled environment. One participant
stated, “I can see a lot of applications for this, particularly
with the reputation coppers or whoever had to interview
kids, but also like, psychologists would be great.”. Many
participants mentioned the value of the tool as a starting guide
to get used to asking questions and as a way to practice before
encountering real-life situations. This hands-on practice was
seen as essential for building confidence and competence.
“It would be useful as kind of like a starting guide to get
used to asking or phrasing questions, because that’s always
one of the things that is a bit challenging”, remarked one
participant. Also, it was noted by a participant for pro-
viding a less pressurized environment for practice, which
could be particularly beneficial for students and new trainees.
Participants stated, "Yeah, it certainly allows you space to
investigate. So yeah. Okay. Less pressurized environment."

Overall, most participants thought the avatar training tool
could really help with practicing interviews, build confidence
and competence in interviewing techniques, especially for
students and new trainees.

b: Realistic Simulation
Participants appreciated its ability to simulate realistic inter-
view scenarios without the risk of causing trauma to real chil-
dren or vulnerable individuals. One participant stated,"You
can create, you know, someone that looks and acts and
answers as a child, and you can simulate that without the risk
of actually, you know, messing up and traumatizing a child."
The tool was praised for simulating realistic scenarios where
interviewees might not respond as expected, which helped
users practice and refine their questioning techniques. A
participant noted,"You have to come up with more questions
to try and get the child to answer. So that was pretty realistic
for training." Also, One of the participant highlighted the
fact that it is hard to find a competent actor to play the role
of a child for the training purposes and "It just simulates a
realistic experience without it’s hard to find someone that can
kind of that has the time or is willing to do an acting role and
can actually really embody that role."

The positive feedback underscores the tool’s utility in
enhancing the interview skills of users, making it a valuable
asset in training programs that require nuanced and sensitive
interaction techniques.

c: Standardization
The ability to deliver a consistent training package was high-
lighted as a significant advantage, ensuring all trainees are
assessed on the same standards. A participant remarked,"You
have a consistent, consistent training package that can be
delivered.". Avatar provides provides a consistent training
package that can be delivered repeatedly, ensuring all trainees
receive the same level of training, and it does not have to
depend on the quality of instructor.

d: Scalability
Scalability in the context of this user study refers to how eas-
ily this avatar training program can be deployed and scaled
to a large number of users. The feedback from participants
highlights various aspects of the scalability, including its
usefulness and cost-effectiveness. Participants appreciated
the flexibility of avatar training tool, allowing them to prac-
tice at any time without needing an instructor present. This
aspect enhances the scalability as it removes the constraint of
scheduling and availability of trainers. A participant stated
that,"I could practice this at two o’clock in the morning,
like, I don’t need someone right there in front of me." The
potential to reduce costs by not needing actors was seen
as a major benefit. Once the system is set up, it can be
used by multiple people without additional recurring costs. A
participant stated that, "... there’s a cost to setting it up at the
beginning, but then not having to hire an actor every time and
that sort of thing. And being able to do it with multiple people
at once." The positive feedback suggests strong support for
the adoption and deployment of avatar training on a larger
scale.

2) Limitations and Areas for Improvement
Although participants generally found the tool valuable for
training, they also provided constructive feedback and sug-
gestions to enhance its effectiveness and user experience.

a: Lack of Feedback
Several participants noted that the lack of adequate feedback
on their performance. This absence of feedback makes it
challenging for them to evaluate and improve their interview-
ing techniques effectively. Feedback, at the end of practice
session, is an important part of learning in developing these
interviewing skills [58]. Quoting one of the participants,
“Well, for the training, I’m getting no feedback on my in-
terview techniques. So from that perspective, what have I
actually done? ”

b: Improvements in Visual and Emotional Fidelity
Participants pointed out several areas where the visual and
emotional fidelity of the avatar could be enhanced to improve
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the training experience. They emphasized that while the
avatars performed adequately in basic interactions, their lack
of emotional expressions and realistic in the visual elements
detracted from the overall immersion and effectiveness of the
training.

One participant suggested that "improving the virtual real-
ity experience with higher graphics and more realistic envi-
ronments" would significantly enhance the sense of presence
during interactions. Similarly, another participant noted that
the avatar’s emotional responses were lacking, stating, "If
there was a way to make her start to cry, or get angry, or
something, that would be good to test the person’s skills to
calm them down." This sentiment was echoed by another
participant, who proposed the addition of visual cues to
guide interviewers during the training, which could further
enhance the learning experience by providing real-time feed-
back on their performance. These suggestions collectively
demonstrate the need for enhancing both the visual realism
and emotional responsiveness of the avatar to create a more
effective and engaging training tool.

c: Improvements in avatar response
Several participants mentioned specific areas where the
avatar’s responses could be enhanced to improve the overall
training experience. One participant suggested the impor-
tance of measuring the proportion of information provided
by the avatar to better assess the interaction’s completeness
and realism. They noted, "When we interact with people, we
start making up things and we have an infinite number of
things that we can make. But obviously, when you program
an avatar, you have some limited number of details." Another
participant emphasized the need to address lag time, which
affected the flow of conversation and the perceived respon-
siveness of the avatar. They expressed frustration, stating,
"That lag time was frustrating. I’m waiting for acknowledg-
ment that they need to hear what I’ve said." Similarly, a par-
ticipant recommended incorporating a variety of responses,
including random questions from the avatar, to better mimic
real child behavior. They observed, "Often kids will ask you
questions, or they’ll throw out a random question that has
nothing to do with your interview." Another suggestion was
that the avatar should include more personal and innocuous
statements to build rapport before discussing serious topics.
The feedback included, "Having a good mix of some state-
ments that you know, because people will always ask that
with a student." As a result, these observations suggest the
need for more dynamic, responsive, and contextually rich
interactions to enhance the training tool’s effectiveness.

d: Artificiality of the Experience
A few participants expressed a preference for training with
real human beings, citing the lack of emotional connection
and the immersive experience was not convincing enough
to replace real human interactions. Participants stated that
“I’d probably rather a real human being okay. Personally,
I wouldn’t find it useful.”

e: Technical Limitations
Participant raised issues with the tool’s ability to accurately
pick up what has been asked which ultimately affect the
quality of the responses and training quality. It will also
affect the quality of the feedback a user will get at the end
of the training. Participant stated, "If you’re not picking that
[words] up correctly [...] I don’t see the value on this to
be honest. This issue can be associated with tool’s inabil-
ity to transcribe certain accents. While the avatar training
tool shows promise as a consistent and practical training
aid, participants highlighted several areas for improvement.
Enhancing the emotional realism of interactions, addressing
technical limitations, and providing more robust feedback
mechanisms will be crucial for maximizing the tool’s effec-
tiveness.

f: Incorporating Diverse Avatars
One participant commented on the potential benefit of incor-
porating a wider range of avatars, including both male and
female characters, to enhance the realism and applicability
of the training tool. They commented, "Are you only using
girl avatars? It would be good to also have a boy avatar, just
you know, for the variety of perhaps for a future product."
Additionally, incorporating both girl and boy avatars helps
to avoid reinforcing gender stereotypes by ensuring that the
training scenarios do not inadvertently suggest that certain
behaviors or situations are gender-specific [59]. By integrat-
ing diverse avatars, the training tool can offer better preparing
users for the range of situations they might encounter in ac-
tual investigative interviews and promoting a more balanced
and unbiased approach to child interviewing.

VII. DISCUSSION AND FUTURE DIRECTIONS
This study aimed to evaluate the effectiveness of an AI-
driven training platform that integrates 2D and 3D virtual
environments to train child welfare and law enforcement pro-
fessionals in conducting investigative interviews with mal-
treated children. To enhance the robustness of our findings,
we incorporated qualitative data from semi-structured inter-
views alongside our quantitative analyses. These qualitative
insights provided a deeper understanding of participants’
experiences and perceptions, complementing the statistical
results. Despite the ethical and logistical constraints that
limited our sample size, we ensured a diverse participant
pool, including both experienced professionals and individ-
uals with academic qualifications in relevant disciplines.
This diversity enhances the generalizability of our findings,
ensuring that the results are reflective of a broad range of
perspectives within the field.

The findings demonstrated that the 3D virtual environment
significantly heightened user immersion and sense of flow
compared to its 2D counterpart. Interestingly, in terms of
recommending the inclusion of this tool in training, there
was no meaningful difference between the two environments,
though there was a tendency towards favoring the 3D envi-
ronment because some users preferred the 2D environment
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due to greater usability and the discomfort associated with
VR HMDs. This preference was reflected in the interviews,
where 61% of participants expressed a preference for the 3D
environment.

Notably, SEM analysis revealed that both ’flow’ and ’us-
ability’ significantly influenced the decision to include the
tool in training, with usability exerting a stronger influence.
The usability challenges were so significant that they out-
weighed the immersive experience of the 3D environment.
Despite many users remarking on the impressive sense of
immersion, the discomfort and complexity of the VR setup
highlighted the critical importance of user comfort and sim-
ple interfaces in the adoption of new training technologies.

Additionally, participants with previous VR experience re-
ported enhanced ’avatar comfort interaction’ levels, suggest-
ing that familiarity with VR technology can alleviate some of
the initial usability challenges and discomfort linked to using
VR headsets. Qualitative feedback further illuminated how
the novelty of VR contributes positively to user comfort and
engagement. Additionally, most of the criticism regarding the
discomfort of the headset came from older users who were
less familiar with this new technology. This highlights the
importance of considering user demographics when imple-
menting new training tools. The detailed and contextually
appropriate responses of the avatars played a crucial role
in empathy elicitation, often outweighing the importance of
visual fidelity. This finding underscores the importance of
continuous improvements in the AI-driven dialogue system
to ensure realistic and contextually appropriate interactions.

Furthermore, both qualitative and quantitative results high-
lighted significant areas for improvement in the avatars’ emo-
tional reaction and visual fidelity, two key components of the
training tool’s overall effectiveness. Participants’ feedback
revealed that the avatars’ facial expressions lacked the emo-
tional depth necessary to fully engage and connect with users,
particularly in situations requiring empathetic responses.
While the avatars could exhibit basic emotional cues, these
were often too generic and failed to convey appropriate
emotional states for various scenarios. This misalignment be-
tween the avatars’ expressions and the conversational context
often led to a disconnect, reducing the overall realism and
impact of the training. Quantitative analysis supported these
observations, indicating that ’emotion’ in facial expressions
and ’visual fidelity’ were factors that negatively impacted the
tool’s effectiveness. Enhancing these expressions to include
a broader range of emotions and more fluid, lifelike move-
ments, along with age-appropriate representation and realis-
tic environments, would significantly improve the perceived
realism and effectiveness of the training tool.

Despite these criticisms, some user expectations about the
technology may not be entirely realistic. For instance, one
participant expected "far more furtive glances" and acknowl-
edged having preconceived notions about abuse survivors.
Another user noted, "if it was a real child, they might sit
forward and maybe roll their eyes," highlighting the chal-
lenge of replicating complex human behaviors in virtual

avatars. Recognizing the importance of emotional dynamics
and visual fidelity in virtual environments, future iterations
of the system will integrate Unreal Engine technology with
NVIDIA Omniverse1 to enhance emotional reactions. This
integration is expected to result in more sophisticated simula-
tions of human-like emotional responses, enriching the user’s
immersive experience by providing a nuanced and context-
sensitive rendering of non-verbal cues. These advancements
will significantly enhance the development of more empa-
thetic and interactive virtual environments, ultimately pro-
viding a more effective training tool for professionals in child
welfare and law enforcement.

VIII. CONCLUSION
This study provides an in-depth evaluation of the effec-
tiveness of AI-driven virtual environments for training pro-
fessionals in child interview skills. Through comprehensive
analysis, we have demonstrated the significant benefits and
limitations of both 2D and 3D environments in enhancing
the training experience. The findings indicate that while 3D
environments offer superior ’flow’ and ’visual fidelity’, they
are also associated with increased ’usability’ challenges due
to the hardware requirements. In contrast, the 2D environ-
ment was found to be more user-friendly and less physically
demanding, making it preferable for certain users.

Furthermore, the study highlights that familiarity with VR
technology positively influences user perception, mitigating
some of the discomfort associated with VR head-mounted
displays. The dialog system’s effectiveness, particularly the
relevance and detail of responses, plays a crucial role in
empathy elicitation, often outweighing visual fidelity. How-
ever, areas such as ’emotion’ in facial expression and system
’responsiveness’ need improvement to enhance the tool’s
effectiveness. As user experience increased, participants had
a more positive view of the age-appropriateness of responses.
This research contributes valuable insights into the develop-
ment and application of AI-driven training tools, ultimately
aiming to improve the effectiveness of investigative inter-
views with maltreated children by leveraging the strengths
of both 2D and 3D virtual environments.
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Abstract: This paper explores advancements in real-time talking-head generation, focusing
on overcoming challenges in Audio Feature Extraction (AFE), which often introduces
latency and limits responsiveness in real-time applications. To address these issues, we
propose and implement a fully integrated system that replaces conventional AFE mod-
els with OpenAI’s Whisper, leveraging its encoder to optimize processing and improve
overall system efficiency. Our evaluation of two open-source real-time models across three
different datasets shows that Whisper not only accelerates processing but also improves
specific aspects of rendering quality, resulting in more realistic and responsive talking-head
interactions. Although interviewer training systems are considered a potential application,
the primary contribution of this work is the improvement of the technical foundations
necessary for creating responsive AI avatars. These advancements enable more immersive
interactions and expand the scope of AI-driven applications, including educational tools
and simulated training environments.

Keywords: talking portrait synthesis; interactive avatar; Whisper; neural radiance fields
(NeRFs); child protective services (CPS)

1. Introduction
The application of AI in education has gained widespread attention for its potential to

enhance learning experiences across disciplines, including psychology [1,2]. In the context
of investigative interviewing, especially when questioning suspected child victims, AI offers
a promising alternative to traditional training approaches. These conventional methods,
often delivered through short workshops, fail to provide the hands-on practice, feedback,
and continuous engagement needed for interviewers to master best practices in questioning
child victims [3,4]. Research has shown that while best practices recommend open-ended
questions and discourage leading or suggestive queries [5,6], many interviewers still
struggle to implement these techniques effectively during real-world investigations [7].
The adoption of AI-powered child avatars provides a valuable solution, enabling child
protective services (CPS) workers to engage in realistic practice sessions without the ethical
dilemmas associated with using real children, while simultaneously offering personalized
feedback on their performance [8].
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Our current system leverages advanced AI techniques within a structured virtual
environment to train professionals in investigative interviewing. Specifically, this system
integrates the Unity Engine to generate virtual avatars. Despite the potential advantages of
our AI-based training system, its effectiveness largely depends on the perceived realism
and fidelity of the virtual avatars used in these simulations [9]. Based on our findings, we
observe that avatars generated using Generative Adversarial Networks (GANs) demon-
strate higher levels of realism compared to those created with the Unity Engine in several
key aspects [10].

Accordingly, in this paper, we propose leveraging existing real-time talking portrait
generation techniques to create an interactive avatar and evaluate its potential for improving
perceived realism and interaction quality.

Audio-driven talking portrait synthesis enables the animation of a specific person
based on arbitrary speech input, using deep learning-based methods such as neural ra-
diance fields (NeRF) [11] and 3D Morphable Models (3DMMs) to generate high-quality
3D head models that offer flexibility in head poses and superior visual fidelity. Despite
advancements in the development of real-time talking-head systems, their broad availabil-
ity remains constrained by the inherent complexity of integrating multimodal data inputs,
including audio and visual cues such as facial landmarks. This complexity poses challenges
in achieving both synchronization and processing efficiency, which are imperative for
the smooth operation of these systems in real-time scenarios. Furthermore, the field of
real-time talking portrait systems is still in its nascent stages, with limited publications
and, to the best of our knowledge, no standardized benchmarks or evaluation metrics
currently available.

In audio-driven talking-head synthesis, the nuances of audio features directly influence
the realism and synchronization of the generated visuals. Modern Audio Feature Extraction
(AFE) models such as Wav2Vec [12] and HuBERT [13] have demonstrated high accuracy in
tasks like Speech Emotion Recognition (SER) and Automatic Speech Recognition (ASR).

However, their reliance on transformer architectures poses significant challenges for
real-time applications. For instance, Wav2Vec’s transformer-based structure exhibits poor
memory and computational scalability, leading to increased inference time with larger input
sizes as observed in edge deployment scenarios [14–16]. Additionally, these models require
substantial computational resources even when using optimized configurations, which
further exacerbate latency issues in energy-constrained or low-power environments [15,16].
Moreover, through our exploration of open-source real-time talking-head models, we
observe that latency in AFE can hinder real-time performance, impacting the overall
responsiveness and realism of the avatar. Addressing these limitations necessitates the
development of lightweight, efficient AFE systems that balance accuracy and speed for
real-time use cases [14].

To mitigate the latency issues associated with existing AFE models, we leverage
Whisper [17], an advanced ASR system that has been adapted for AFE tasks. Whisper’s
encoder–decoder Transformer architecture, trained on extensive multilingual and multitask
datasets, offers an efficient and accelerated solution for AFE. Compared to earlier models
like Deep-Speech 2 [18], which relies on computationally intensive recurrent networks,
or Wav2Vec 2.0 [12] and HuBERT [13], which demand task-specific fine-tuning, Whisper
delivers high performance across diverse conditions without additional optimization. Per-
formance benchmarks (see Section 4.3) reveal that Whisper achieves an 80–90% reduction in
processing latency relative to Deep-Speech, Wav2Vec, and HuBERT, without compromising
quality. In summary, our main contributions are as follows:
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• Integrating a complete AI-based avatar system combining GPT-3 for conversations,
Speech-To-Text (STT), Text-To-Speech (TTS), AFE, and talking portrait synthesis
(Figure 1) for full end-to-end experiments.

• Evaluating and comparing talking-head synthesis models.
• Evaluation and comparison of four AFE models using two open-source talking-head

frameworks across three datasets.
• Modifying Whisper for efficient and accelerated AFE in talking portrait systems.
• Assessing and discussing the best combinations of talking portrait synthesis systems

and AFE systems.

The code and resources related to this work are available on GitHub [19].

 

(a) Child avatar system architecture                                                                                     
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Figure 1. (a) System architecture of the interactive child avatar, detailing the integration of key
modules: (1) Listening, (2) STT, (3) Language Processing, (4) TTS, (5) AFE, (6) Frames Rendering,
and (7) Audio Overlay. This setup simulates natural conversation, allowing the user to interact with
the avatar as if communicating with a real person. (b) User interaction with the child avatar system.

2. Related Work
The development and research of our avatar is touching upon two main areas: virtual

avatars for interviewer training and real-time talking portrait synthesis. Notably, avatar
systems provide the interactive framework necessary for dynamic user engagement, while
talking portrait synthesis improves visual and auditory realism. Together, these technolo-
gies address both interaction logic and expressive fidelity, forming a synergistic foundation
for our solution. This integration is vital for achieving a immersive user experience.

2.1. Virtual Avatar for Interview Training

The progression of child avatar training systems has significantly advanced inves-
tigative interviewing techniques, introducing varying degrees of automation and efficacy.
Initial systems, such as those by Linnæus University and AvBIT Labs [20], relied on pre-
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recorded responses, limiting interaction dynamics and necessitating human intervention
for response selection. This dependency increased operational costs and introduced po-
tential for human error. The LiveSimulation [21] addressed some limitations by enabling
interactions with videotaped child avatars, improving trainees’ open-ended questioning
skills [22]. However, its reliance on predefined question options restricted the ability to
practice generating spontaneous, context-specific queries crucial for real-world interviews.

The Empowering Interviewer Training (EIT) platform [23] advanced these methods
with rule-based algorithms that allowed more dynamic interactions, though the fixed-
response architecture limited adaptability. ViContact [24] further evolved the landscape
by integrating virtual reality (VR) with automated feedback to refine both questioning
techniques and socio-emotional support skills. Despite these advances, ViContact’s rule-
based interaction system hindered its ability to handle diverse inputs, and the gamification
effect it introduced risked overemphasizing certain question patterns, potentially reducing
skill transfer to real scenarios.

Building on these foundations, our previous platform [9] integrated GPT-3 into a Unity-
based framework to create a dynamic child interview simulation. While this approach
improved the system’s responsiveness, criticisms of unrealistic avatar appearances pointed
to a need for greater engagement during interactions. To address this, our current work
incorporates lifelike talking portrait generation to improve visual realism and improve
the overall efficacy of child interview training systems. This advancement aims to bridge
the gap between simulation fidelity and real-world applicability, fostering more effective
skill development.

2.2. Talking Portrait Synthesis

In recent years, real-time audio-driven talking portrait synthesis has gained significant
attention, driven by applications in digital humans, virtual avatars, and video conferenc-
ing. Several approaches have been proposed to balance visual quality, synchronization,
and computational efficiency.

Talking-head synthesis employs diverse methodologies, each with unique strengths
and limitations. GANs generate high-quality static images with controllable attributes but
face challenges in temporal consistency and complex dynamics. NeRF excels in photo-
realistic 3D rendering and offers flexible viewpoints, but it is computationally intensive
for real-time use. The 3D Gaussian models balance efficiency and identity preservation,
though they may lack fine detail [25].

In the following, we discuss recent advancements in real-time audio-driven talking
portrait synthesis, which build on these foundational methods to improve computational
efficiency while maintaining synchronization and visual quality.

Live Speech Portrait [26] uses auto-regressive predictive coding (APC) [27] for ex-
tracting speech information, predicts 3D lip landmarks from audio, and synthesizes video
frames through an image-to-image translation network (U-Net). Similarly, RealTalk [28]
utilizes 3D facial priors and efficient expression rendering modules to achieve precise
lip–speech synchronization while preserving facial identity.

Furthermore, 3D Gaussian Splatting (3DGS) [29] introduces a point-based render-
ing technique that uses ellipsoidal, anisotropic Gaussians to represent scenes with high
accuracy. GSTalker [30] builds on this by incorporating deformable Gaussian splatting,
significantly reducing training times and boosting rendering speeds compared to earlier
NeRF-based models. Gaussian Talker [31] further advances the field by using a Gaussian-
based model to generate talking faces with high-quality lip synchronization while reducing
computational complexity.
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Moreover, NeRF [11] has recently gained attention for generating talking portraits,
given their capacity to capture intricate visual scenes. To enhance system efficiency, RAD-
NeRF [32] incorporates discrete learnable grids in AD-NeRF [33], resulting in faster training
and inference processes. Building upon this, ER-NeRF [34] utilizes tri-Plane hash repre-
sentation to minimize hash collisions, leading to faster convergence, while a cross-modal
fusion mechanism has been developed to improve lip–speech synchronization. To further
refine lip synchronization, GeneFace++ [35] introduces a dedicated audio-to-motion mod-
ule within the NeRF-based rendering framework. Additionally, R2-Talker [36] employs a
progressive multilayer conditioning approach, improving performance and visual fidelity
by integrating hash-grid landmark encoding.

3. Methodology
This section introduces the AFE models Deep-Speech 2, Wav2Vec 2.0, HuBERT,

and Whisper, which we compare in this study, and outlines the interactive avatar’s sys-
tem architecture.

3.1. Audio Feature Extraction

A key aspect of talking-head generation is the ability to capture distinguishing speech
features, as this directly affects the synchronization and quality of the audiovisual output.
In the proposed framework, feature extraction is conducted using four ASR models: Deep-
Speech 2 [18], Wav2Vec 2.0 [12], HuBERT [13], and Whisper [17]. Each of these models
extracts both acoustic features and language representations from raw audio signals as part
of their architecture. The following sections provide further details on these four models.

3.1.1. Deep-Speech 2

Deep-Speech 2, developed by Baidu, utilizes bidirectional recurrent neural networks
(BRNNs) [37] alongside convolutional layers to capture context from both past and future
frames, enhancing speech recognition accuracy. Key techniques like Batch Normalization
and SortaGrad stabilize training, making the model effective across different acoustic
conditions, including noisy environments [18].

In this study, building on prior methodologies [33,38], the DeepSpeech is applied to
generate a 29-dimensional feature representation for every 20 ms audio segment. Con-
secutive frames of these audio features are processed through a temporal convolutional
network to mitigate the noise present in raw audio signals. Specifically, a feature vector
a ∈ R16×29, derived from 16 contiguous audio frames, characterizes the current state of the
audio modality and facilitates synchronization and performance in the proposed system.

3.1.2. Wav2Vec 2.0

Wav2Vec 2.0 is a transformer-based model developed for self-supervised feature extrac-
tion directly from raw audio signals [12]. Initially, the model processes audio waveforms
into representations using a convolutional neural network (CNN) paired with a Gaussian
Error Linear Unit (GELU) activation function [39], which captures latent speech features
across temporal frames z1, z2, . . . , zT . These features are then fed into a transformer net-
work [40], which is trained through a contrastive loss objective. This loss function enables
the model to differentiate between correct and incorrect quantized representations of the
audio signal [41].

This self-supervised training allows Wav2Vec 2.0 to learn rich, contextualized embed-
dings from unlabeled speech data, effectively building contextual representations across
continuous speech and capturing dependencies over the entire sequence of latent represen-
tations. This approach reduces the need for hand-engineered features, while leveraging
the powerful representations learned by Wav2Vec 2.0, resulting in improved performance
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for various speech processing applications. In this study, we integrate Wav2Vec 2.0 as
utilized in [32], leveraging its ability to maintain consistent classification logits when audio
signals are accurately recognized. To further refine these features, they apply an audio
attention mechanism, which functions as a temporal smoothing layer to generate the final
audio conditions.

3.1.3. HuBERT

Hidden-Unit BERT (HuBERT) [13] introduces a self-supervised approach that ad-
dresses key challenges in speech processing: handling multiple sound units per utterance,
the lack of lexicon during pre-training, and the absence of the explicit segmentation of
sound units. By applying prediction loss to masked regions, HuBERT learns a combined
acoustic and language model from unmasked inputs. Pre-trained on Librispeech [42] (960 h)
and Libri-light [43] (60,000 h), it outperforms previous methods and comes in three sizes:
BASE (90 M parameters), LARGE (300 M), and X-LARGE (1 B). HuBERT employs mask-
ing similar to SpanBERT [44] and wav2vec 2.0 [12], using cross-entropy loss on masked
and unmasked time steps, encouraging the model to capture both acoustic features and
long-range speech patterns.

In this study, we apply HuBERT, as utilized in GeneFace [45], to facilitate high-fidelity
audio-to-motion transformation. HuBERT extracts semantic features from the input audio.
The audio is segmented for memory-efficient processing, and each segment is analyzed
to produce high-dimensional hidden states. These features provide semantically rich
and temporally consistent representations, optimized for precise mapping to expressive
motion outputs.

3.1.4. Whisper

In this paper, we propose the use of Whisper Tiny [17], designed for lightweight
applications, which offers efficient processing and broad applicability in low-resource or
edge environments. With approximately 39 million parameters, it is tailored for real-time
applications on less powerful devices while maintaining the core Whisper architecture. This
model follows an encoder–decoder Transformer structure, allowing it to perform versatile
multilingual transcription, translation, and voice activity detection within a compact and
efficient design, making it particularly suitable for talking-head systems and real-time
audio–visual synchronization tasks.

Whisper Tiny uses log-Mel spectrograms as input features, derived from 25 ms win-
dows with a 10 ms stride, which are scaled to a near-zero mean. This spectrogram is
processed through Transformer encoder blocks containing convolutional layers with GELU
activations [39]. These layers capture critical acoustic and linguistic features across lan-
guages and environments, leveraging Whisper’s extensive pre-training on multilingual,
multitask datasets. This approach provides the model with robust noise resilience and the
ability to maintain high accuracy without dataset-specific fine-tuning.

The Whisper model’s design has demonstrated a substantial 80–90% reduction in
processing times compared to alternative models like Deep-Speech, Wav2Vec, and HuBERT,
particularly for longer audio clips.

The Whisper model processes raw audio A(t) by transforming it into a log-Mel
spectrogram S( f , t) as follows:

S( f , t) = log

(
N−1

∑
k=0

A(t) · e−j2π f t

)

This spectrogram, capturing core frequency components, is then passed through
Whisper’s encoder to generate high-dimensional audio embeddings E:
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E = WhisperEncoder(S( f , t))

where E has shape (Tinitial, C), with T representing the number of time steps aligned to
the visual frames, and C = 384 as the dimensionality of the feature embedding space.
Synchronization with a 25 FPS visual frame rate is achieved by applying a sliding window
with parameters w = 16, stride s = 2, and padding p = 7, yielding a final feature
matrix with shape (750, 16, 384). This setup ensures precise temporal alignment across
750 frames over 30 s, enhancing the real-time accuracy and fluidity of interactions in
talking-head applications.

3.2. System Architecture

The system architecture of our interactive child avatar, as depicted in Figure 1, is
composed of several modules: Listening, STT, Language, TTS, AFE, Frames Rendering,
and Audio Overlay.

The Listening module is the entry point of the system, where user speech is captured
through a button-based recording process. Users click to start recording their voice input
and click again to stop, saving the recorded audio file. During this recording phase,
the avatar remains in a listening state, utilizing a pre-rendered video based on an empty
audio file where it exhibits natural, non-verbal behaviors such as blinking and subtle
movements while remaining silent. This module employs a speech recognition system to
continuously listen for spoken input from the user, initiating the conversion process by
passing the audio data to the speech-to-text module.

The STT module utilizes OpenAI’s Whisper model [17] to perform the real-time
conversion of spoken input into text, transcribing the user’s speech for further processing.
The language module is responsible for generating contextually appropriate and dynamic
responses. It leverages GPT for prompt engineering, simulating a child’s conversational
style. The transcribed text from the STT is processed here, where GPT generates the relevant
responses tailored to the interaction context. Once the response text is generated, it is passed
to the TTS, which uses Amazon Polly [46] to convert the text into speech. This module
maintains the consistency of the avatar’s voice with a child’s persona.

AFE processes the incoming audio from the TTS module to extract relevant features.
To achieve rapid and efficient audio processing that enhances the system’s responsiveness,
four models are evaluated: Deep-Speech [18], Wav2Vec [12], HuBERT [13], and Whisper-
Tiny [17].

The Frames Rendering module manages the visual representation of the avatar. It is
responsible for rendering frames in real-time based on the processed audio and text input,
allowing the avatar to exhibit natural behaviors such as lip-syncing and facial expressions
synchronized with the spoken output. We also compare two frameworks, RAD-NeRF [32]
and ER-NeRF [34], to identify the most effective solution for this purpose. The final
component is the Audio Overlay module, which combines the rendered frames with the
audio output.

4. Experiments
This section rigorously evaluates various AFE models across two frameworks, focusing

on model efficiency, synchronization accuracy, and responsiveness.

4.1. Experimental Setup

In this section, our datasets, hardware, and configurations are outlined for evaluating
AFE model performance in real-time talking portrait synthesis.



Big Data Cogn. Comput. 2025, 9, 59 8 of 21

4.1.1. Dataset

The dataset used in our experiments comprises a combination of publicly available
video datasets and a privately sourced video. We select three high-definition speech
video clips, each with an average duration of approximately 6700 frames (around 4.5 min,
as recorded at 25 FPS). The raw videos, originally recorded at their native resolutions
(which can also be used in the experiments), are cropped and resized to 512× 512. However,
the Obama video from AD-NeRF [33], which was originally processed at 450 × 450 pixels,
is used in that resolution without further resizing.

To ensure fairness and reproducibility, two of the video clips used in our experiments
are sourced from the Internet. Specifically, we utilize the “Obama” video from the publicly
released data of AD-NeRF [33] and the “Shaheen” video. These videos are chosen for
their recognition and frequent use as benchmarks in talking portrait synthesis research.
The third video clip, featuring a young girl’s speech, is privately sourced to align with
the application objectives of the investigative interview. Explicit permission was obtained
from the individual for the use of this video in this research. Our selection includes a range
of speaking styles, expressions, and conditions, ensuring a balanced and comprehensive
dataset for training and evaluation.

For each video, the first 91% frames, along with the corresponding audio, are used
as training data, while the final 9% of the data are reserved for subsequent evaluation,
in accordance with previous studies [32–34].

4.1.2. System Configuration

Experiments are conducted on a machine with a 12th Gen Intel(R) Core(TM) i9-12900F
CPU, 31 GiB of RAM, and an NVIDIA RTX 4090 GPU with 24 GiB of VRAM, running
CUDA 12.4 on an Ubuntu operating system.

4.2. Real-Time Talking-Head Speed Analysis

Despite progress in real-time talking-head systems, their widespread use is limited
by the complexity of integrating multimodal inputs like audio and facial landmarks. This
complexity challenges both synchronization and processing efficiency, which are required
for smooth real-time performance. Given these challenges, we deemed it necessary to
evaluate the real-time capabilities of existing models to substantiate performance claims.
To accurately assess the efficiency of these models, we conduct an experiment using
the Obama dataset [33]. The experiment is carried out under identical hardware and
CUDA environments across all applicable open-source methods, ensuring a consistent
basis for comparison.

Our findings confirm that a major challenge identified in previous studies is the latency
introduced during the AFE process. To better understand the impact of AFE on overall
system performance, we measure the execution time using two different approaches:
one excluding AFE and the other including it. GeneFace++ [35] is excluded from this
comparison, as its audio features are deeply interwoven within the core of the model,
making it impossible to measure its performance without AFE. The results, presented in
Figure 2, illustrate the comparative processing efficiency of these models across different
audio durations.

4.3. AFE Analysis

Based on the results presented in Figure 2, we select RAD-NeRF [32] and ER-NeRF [34]
as the frameworks for further experimentation due to their better performance compared
to other models. To conduct a systematic comparison of AFE models, we employ Deep-
Speech, Wav2Vec [12], HuBERT [13], and Whisper-Tiny [17] within both RAD-NeRF [32]
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and ER-NeRF [34]. The models are trained from scratch with each AFE configuration to
assess their impact on system performance, focusing on factors such as lip synchronization
accuracy, visual quality, and overall execution time. In the following, we divide the analysis
into two key aspects—speed and quality—to provide a more detailed evaluation of each
AFE configuration’s impact on system performance.

5 10 15 20 25 30
Audio Duration (seconds)

10

20

30

40

50

60

70

Ex
ec

ut
io

n 
Ti

m
e 

(s
ec

on
ds

)
RAD-NeRF (Wav2Vec)
ER-NeRF (Deep-Speech)
Gaussian Talker (Deep-Speech)
GeneFace++ (HuBERT)
RAD-NeRF
ER-NeRF
Gaussian Talker

Figure 2. Execution time comparison of open-source real-time talking-head generation models,
including RAD-NeRF [32], ER-NeRF [34], Gaussian Talker [31] and GeneFace++ [35]. The solid
lines represent execution times excluding AFE, while the dashed lines indicate execution times that
include AFE.

4.3.1. AFE Speed Analysis

In evaluating the speed of AFEs, we conduct an analysis between Whisper [17]
and other well-known AFE models, including Deep-Speech [18], Wav2Vec [12], and Hu-
BERT [13]. The results, as shown in Figure 3, reveal that Whisper greatly outperforms
the other models across varying audio durations, especially compared to Deep-Speech,
which shows increasing execution times as the audio duration grows. Whisper consis-
tently achieves notably lower execution times, making it particularly advantageous for
conversational systems.
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Figure 3. Execution time comparison of different AFE models, including Deep-Speech [18],
Wav2Vec [12], HuBERT [13], and Whisper [17].
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Additionally, Figure 4 compares the execution times of RAD-NeRF [32] and ER-
NeRF [34] using various AFE models, including Whisper, Deep-Speech [18], Wav2Vec [12],
and HuBERT [13]. The results show the time-saving advantages of Whisper across both
models. By integrating Whisper, we achieve a reduction in processing time, which is
important for real-time applications such as talking-head generation and interactive avatars.
These findings reveal the potential of Whisper as an effective solution for accelerating AFE
processes in interactive avatar systems, making them more efficient and responsive.
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Figure 4. Execution time comparison of RAD-NeRF [32] and ER-NeRF [34] across different AFE models.

4.3.2. AFE Quality Analysis

To further validate utilizing Whisper as AFE, we conduct an evaluation of the system’s
rendering quality across various settings. In the self-driven setting, where the ground
truth data correspond to the same identity as the generated output, we utilize the widely
recognized quantitative metrics to assess the quality of portrait reconstruction. These
metrics are standard in the field and provide a comprehensive assessment of both visual
fidelity and synchronization, ensuring alignment with the established evaluation practices:

• Peak Signal-to-Noise Ratio (PSNR): This metric measures the fidelity of the recon-
structed image relative to the ground truth. The PSNR is calculated as

PSNR = 10 · log10

(
MAX2

I
MSE

)

where MAXI is the maximum possible pixel value of the image, and MSE is the Mean
Squared Error between the reconstructed and ground truth images.

• Structural Similarity Index Measure (SSIM): SSIM evaluates the structural similarity
by considering the luminance, contrast, and structure. The formula is

SSIM(x, y) =
(2µxµy + C1)(2σxy + C2)

(µ2
x + µ2

y + C1)(σ2
x + σ2

y + C2)

where µx and µy are the average intensities, σx and σy are variances, and σxy is the
covariance between images x and y. C1 and C2 are constants for stability.

• Learned Perceptual Image Patch Similarity (LPIPS) [47]: Measures the perceptual
similarity between the generated and ground truth images by calculating the distance
between feature representations extracted from a deep neural network. This metric
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captures differences in visual features that align more closely with human perception
than simple pixel-wise comparisons, making it useful for assessing image quality in
terms of perceptual fidelity:

LPIPS =
1
N

N

∑
i=1

∥ f (xpred
i )− f (xtruth

i )∥2

where f (x) represents the feature representation of image x extracted by a neural
network (e.g., AlexNet), xpred

i and xtruth
i are the predicted and ground truth images

respectively, and N is the number of patches or feature points compared.
• Landmark Distance (LMD) [48]: This metric measures the geometric accuracy of facial

landmarks by calculating the Euclidean distance between corresponding landmark
points in the generated and ground truth images:

LMD =
1
N

N

∑
i=1

√
(xpred

i − xtruth
i )2 + (ypred

i − ytruth
i )2

where (xpred
i , ypred

i ) and (xtruth
i , ytruth

i ) are the coordinates of the i-th landmark in
the predicted and ground truth images, respectively, and N is the total number
of landmarks.

• Fréchet Inception Distance (FID) [49]: FID assesses the similarity between distributions
of real and generated images. The formula is

FID = µr − µ2
g + Tr(Σr + Σg − 2

√
ΣrΣg)

where µr and Σr represent the mean and covariance of features for real images, and
µg and Σg represent those for generated (images).

• Action Units Error (AUE) [50]: AUE measures the accuracy of lower facial muscle
movements by calculating the squared differences in action unit intensities between
the generated and ground truth images. In this study, we specifically evaluate the
lower face region, which is relevant for expressions related to speech and emotion:

AUElower =
1
N

N

∑
i=1

(AUpred
i − AUtruth

i )2

where AUpred
i and AUtruth

i are the intensities of the i-th action unit in the lower face
region for the predicted and ground truth data, respectively, and N is the total number
of lower face action units evaluated.

• SyncNet Confidence Score (Sync) [51]: Measures the lip-sync accuracy by evaluating
the alignment between audio and lip movements in generated talking-head videos.
This metric utilizes SyncNet, which calculates a confidence score based on the similar-
ity between the embeddings of audio and video frames:

Sync =
1
N

N

∑
i=1

vi · si
max(∥vi∥2 · ∥si∥2, ϵ)

where vi and si are the embeddings for the i-th video and audio frames, respectively,
computed by SyncNet. This formula calculates the cosine similarity between the
embeddings, giving a score between 0 and 1 for each frame pair. N is the total number
of frame pairs evaluated, and higher average values indicate better lip-sync quality.

The self-driven evaluation results are shown in Table 1, where the utilization of Whis-
per for AFE leads to a slight improvement in the PSNR and LPIPS metrics. Additionally,
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the FID scores reflect a minor but consistent improvement in the perceptual similarity
between generated and real images. However, the most notable improvement is observed
in the Sync, which shows better lip synchronization.

Table 1. Quantitative comparison of face reconstruction quality under self-driven synthesis on the
same identity’s test set. The arrows in the metric names indicate the preferred trend for each metric:
↑ denotes that higher values are better, ↓ signifies that lower values are preferable.

Methods AFE Dataset PSNR ↑ SSIM ↑ LPIPS ↓ LMD ↓ FID ↓ AUE ↓ Syncconf ↑

R
A

D
-N

eR
F

[3
2]

Deep-Speech

Obama 27.14 0.9304 0.0738 2.675 31.29 1.995 7.171
Donya 27.79 0.9045 0.0917 2.750 12.82 1.911 4.720
Shaheen 30.13 0.9314 0.0697 3.199 33.05 2.837 7.330
Mean 28.35 0.9221 0.0784 2.874 25.72 2.247 6.407

HuBERT

Obama 26.58 0.9261 0.0769 2.762 28.78 2.006 0.563
Donya 28.05 0.9071 0.0868 2.518 14.25 2.511 0.365
Shaheen 30.45 0.9332 0.0729 3.050 35.96 3.229 0.494
Mean 28.36 0.9221 0.0788 2.776 26.33 2.582 0.474

Wav2Vec

Obama 26.59 0.9268 0.0785 2.696 15.15 1.707 6.744
Donya 27.12 0.8972 0.0845 2.726 24.58 1.531 4.820
Shaheen 30.08 0.9306 0.0698 3.221 34.77 2.966 7.946
Mean 27.93 0.9182 0.0776 2.881 24.83 2.068 6.503

Whisper

Obama 26.10 0.9231 0.0723 2.573 12.67 1.693 7.143
Donya 28.65 0.9138 0.0844 2.640 26.85 1.504 5.269
Shaheen 30.05 0.9303 0.0660 3.045 29.44 2.696 8.488
Mean 28.07 0.9224 0.0761 2.826 24.04 1.964 6.966

ER
-N

eR
F

[3
4]

Deep-Speech

Obama 26.44 0.9339 0.0441 2.561 7.14 1.923 7.201
Donya 28.91 0.9165 0.0605 2.647 14.59 1.874 4.722
Shaheen 29.92 0.9267 0.0450 2.900 16.10 2.668 8.215
Mean 28.16 0.9257 0.0689 2.7932 20.92 2.155 6.712

HuBERT

Obama 26.30 0.9297 0.0473 2.758 8.33 1.711 0.300
Donya 24.20 0.7826 0.1255 2.545 49.81 2.284 0.408
Shaheen 30.45 0.9322 0.0420 2.852 16.56 3.172 0.434
Mean 26.98 0.8815 0.0716 2.718 24.90 2.389 0.380

Wav2Vec

Obama 25.59 0.9268 0.0497 2.645 8.83 1.704 6.616
Donya 24.21 0.7777 0.1509 2.754 68.20 1.730 4.403
Shaheen 29.81 0.9245 0.0470 3.003 15.59 2.948 7.917
Mean 26.53 0.8763 0.0825 2.800 30.87 2.127 6.312

Whisper

Obama 26.30 0.9314 0.0462 2.501 8.06 1.797 7.647
Donya 27.36 0.9020 0.0641 2.516 14.67 1.852 5.704
Shaheen 30.20 0.9305 0.0434 2.935 15.61 3.030 8.575
Mean 28.12 0.9213 0.0654 2.7640 19.29 2.226 7.308

Note: The Mean row, highlighted in gray, represents the average value obtained from three independent experiments,
providing a summarized performance metric. Furthermore, the best-performing result for each criterion is highlighted in bold
to indicate the best outcome.

In the cross-driven setting, the model generates a talking portrait based on audio clips
that do not match the identity of the visual data used during training. To create variation,
two different audio clips are selected for each dataset, corresponding to the gender and
age of the character. One audio clip is synthetic, generated using Amazon Polly [46], while
the other is a natural recording from a real human, allowing for a fair comparison between
synthetic and natural speech.

Because ground truth images corresponding to the same identity are absent, identity-
specific metrics are not applicable. Therefore, consistent with prior studies [32,34], we use
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the identity-agnostic Sync score [51] as the primary metric to evaluate synchronization
between audio and lip movements. This approach allows us to effectively measure the
model’s performance when direct comparison with ground truth is not feasible.

The cross-driven results, as shown in Table 2, indicate that models utilizing Whisper
generally outperform others, particularly in terms of SyncNet scores. However, Whisper’s
superior performance is not consistent across all scenarios. While it shows particular
strength in handling human voices, its effectiveness diminishes when dealing with bot-
generated voices. Specifically, in our experiments, the bot’s voice is generated at a slower
pace and interspersed with more pauses. This slower speech setting may unintentionally
benefit other models, which makes them perform better relative to Whisper in this context.

Table 2. Quantitative comparison of audio–lip synchronization under the cross-driven setting. The
arrows in the metric names indicate the preferred trend for each metric: ↑ denotes that higher values
are better, ↓ signifies that lower values are preferable.

Methods AFE Dataset
Syncconf ↑ Syncconf ↑
Synthetic Natural

R
A

D
-N

eR
F

[3
2]

Deep-Speech

Obama 6.581 6.489
Donya 4.208 3.576

Shaheen 6.319 5.840
Mean 5.702 5.301

HuBERT

Obama 5.109 0.548
Donya 4.750 0.680

Shaheen 6.670 0.741
Mean 5.509 0.656

Wav2Vec

Obama 6.851 7.388
Donya 4.593 5.017

Shaheen 6.837 7.303
Mean 6.093 6.569

Whisper

Obama 6.884 7.137
Donya 4.628 5.742

Shaheen 6.347 7.052
Mean 5.953 6.643

ER
-N

eR
F

[3
4]

Deep-Speech

Obama 7.306 7.224
Donya 5.054 4.851

Shaheen 6.505 6.074
Mean 6.323 6.050

HuBERT

Obama 5.542 0.614
Donya 4.822 0.480

Shaheen 7.068 0.581
Mean 5.810 0.558

Wav2Vec

Obama 7.219 7.428
Donya 4.115 4.155

Shaheen 7.145 7.242
Mean 6.159 6.275

Whisper

Obama 7.399 8.247
Donya 4.651 6.486

Shaheen 6.148 7.093
Mean 6.066 7.275

Note: The Mean row, highlighted in gray, represents the average value obtained from three independent experiments,
providing a summarized performance metric. Furthermore, the best-performing result for each criterion is highlighted in bold
to indicate the best outcome.



Big Data Cogn. Comput. 2025, 9, 59 14 of 21

Our experimental results reveal that HuBERT consistently underperforms in lip syn-
chronization, with the lowest Sync scores among all the models tested. Given these results,
particularly the poor performance in cross-driven settings (e.g., Sync scores as low as 0.564),
HuBERT appears inadequate for applications requiring precise lip-sync. Future work should
consider incorporating subjective evaluations to further assess the perceptual quality and user
satisfaction, which may provide a more thorough understanding of its limitations.

Furthermore, we compare the subjective quality and lip-sync performance of two mod-
els, RAD-NeRF [32] and ER-NeRF [34], shown in Figure 5 and Figure 6, respectively, using
four distinct AFEs under self-driven settings. Each model’s output is evaluated against
ground truth to assess its accuracy in audio-driven 3D reconstruction and lip-sync fidelity.
For a more comprehensive view of the results, please refer to the supplemental video
available on our GitHub repository [19].

Ground Truth 
RAD-NeRF 

(Deep-Speech) 
RAD-NeRF 
(HuBERT) 

RAD-NeRF  
(Wav2vec) 

RAD-NeRF  
(Whisper) 

     

     

     

     

     

     

Figure 5. Quality comparison: Examples of visualizations of RAD-NeRF [32] under the self-driven
setting, based on two frames extracted from each video illustrating typical challenges. Yellow
boxes highlight areas of noisy image quality, while red boxes indicate regions with inaccurate
lip synchronization.
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ER-NeRF and RAD-NeRF demonstrate varying degrees of fidelity across the AFEs,
particularly in achieving accurate lip-sync with the audio input. Generally, Whisper
achieves the closest approximation to ground truth across both ER-NeRF and RAD-NeRF,
exhibiting strong performance in synchronizing lip movements with audio, especially
during pronounced lip articulations, such as the wide-open mouth movements observed
when pronouncing sounds like “wa.” This precise alignment enhances the realism of the
output, particularly in sequences requiring dynamic mouth shapes.

Ground Truth 
ER-NeRF  

(Deep-Speech) 
ER-NeRF 
(HuBERT) 

ER-NeRF  
(Wav2vec) 

ER-NeRF  
(Whisper) 

     

     

     

     

     

     

Figure 6. Quality comparison: Examples of visualizations of ER-NeRF [34] methods under the
self-driven setting, based on two frames extracted from each video illustrating typical challenges.
Yellow boxes highlight areas of noisy image quality, while red boxes indicate regions with inaccurate
lip synchronization.

Wav2vec and HuBERT provide reasonable approximations but show slight misalign-
ments in lip-sync. Deep-Speech, while effective, displays the greatest variance from ground
truth, with notable lip-sync discrepancies, indicating less robust performance in these
NeRF-based reconstructions.
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4.4. System Responsiveness Analysis

Table 3 outlines the execution times per component, with the Listening component
excluded due to its dependence on user input duration. The analysis is segmented into
raw execution time and the percentage contribution of each stage to the overall system
latency, providing a granular view of where time is consumed in the process of generating
the interactive avatar’s responses.

Table 3. Execution time analysis of each component in the system architecture as depicted in Figure 1.
AA Tokens: number of tokens in the avatar’s answer. AA Duration (s): length of the avatar’s answer
in seconds.

AA Tokens AA Duration (s) STT Language TTS AFE Frame Rendering Audio Overlay SUM

1 0.41 Exe. Time (s) 0.06 0.80 0.22 0.29 4.05 0.14 5.56
% of Total 1.08% 14.39% 3.96% 5.22% 72.84% 2.52% 100%

8 1.69 Exe. Time (s) 0.07 0.96 0.33 0.28 4.75 0.16 6.55
% of Total 1.07% 14.66% 5.04% 4.27% 72.52% 2.44% 100%

14 3.63 Exe. Time (s) 0.07 2.45 0.44 0.28 5.45 0.14 8.83
% of Total 0.79% 27.74% 4.98% 3.17% 61.71% 1.59% 100%

21 5.08 Exe. Time (s) 0.1 2.27 0.44 0.28 5.88 0.17 9.14
% of Total 1.09% 24.83% 4.81% 3.06% 64.36% 1.86% 100%

30 6.55 Exe. Time (s) 0.06 2.76 0.49 0.27 6.58 0.15 10.31
% of Total 0.58% 26.77% 4.75% 2.62% 63.84% 1.45% 100%

39 9.55 Exe. Time (s) 0.09 1.95 0.78 0.28 7.52 0.18 10.8
% of Total 0.83% 18.06% 7.22% 2.59% 69.63% 1.67% 100%

50 12.16 Exe. Time (s) 0.07 2.08 0.55 0.28 8.65 0.18 11.81
% of Total 0.59% 17.61% 4.66% 2.37% 73.24% 1.52% 100%

To evaluate the system’s responsiveness, we test various lengths of avatar answers.
This approach allows us to assess how the system handles different interaction complexities,
ranging from brief exchanges like “Hi” and “I’m OK” to more extended dialogues, such as

“Um... at Jenny’s house, we play a lot. It’s nice there... but, well, I don’t really like talking about the
pool. It wasn’t very fun last time”. The results indicate that while the overall system performs
efficiently, the frame rendering stages are identified as the most time-consuming, due to the
computational demands of generating high-quality, real-time visual output that matches
the synchronized audio input.

Conversely, the integration of the Whisper model as the AFE component proves to
be much faster than the conventional AFE models. Whisper’s improved processing speed
has substantially reduced the time required to extract and synchronize audio features,
contributing to a faster overall system performance.

The execution times presented in Table 3 indicate delays significantly beyond the
commonly recommended thresholds for interactive systems, typically under 100 ms [52,53].
However, our project does not fall into the category of high-speed interaction tasks. Given
the sensitive and often emotionally charged nature of the scenarios—such as simulating a
child avatar discussing distressing topics—longer response times might even be perceived
as reflective of the avatar’s emotional state, enhancing realism [9]. To better understand the
impact of these delays on user experience and engagement, conducting a user-centered
study is essential. This will allow us to evaluate whether the observed response times align
with the expectations and needs of users in this specific context.

5. Discussion and Future Work
The AFE execution time plays a critical role in the performance of interactive avatar

systems. Whisper’s ability to reduce latency by up to 90% compared to alternative models
is a decisive factor in its selection. To ensure that this acceleration does not compromise
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rendering quality or synchronization, a thorough evaluation of image quality metrics is
conducted. While these metrics are secondary to the execution time, the results confirm that
Whisper’s integration preserves the system’s visual and functional integrity and, in some
cases, even enhances it. Whisper’s streamlined architecture significantly reduces system
latency compared to resource-intensive models like Deep-Speech [18], which slow down as
the audio duration increases. This reduction in processing latency is especially important
for real-time applications, where delays can disrupt user engagement. By enabling faster
responses, Whisper facilitates smoother interactions in applications like interactive avatars,
thereby enhancing both user experience and system reliability [9].

However, despite Whisper’s efficiency, the overall system still experiences latency
due to other computationally intensive components, such as frame rendering. This issue
becomes more pronounced when changes in hardware specifications significantly affect the
frame rendering time of talking-head generation models. Addressing these bottlenecks and
further exploring system scalability across diverse hardware configurations are essential
steps toward improving real-world applicability and robustness.

Future work could focus on optimizing frame rendering by incorporating lightweight
techniques such as Gaussian Splatting [29], which are well suited for real-time applications.
These methods could reduce the computational overhead while maintaining high-quality
output, addressing bottlenecks and increasing the system’s scalability and responsiveness
across diverse hardware configurations. This aligns with GSTalker’s demonstration of the
Gaussian Splatting’s efficiency in fast training and real-time rendering [30].

Additionally, we can utilize advanced solutions like NVIDIA’s Avatar Cloud Engine
(ACE) (https://developer.nvidia.com/ace, accessed on 20 January 2025), a suite of tech-
nologies that combines generative AI and hardware acceleration specifically for creating
realistic digital humans. By leveraging tools like ACE, which use powerful NVIDIA GPUs
to accelerate processes like speech recognition, natural language processing, and real-time
facial animation, system responsiveness can be further improved.

Moreover, although Whisper has demonstrated significant advantages in two real-
time talking-head synthesis models, its adoption should not be presumed universally
effective across all models or contexts. Each talking-head generation model leverages
unique strategies and architectures tailored to specific applications, which may necessitate
alternative feature extraction approaches. The diversity in model designs underscores
the importance of contextual considerations when selecting feature extraction methods.
Nevertheless, Whisper’s robust real-time capabilities suggest potential for future integra-
tion as a preprocessing step in emerging systems, particularly those prioritizing real-time
performance. Such integration could streamline audio processing pipelines, enhancing
efficiency without compromising synchronization or quality. This outlook provides a
promising direction for optimizing real-time systems while acknowledging the necessity
for model-specific customization.

Another limitation of the current work is the absence of a robust framework for han-
dling errors or implementing fallback mechanisms across the modular pipeline components.
In modular systems, individual component failures can propagate through the pipeline, po-
tentially compromising both system reliability and real-time performance. To address these
challenges, future research should prioritize the development of dynamic error detection
and mitigation strategies.

Furthermore, conducting broader user studies with professionals in the field could
provide a deeper understanding of the system’s impact on practical outcomes, such as
user training and engagement. Expanding this research to include real-world evalua-
tions with subjective user feedback will offer valuable insights into perceived realism,
usability, and overall user satisfaction. Incorporating user-centric metrics will provide
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a more comprehensive view of the system’s effectiveness in high-engagement applica-
tions, such as investigative interview training. Through these advancements, AI-driven
avatars may achieve greater utility and realism, enhancing their role as effective tools in
training applications.

Ethical Considerations

In integrating AI technologies, such as deepfake-powered avatars, into sensitive do-
mains like CPS, ethical considerations are paramount. Deepfake technology [54], while
advancing digital realism, raises significant ethical concerns. Misuse could lead to the
creation of nonconsensual or harmful content, infringing on privacy, consent, and psycho-
logical safety [55]. In CPS training, the misuse of AI avatars may manifest in inappropriate
or unprofessional interactions, such as engaging avatars in casual or sexualized dialogues.
Such behaviors compromise the seriousness of the educational context, disrespect the
simulated victims, and violate professional ethics.

To mitigate these risks, stringent ethical oversight is necessary. This includes the
implementation of privacy-preserving frameworks, content ownership protection for gen-
erative models, and robust guidelines on acceptable avatar interactions [56]. For example,
CPS workers should engage with avatars solely for training purposes, adhering strictly to
professional and ethical boundaries.

Despite these challenges, AI avatars offer unique opportunities for societal good. They
provide CPS workers with realistic, interactive training tools that avoid involving real
children, thus eliminating ethical dilemmas and ensuring victim privacy. Additionally, they
can anonymize sensitive victim data, preserving dignity and confidentiality. To balance
the benefits and risks, a multidisciplinary approach is important. Collaboration among
technologists, legal experts, child protection professionals, and ethicists can ensure AI
technologies are leveraged responsibly. Developing robust detection systems to identify
misuse, alongside legal frameworks to regulate the deployment of such technology, is
essential for protecting vulnerable populations.

6. Conclusions
This study addressed the latency challenges associated with AFE, which has hindered

the practical deployment of real-time talking portrait systems in real-world applications.
By integrating the Whisper model—a high-performance ASR system—into our framework,
we achieved notable reductions in processing delays. These optimizations not only in-
creased the overall responsiveness of the interactive avatars but also improved the accuracy
of lip-syncing, making them more applicable for immersive training applications.

Our findings affirm Whisper’s capability to meet real-time demands, particularly
in applications requiring responsive interactions and minimal delay. This efficiency is
important for training environments such as CPS, where timely and realistic interactions
can greatly impact training efficacy. By achieving these improvements, Whisper-integrated
systems emerge as promising solutions for a variety of real-time applications, including
virtual assistants, remote education, and digital customer service platforms.
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Abstract
Dynamic facial emotion is essential for believable AI-generated
avatars; however, most systems remain visually inert, limiting
their utility in simulations such as virtual training for
investigative interviews with abused children. We introduce
and evaluate a real-time architecture fusing Unreal Engine 5
MetaHuman rendering with NVIDIA Omniverse Audio2Face to
translate vocal prosody into high-fidelity facial expressions on
photorealistic child avatars. Due to limitations in synthetic voice
options, both avatars were voiced using a young adult female
TTS model, selected from two different systems in an attempt
to better match each character. This compromise introduces
a confounding factor. Voice-age mismatches and prosodic or
emotional differences may disrupt audiovisual alignment. We
implemented a two-PC setup decoupling language and speech
synthesis from GPU-intensive rendering, designed to support
low-latency interaction in desktop and VR environments. A
between-subjects study (N = 70) using audio+visual and visual-
only conditions assessed perceptual impacts as participants
rated emotional clarity, facial realism, and empathy for two
avatars expressing joy, sadness, and anger.

Our results show that while avatars could express emotions
recognizably, particularly sadness and joy, recognition of anger
dropped markedly without audio, highlighting the role of vocal
cues in conveying high-arousal states. Interestingly, silencing
the clips improved perceived realism by removing mismatches
between facial animation and voice, especially where age or
emotional tone were incongruent. These findings highlight
that perceived believability hinges on the interplay between
audiovisual congruence and facial geometry: a mismatched
voice can undermine even well-crafted expressions, while a
congruent one can enhance weaker visuals. This trade-
off presents an ongoing challenge for designing emotionally
coherent avatars in sensitive training contexts.

Keywords: Human-Computer Interaction; Interactive Avatars;
Emotionally Expressive Avatars; Perceived Realism, Unreal
Engine MetaHuman; NVIDIA Audio2Face

Introduction
AI-generated avatars are rapidly becoming integral compo-
nents of digital interaction across diverse domains, with
applications spanning virtual, augmented, and mixed reality
(VR/AR/XR) platforms, virtual telepresence, embodied
digital assistants, e-commerce, entertainment, education,
and potential therapeutic interventions. The efficacy and
adoption of these avatars critically depend on their per-
ceived believability and their capacity to engage users in
naturalistic interactions. For an avatar to "feel alive" and
effectively bridge the human-computer interaction gap, it
must convincingly replicate key facets of human social
signaling [1]. Among these, the dynamic expression of
facial emotions stands out as particularly vital. Facial
expressions serve as a primary, often subconscious, chan-
nel for non-verbal communication, conveying a wealth
of affective information that shapes interpersonal under-
standing, relationship dynamics, and the interpretation
of intent [2]. Consequently, an avatar’s ability to display
appropriate, recognizable, and dynamically evolving facial
emotions is paramount for creating engaging, trustworthy,
and effective virtual agents. This paper investigates the
technical feasibility of creating such avatars and evaluates
their perceptual impact, particularly in training scenarios.

perceived believability hinges on the interplay between
audiovisual congruence and facial geometry

While the importance of such affective realism is broadly
recognized, its consistent and effective implementation is
foundational and challenging in high-stakes domains. One
such domain is simulation-based training for professionals
who conduct forensic interviews with children, often
concerning experiences of abuse or trauma. In this
context, previous virtual-child systems have primarily
focused on dialogue flow and question typology. However,
empirical evaluations have repeatedly highlighted two
significant shortcomings [4]: firstly, the avatars themselves
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Figure 1: Example frames from the two avatars used in the user study: "Emory" and "Amelia". The top row presents
their neutral facial expressions, while the bottom row illustrates expressions of joy (left), sadness (middle), and anger
(right). High-resolution videos of all expressions are available in the project’s GitHub repository [3].

are frequently emotionally inert, their faces remaining
neutral regardless of the conversational context, thereby
offering no micro-expressions that might signal anxiety,
relief, or distress. Secondly, practitioners often find
the overall visual fidelity of these avatars inadequate,
with subtle inconsistencies in proportions, shading, or
motion disrupting immersion and undermining trust
in the simulation. Collectively, these deficits impede
core learning objectives; interviewers are unable to
accurately judge whether a question soothes or unsettles
the virtual child, cannot adequately fine-tune their
empathic responses, and consequently struggle to transfer
refined interviewing skills to live cases where non-verbal
cues are indispensable. Furthermore, the capacity to
render these digital characters in real time is essential
for such interactive applications, facilitating immediate
responsiveness and a heightened sense of presence.

Addressing these limitations requires a focused research
endeavor into developing AI avatar systems capable of rich,
dynamic facial emotion expression with real-time respon-
siveness. This research directly tackles this objective by
introducing and assessing a novel, distributed architecture
engineered for high-fidelity emotional expressiveness. This
system represents a significant advancement by integrating
the sophisticated rendering capabilities of Unreal Engine 5
(UE5) MetaHuman software [5] with the intelligent, audio-
driven facial animation provided by NVIDIA’s Omniverse
Audio2Face [6]. The system’s distributed architecture

employs two synchronized computational nodes to effec-
tively balance processing demands by decoupling language
understanding and speech generation from GPU-intensive
rendering, thereby enabling low-latency interaction. Fig-
ure 1 displays representative screenshots of the two pho-
torealistic MetaHuman avatars, "Amelia" and "Emory,"
utilized in this study.

In summary, this study offers the following contributions:

• Development of a modular, real-time pipeline inte-
grating Unreal Engine MetaHuman and NVIDIA Au-
dio2Face to generate emotionally expressive child
avatars for interactive applications.

• Empirical investigation (N = 70) comparing au-
dio+visual and visual-only conditions, revealing how
mismatched modalities can reduce perceived realism,
and in some cases, visual-only presentations may be
preferred.

• Identification of a perceptual asymmetry across
emotional arousal levels: while low-arousal emotions
(e.g., sadness, joy) were recognizable from facial cues
alone, high-arousal emotions (e.g., anger) were more
dependent on audiovisual congruence.

• Observation that avatar facial morphology (e.g.,
soft vs. angular features) influences emotion
interpretation, suggesting the need for morphology-
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emotion alignment in sensitive contexts such as
empathy training.

• Extraction of practical design lessons from participant
feedback, including the impact of audiovisual desyn-
chrony, the trade-off between expression clarity and
naturalism, and the importance of age-appropriate
voice synthesis.

Related Work
The pursuit of emotionally expressive AI avatars lies at
the confluence of affective computing, human-computer
interaction (HCI), and advancements in multimodal sys-
tems, all striving to endow machines with a semblance
of human emotional intelligence [7, 8, 9, 10]. While
foundational work in affective computing centered on the
detection and modeling of emotional cues, the emphasis
has progressively shifted towards the dynamic and adap-
tive expression of these emotions in avatars to foster user
engagement and perceived believability. This aligns with
broader HCI principles where anthropomorphism in digital
agents consistently correlates with enhanced user engage-
ment, perceived credibility, and overall satisfaction [11, 12,
13, 14]. The significance of expressive capabilities is under-
scored by research in applied domains like virtual therapy
and education, where emotionally inert or insufficiently ex-
pressive avatars can lead to misunderstandings, diminished
rapport, and ultimately, reduced system effectiveness [15,
16, 17, 18].

This need for dynamic emotional expressiveness becomes
particularly acute in high-stakes interaction scenarios, such
as the virtual training environments for child forensic
interviews. In these contexts, an avatar’s ability to
display contextually appropriate and recognizable emotions
can profoundly influence user perception and training
outcomes. However, existing virtual-child systems tailored
for such training have predominantly concentrated on
dialogue management and question typologies. Empirical
evaluations of these systems have consistently identified
critical shortcomings: specifically, avatars often lack
dynamic facial affect, remaining emotionally static,
and their overall visual fidelity is frequently judged
as inadequate [4]. These deficiencies impair training
efficacy, as trainees cannot accurately gauge a child’s
non-verbal reactions to their questioning or refine their
empathic responses, which are skills paramount in real-
world interviews.

The technological evolution towards more expressive
avatars has been considerable. Initial efforts often
involved 2D video-based avatars that, while capable of
displaying emotions, tended to produce rigid outputs
through direct mappings from input signals [19, 20,
21]. The advent of 3D parametric models, such
as FLAME [22], offered more granular control over
facial geometry and pose. Subsequently, sophisticated
speech-driven animation systems like EMOTE [23] and
EmoTalk [24] have emerged, aiming to disentangle and

map speech content and prosody to facial expressions.
However, as these systems push the boundaries of
realism, they often encounter challenges in achieving both
high-fidelity emotional rendering and the stringent real-
time performance demanded by interactive, immersive
simulations. Many existing solutions struggle to seamlessly
integrate state-of-the-art rendering quality with low-
latency, audio-driven emotional animation, particularly for
photorealistic child avatars where subtlety and believability
are crucial.

Collectively, the literature highlights a persistent gap:
the need for AI avatar systems that not only generate rich
and dynamic facial emotions but do so with high visual
fidelity and in real-time, especially for demanding applica-
tions like child interview simulations. While advancements
in speech-driven animation and realistic rendering are no-
table, their integration into a cohesive, responsive system
that meets these multifaceted requirements remains a
significant hurdle. Our research directly confronts this
challenge by proposing and evaluating a novel, distributed
architecture. This system uniquely fuses the high-fidelity
rendering capabilities of Unreal Engine 5’s MetaHuman
with NVIDIA Omniverse Audio2Face for real-time, prosody-
driven facial emotion on photorealistic child avatars. By
decoupling language processing and speech generation
from GPU-intensive rendering via a two-PC setup, our
approach is specifically designed to achieve the low-latency
interaction essential for effective and immersive training
simulations.

Methodology
System Design and Implementation
To overcome the limitations of previous systems [4]
for emotional expression in AI avatars, this research
introduces a novel architecture that integrates Unreal
Engine 5 Metahuman [5] for high-fidelity facial rendering
with NVIDIA’s Omniverse Audio2Face [6] for generating
emotionally expressive facial animations from audio input.
The source code and implementation details for the system
described in this study are publicly available [3]. Below,
we provide a brief overview of these two core platforms:

• Unreal Engine 5 MetaHuman integrates advanced
real-time graphics technologies such as Nanite
geometry, the Lumen lighting system, and optimized
post-processing to deliver film-quality visuals without
compromising interactivity [25, 26]. Using the
MetaHuman Creator, researchers can import head
scans or digital sculpts and generate fully rigged
characters that are customizable in every anatomical
detail and exportable at multiple levels of detail (LOD)
for deployment across platforms ranging from mobile
devices to virtual reality.

The system includes a preconfigured facial rig built
on UE5’s Control Rig, which offers hundreds of
easily retargetable controls. This allows expressions
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Figure 2: Architecture for real-time emotionally expressive child avatars. PC1 processes speech input (Google Cloud
STT), generates a text response via a large language model (LLM), and synthesizes speech using Amazon Polly TTS. The
resulting audio is analyzed by NVIDIA Audio2Face to extract emotional parameters for facial animation. PC2 renders a
customizable Metahuman avatar (Unreal Engine) driven by this emotional data in real time. Synchronization is achieved
using the Live Link plugin, and the system supports deployment in both desktop and VR environments.

to be driven by live capture, audio input, or
keyframe animation. To achieve photorealistic
skin, which is essential for avoiding the uncanny
valley, MetaHuman incorporates subsurface scattering
(SSS) [27], a rendering method that simulates the
way light penetrates and diffuses through real skin.
Additional realism is provided through groom-based
hair and physically accurate materials. Together,
these features enable a fast end-to-end pipeline
for producing responsive and emotionally expressive
avatars designed for AI-driven training scenarios
involving child interactions.

• NVIDIA Omniverse Audio2Face is the core compo-
nent responsible for generating lifelike facial anima-
tions in response to audio input. This generative AI
tool analyzes speech to automatically produce syn-
chronized lip movements and expressive facial anima-
tions in real time, thereby enhancing the emotional
realism of virtual characters. It includes an intuitive
character retargeting pipeline that enables users to
apply animations to custom 3D characters, includ-
ing seamless integration with Unreal Engine MetaHu-
mans.

The system provides a Blendshape Generation widget
that converts audio into facial expressions using
templates such as NV 46 Pose or ARKit 51

Pose. Although the tool primarily supports full-
face animation, it can also transfer movements to
individual facial features such as the eyes, jaw, and
tongue.

A key advantage of Audio2Face is its real-time
performance, which makes it particularly well-suited
for interactive applications including virtual reality,
digital assistants, and serious games. It also
supports traditional animation workflows via live
playback or baked outputs. Additional features include
multilingual input support, simultaneous animation
of multiple characters, and manual adjustment of
emotion intensity using facial action unit (FAU)
controls. The interface also allows users to fine-
tune automatic emotion extraction from audio using
settings such as emotion detection range, strength,
contrast, smoothing, and the number of concurrently
active emotions. These capabilities enable fine-
grained, context-aware emotional expression, which
is especially important in sensitive domains such as
child interview simulations.

In this study, the “exaggerated” mode in Audio2Face
was used to enhance the clarity and distinctiveness of
facial expressions in short-duration clips, facilitating
consistent emotion recognition among participants.
This setting was chosen based on preliminary
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observations during development, as the standard
and automatic modes often produced expressions that
were too subtle to be reliably perceived within the
limited duration of the stimuli.

The proposed architecture, illustrated in Figure 2,
enables real-time interactivity through the coordinated
operation of two synchronized computational nodes. PC1
handles all speech and language processing. The user’s
spoken input is first transcribed using the Google Cloud
Speech-to-Text (STT) engine [28], which leverages
advanced models such as Google’s foundation model
Chirp to provide high accuracy across diverse accents
and acoustic environments, with support for multilingual
input. The resulting transcription is processed by OpenAI’s
ChatGPT Large Language Model (LLM) [29], which
generates a context-appropriate textual response. This
response is then synthesized into speech using Amazon
Polly’s Text-to-Speech (TTS) system [30], which offers
lifelike multilingual voices and allows customization of
intonation, pronunciation, and speaking style.

In parallel, NVIDIA Audio2Face analyzes the prosodic
and spectral features of the synthesized speech [31].
It extracts frame-level emotional parameters, such as
indicators of joy, fear, or sadness, based on vocal
characteristics. These parameters are typically represented
as blendshape weights or facial action unit (FAU)
activations and are transmitted via Wi-Fi to PC2, the
rendering node.

PC2 is responsible for avatar rendering and real-time
facial animation. It runs Unreal Engine 5’s Metahuman
framework, which produces high-fidelity child avatars
with anatomically accurate facial rigs. The emotional
parameters received from PC1 are used to drive the
avatar’s expressions in real time by mapping the blendshape
weights or FAU activations to the MetaHuman Control
Rig via the Live Link plugin [32]. This ensures low-
latency synchronization between facial animation and the
synthesized voice.

This distributed system design separates the computa-
tionally intensive processes of natural language understand-
ing and speech generation from the demanding task of
real-time, high-resolution avatar rendering. While this ar-
chitecture is designed for responsiveness, potential sources
of audiovisual desynchrony can still arise from factors such
as network latency or processing delays within either com-
putational node. Nevertheless, this separation enables the
system to maintain both overall responsiveness and visual
realism, supporting immersive and emotionally expressive
interactions in applications such as child interview training.

User Study
To examine the feasibility of incorporating emotional
expressiveness into AI-driven avatars through dynamic
facial emotion expression and to assess its perceptual
impact, we conducted a user study focused on three
key dimensions: emotional clarity, facial realism, and

empathic connection. These dimensions were chosen
as they are key indicators of avatar believability and
effectiveness in interactive simulations. Two photorealistic
MetaHuman avatars, named Emory and Amelia, were
used to assess perceived emotional expressiveness under
different conditions. Representative screenshots of the
avatars are shown in Figure 1.

The study followed a between-subjects design with two
experimental conditions: one condition included both voice
and facial expression (audio+visual condition), while the
other featured facial expression only (visual-only condition).
This design was informed by prior findings suggesting
that audio and visual modalities contribute differently to
emotion perception, specifically that audio cues are more
salient for detecting changes in emotional arousal, while
visual cues are more informative for identifying emotional
valence [33].

A total of 77 participants were initially recruited via
the Prolific platform. Although initial eligibility was
filtered using Prolific’s pre-screening tools (e.g., age,
language fluency, and device requirements), an additional
quality control step was applied during data cleaning.
Based on clearly invalid or inconsistent responses (e.g.,
repeated ratings across stimuli or contradictory answers),
7 participants were excluded from further analysis. The
final sample included 70 participants whose responses
met the criteria for attentiveness and internal consistency.
Participants were randomly assigned to one of two
experimental conditions (N = 35 per condition) using
Prolific’s built-in randomization tool. To minimize
order effects, we manually randomized the sequence of
avatar stimuli within each condition, varying both avatar
identity and emotional expression. All participants in a
given condition viewed the same randomized stimulus
order. The sample exhibited diversity in gender, age,
academic/professional background, and familiarity with
virtual environments.

The participant pool (N = 70) was evenly distributed
by gender, comprising 35 women (50.0%) and 35 men
(50.0%). The predominant age group was 25–34
years (40 participants, 57.1%), followed by 35–44 years
(16 participants, 22.9%). Smaller segments included
participants aged 18–24 years (10 participants, 14.3%)
and 45–54 years (4 participants, 5.7%). The academic and
professional backgrounds of the participants were highly
varied, with numerous unique responses.

Regarding familiarity with virtual environments and
avatars, a significant portion of participants reported
interacting "Occasionally" (32 participants, 45.7%).
Other interaction frequencies included "Rarely" (15
participants, 21.4%), "Frequently" (12 participants,
17.1%), and "Very frequently" (9 participants, 12.9%). A
small fraction (2 participants, 2.9%) reported "Never"
interacting with avatars. This demographic profile
indicates a sample primarily composed of young to middle-
aged adults from diverse professional domains, possessing
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a general, though not necessarily expert-level, familiarity
with avatar interactions.

Participants viewed a series of six high-definition video
clips, the presentation order of which was counterbalanced
to avoid order effects. In these clips, the avatars expressed
three emotional states: sadness, anger, and joy (see
Figure 3). These specific emotions were selected as
they represent a range of valence and arousal levels
and are relevant emotions that children might express in
sensitive interview contexts. In the audio+visual condition,
speech was synthesized using two different TTS systems:
OpenAI’s TTS1 for the Emory avatar and NaturalReaders2

for the Amelia avatar. We evaluated several available text-
to-speech options and selected these two voices based
on their perceived suitability, as judged by two of the
researchers. Although child-like voices were technically
available, a young adult female voice was ultimately
preferred for both avatars due to its better perceptual
match with the visual and emotional characteristics of the
characters. This choice was supported by findings from
our prior studies [34], which showed that female voices
can be effectively used to represent child characters in
training scenarios, regardless of gender. Additionally, we
found the child-like voices to be overly juvenile in tone
and pitch, which created a mismatch with the avatars’
appearance and demeanor, both of which were designed
to resemble pre-teens or young adolescents rather than
very young children.

The six video clips were generated using the described
system architecture. For the audio+visual condition,
the scripts were synthesized into audio, and this audio
was processed by NVIDIA Audio2Face to generate facial
animation data. This animation data was then applied to
the MetaHuman avatars in Unreal Engine 5 and rendered
into video clips. For the visual-only condition, the same
facial animation data was applied to the avatars and
rendered into video clips without the synthesized audio
track.

To manage participant expectations and establish a
perceptual anchor, we began with a deliberately low-
fidelity stimulus, following evidence that anchoring effects
require the presence of both semantic and numerical
cues [35]. The inclusion of this initial low-fidelity stimulus
was intended to provide a baseline or reference point for
participants, potentially making their subsequent ratings
of the higher-fidelity main stimuli more calibrated and less
susceptible to being skewed by initial unfamiliarity or overly
high expectations for avatar realism. An example frame
from this anchoring stimulus is shown in Figure 4. By
first exposing them to a clearly less sophisticated avatar,
we aimed to help participants better contextualize and
evaluate the nuances of the emotionally expressive avatars
that formed the core of the study.

After viewing the main stimuli, participants completed a

1https://ttsopenai.com/
2https://www.naturalreaders.com/

questionnaire comprising three main sections (see Table 1).
items were rated on a five-point Likert scale. Emotion
recognition and perceived facial realism were assessed
for each individual video, while perceived realism across
different contributing aspects (e.g., facial expressions,
voice tone) and overall empathy toward the avatars were
measured in a final, post-video section of the questionnaire.
The final section included an open-ended question inviting
participants to reflect on what stood out most about the
avatars.

Ethical Considerations
This study involved the evaluation of emotional expressive-
ness in synthetic avatars by adult participants via anony-
mous online surveys. All visual and auditory stimuli were
fully computer-generated and did not include any real in-
dividuals or personal data. This study did not require
formal ethical approval, as it involved no interaction with
vulnerable groups, no collection of sensitive personal data,
and no deception. Participants were recruited through the
Prolific platform and were informed about the nature and
duration of the study prior to participation. No formal
consent form was presented beyond Prolific’s standard
participation agreement. While the study featured sim-
ulated emotional expressions (e.g., sadness and anger)
in photorealistic child avatars, no content warnings were
provided prior to exposure. Some participants reported
feeling uncomfortable or uneasy, particularly in response
to expressions of sadness or anger. This is noted as a
potential ethical consideration. Future implementations
should consider including content advisories to reduce the
risk of discomfort for sensitive viewers.

Results and Analysis
To comprehensively assess how participants interpreted
the emotional expressions of the avatars, we conducted
both quantitative and qualitative analyses.

Quantitative Analysis
The quantitative analysis in this study focused on how
participants perceived and interpreted the emotional
expressions of AI-generated child avatars across different
experimental conditions. Specifically, we examined three
main response categories:

1. Emotion recognition, defined as how accurately par-
ticipants identified the intended emotional expression
(anger, sadness, joy) after each video,

2. Perceived facial expression realism, referring to the
extent to which facial animations appeared realistic
in each video, and

3. Perceived realism across contributing aspects
(e.g., facial expressions, visual appearance, voice
tone, dialogue content), along with the empathic
connection participants felt toward the avatars,
assessed in a post-exposure questionnaire.
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Sadness "I thought today would be different... but it wasn’t. No one talked to me at school. I just sat
alone. . . again. I don’t know why they don’t like me. Maybe I’m just not good enough."

Anger "It’s not fair! I told them it wasn’t my fault, but no one listened. They just blamed me like
always! I’m so tired of this. I try to do the right thing, but it never matters!"

Joy "Today was amazing! My teacher said I did a great job on my homework, and my friends invited
me to play during lunch. Everything just felt really good ... like things are finally going my way!"

Figure 3: Scripted utterances used for emotional avatar expressions in the user study.

Table 1: Structure and content of the user study questionnaire, including measures of perceived realism, emotional
expressiveness, and overall impressions. The full questionnaire is available in the project’s GitHub repository [3].

Section Question Type Content

Emotion Recognition Likert scale
Extent to which the avatar expressed: Anger, Sadness,
Joy, Fear, Disgust

Facial Realism Likert scale Realism of facial expressions in each video

Realism Contributors Likert scale

Contribution of each factor to perceived realism:
- Facial expressions
- Visual appearance
- Voice tone*
- Dialogue content*

Empathy/Connection Likert scale
Emotional connection or empathy felt toward the
avatars overall

Open-ended Reflection Free text
One sentence describing what stood out most about
the avatars

Demographics Multiple choice
Gender, age group, academic/professional background,
frequency of avatar interaction

* Voice tone and dialogue content were excluded from the visual-only condition.

Figure 4: Low-fidelity anchoring stimulus used at the
beginning of the user study to calibrate participants’
expectations regarding avatar realism.

We first computed descriptive statistics (mean and
standard deviation) for each category. To assess effects
of condition, avatar identity, and emotion scenario on
these outcomes, we employed cumulative link mixed-
effects models (CLMMs) using the ordinal package in
R. These models incorporated fixed effects for Condition
(audio+visual vs. visual-only), Avatar (Amelia vs. Emory),
and Scenario (anger, sadness, joy), along with their
interaction terms. Random intercepts were included
for participants and, where applicable, for emotion or
video stimuli, to account for within-subject and item-level
variability. Model fitting was performed using a logit link
and adaptive Gauss–Hermite quadrature (nAGQ = 10) to
ensure robust convergence and estimation accuracy.

Before examining each response category in detail,
we begin by validating the robustness and goodness-
of-fit of our statistical models. The results are then
presented across the following dimensions: emotion
recognition, perceived facial realism, and perceived
realism/empathy. For completeness and cross-method
validation, supplementary t-test analyses are reported in
Appendix Table 8 and Table 9.
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Figure 5: Mean ratings (M ± SD) of emotional expressiveness across five emotions (Angry, Sad, Joy, Fear, Disgust) for
the avatars Emory and Amelia, under both audio+visual and visual-only conditions. Bars represent group means; values
next to each bar report the mean and standard deviation, while horizontal error bars indicate 95% confidence intervals (CI).
Each video clip is labeled on the left, with color-coded bars distinguishing the experimental conditions. Green-highlighted
boxes indicate target emotions critical for the study’s recognition task.
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Statistical Validation and Model Robustness

To evaluate the reliability and robustness of the statistical
modeling framework, we performed an extensive set
of diagnostic procedures, model comparisons, and fit
assessments across all three primary response categories.
These included emotion recognition, perceived facial
realism, and post-exposure ratings of realism contributors
and empathic engagement.

For the emotion recognition analysis, model selection
was guided by information-theoretic criteria, specifically
the Akaike Information Criterion (AIC) and the Bayesian
Information Criterion (BIC), along with likelihood ratio
tests (LRTs) to assess violations of the proportional-odds
(PO) assumption. As shown in Table 2, relaxing the
Proportional Odds (PO) constraint significantly improved
model fit (p < 0.001), justifying the use of more flexible
specifications in the CLMMs. To ensure sufficient power,
an a priori simulation-based power analysis was conducted,
confirming that a sample size of N = 70 was adequate to
detect medium-sized effects with a power of at least 0.80.

Similarly, Table 3 summarizes model comparisons for
perceived facial expression realism. Again, significant
improvements were observed when PO constraints were
relaxed (e.g., LRT = 33.35, df = 15, p = 0.004), indicating
that ordinal responses were not evenly distributed across
thresholds. The best-performing CLMMs, detailed in
Table 4, achieved a conditional R2 of 0.640, which
indicates strong explanatory power when both fixed and
random effects were considered. The marginal R2 of
0.099 reflects the variance attributable to fixed effects
alone. Residual diagnostics revealed an RMSE of 3.176
and residual standard deviation (σ = 3.238), confirming
acceptable levels of predictive error and model stability.

In addition to these analyses, we assessed model
robustness for the third response category, which included
perceived realism across contributing aspects (e.g., facial
expressions, visual appearance, voice tone, dialogue
content) and overall empathy toward the avatars. Internal
consistency for the multi-item realism contributors scale
was found to be marginal, with a Cronbach’s alpha
of α = 0.652, suggesting moderate internal reliability.
Furthermore, a logistic regression model predicting
empathy responses yielded a Nagelkerke R2 of just 0.011,
indicating minimal variance explained. These findings
suggest high individual variability and underscore the
challenge of modeling subjective constructs like empathic
connection using fixed predictors alone.

Across all three domains, model coefficients were
exponentiated to derive interpretable odds ratios (OR) and
visualized using forest plots. Where applicable, multiple
comparisons were corrected using Holm’s method. To
contextualize statistical findings, open-ended responses
were triangulated with quantitative patterns, particularly
regarding visual fidelity, emotional clarity, and audiovisual
congruence. These effects were especially pronounced in

high-arousal conditions, such as anger, where audiovisual
alignment proved critical for accurate emotion recognition.

Taken together, these results validate the overall
modeling approach and underscore its suitability for
capturing the complex interplay between avatar design,
experimental conditions, and emotional perception. The
convergence of statistical rigor, diagnostic confirmation,
and qualitative insight provides a robust foundation for
interpreting user responses to emotionally expressive virtual
avatars.

Table 2: Model comparison for emotion recognition
accuracy. Relaxing the PO assumption significantly
improved model fit, as confirmed by the likelihood ratio
test (p < .001).

Df logLik AIC LRT Pr(>Chisq) no.par
6 -2521.47 5076.95 30.57 0.00 17

Table 3: Model comparison for perceived facial expression
realism. Relaxing the PO assumption improved model fit
significantly across multiple model specifications.

Df logLik AIC LRT Pr(>Chi)
3.00 -382.84 937.69 9.34 0.02
6.00 -380.78 939.57 13.46 0.03
15.00 -370.84 937.69 33.34 0.004

Emotion Recognition

To initiate our analysis of emotion recognition, we
present the results of the ordinal mixed-effects model
(Table 5), supported by two key visualizations: a
forest plot illustrating the influence of model predictors
(Figure 6) and a bar graph comparing perceived emotional
expressiveness across experimental conditions and avatars
identity (Figure 5). Together, these results offer a
comprehensive overview of participants’ accuracy in
identifying the target emotions conveyed by the avatars.

Figure 5 shows that sadness and joy were recognized
with high accuracy across both conditions. Sadness
recognition remained stable for both avatars (Amelia:
M = 4.11 vs. M = 4.09; Emory: M = 3.63 vs.
M = 3.34), consistent with its strong reliance on static
visual cues such as brow depression (AU1+4) and lip-corner
droop (AU15) as defined in FACS [36].

In contrast, recognition of joy varied by avatar identity
and condition. Amelia’s joy remained consistently high,
slightly improving in the visual-only condition (M = 4.37 vs.
M = 4.20). Emory’s joy ratings, however, dropped 22%
in visual-only condition (M = 3.77 to M = 2.91). This
disparity may reflect both visual ambiguity and a potential
methodological limitation, namely the use of two different
TTS applications, which may have introduced variations
in emotional prosody, and the use of adult female voices
for both avatars, which might not have fully matched
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Table 4: Fit statistics for the best-performing CLMM in the facial realism analysis. Conditional and marginal R2 values
indicate explained variance; RMSE and σ reflect prediction error and residual variability.

AIC BIC R2_conditional R2_marginal RMSE σ

1035.65 1100.30 0.64 0.09 3.17 3.23

their child-like appearance. Emory’s voice, generated with
OpenAI’s TTS, exhibited strong emotional expressiveness,
particularly in terms of pitch variation and intensity.
However, this high affective prosody may not have been
fully matched by the corresponding facial expressions,
which might have contributed to a perceived mismatch
between voice and visuals. In contrast, Amelia’s voice,
synthesized using NaturalReaders, seemed to align more
closely with the visual and emotional tone of the avatar,
although this could also be influenced by other factors such
as facial morphology or expression timing. Nevertheless,
we cannot attribute the entire effect to the voice alone,
as the study also included visual-only conditions in which
Amelia’s avatar consistently performed better in terms of
emotion recognition and perceived realism. This suggests
that additional factors, such as facial morphology and
expression clarity, also played a substantial role. Amelia’s
advantage may be partly explained by her softer facial
features and the presence of clear Duchenne markers
(e.g., AU6+12), which enhanced visual clarity even in the
absence of audio. In contrast, Emory’s more angular facial
structure may have contributed to perceptual ambiguity,
with features such as brow tension being more easily
misinterpreted as negative affect.

Figure 6: Forest plot showing OR and 95% CI for
predictors of emotion recognition accuracy. The dashed
vertical line indicates no effect (OR = 1). Statistically
significant predictors are clearly indicated. Reference levels:
Avatar = Amelia, Condition = visual-only, Emotion =
intended.

These findings reinforce the idea that while sadness
can be conveyed effectively through visual cues alone,
accurate recognition of emotions like joy often depends on

audiovisual congruence, particularly for avatars with less
prototypical or more ambiguous facial expressions [2].

Among all emotions, anger recognition was the most
negatively affected in the visual-only condition. Ratings for
Emory fell from M = 3.83 to M = 1.43, and for Amelia
from M = 3.11 to M = 2.17. Silent anger was often
misinterpreted as sadness, reflecting the high reliance of
anger on auditory cues such as spectral roughness and
vocal intensity [37, 38]. Visual signals alone, particularly
AU4, were insufficient for conveying high-arousal affect.

Even in the audio+visual condition, Amelia’s anger
(M = 3.11) was frequently overshadowed by sadness
(M = 3.71), suggesting perceptual interference from her
softer features and higher-pitched voice. Emory’s more
angular structure and pronounced brow tension better
conveyed anger (M = 3.83 vs. M = 3.26 for sadness),
underscoring the role of morphology in affect salience. This
may have been further influenced by his highly emotive
voice, which could have reinforced the expression of anger
by providing strong auditory cues.

The statistical analysis (Table 5, Figure 6) confirmed
a significant three-way interaction among experimental
conditions (audio+visual vs. visual-only), avatar identity,
and emotion congruency (p < .001, OR = 0.212). This
finding highlights the complex and interdependent nature of
emotion recognition accuracy, suggesting that participants’
ability to correctly interpret emotional expressions was
jointly shaped by the presentation mode, the specific avatar
shown, and whether the expressed emotion aligned with
the intended target.

In addition, the model identified a highly significant main
effect for emotional incongruency. When the emotion
recognized by the participant did not match the intended
expression, the odds of accurate recognition dropped
dramatically (p < .001, OR = 0.039, 95% CI [0.024,
0.063]). This indicates that congruency between intended
and perceived emotion was a critical factor in successful
emotion interpretation.

Notably, the main effect of audio+visual condition
alone was not statistically significant (p = .437, OR =
1.310), suggesting that the presence of auditory cues did
not independently enhance recognition accuracy across
conditions. Rather, the influence of audio appeared to
depend on interactions with other variables, particularly
avatar identity.

Avatar identity emerged as a significant factor in
recognition performance. Specifically, participants were
substantially less accurate in identifying emotions displayed
by the avatar Emory compared to Amelia (p = .002, OR
= 0.202, 95% CI [0.073, 0.562]). Moreover, a significant
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Table 5: Ordinal mixed-effects model results predicting emotion recognition accuracy. Odds ratios (OR), 95% confidence
intervals (CI), and p-values are reported. Significant effects (p < .05) are highlighted. Reference levels: Avatar = Amelia,
Condition = visual-only, Emotion = intended. All model terms are interpreted as contrasts relative to these reference levels.

term p.value OR OR_low OR_high
Emotion ̸= Intended 0.000 0.039 0.024 0.063
Audio+Visual 0.437 1.310 0.663 2.586
Avatar: Emory 0.002 0.202 0.073 0.562
Audio+Visual × Emotion ̸= Intended 0.976 1.010 0.547 1.864
Emotion ̸= Intended × Avatar: Emory 0.000 6.191 3.299 11.618
Audio+Visual × Avatar: Emory 0.000 4.045 1.931 8.472
3-way Interaction 0.000 0.212 0.091 0.493

interaction between experimental condition and avatar
identity (Audio+Visual × Avatar: Emory ; p < .001,
OR = 4.045, 95% CI [1.931, 8.472]) indicated that the
effect of audio cues seemed to vary depending on other
factors—especially which avatar was shown.

Importantly, the interaction between incongruent emo-
tional expressions and avatar identity (Emotion ̸= Intended
× Avatar: Emory ; p < .001, OR = 6.191, 95% CI [3.299,
11.618]) revealed that the negative impact of mismatched
emotional cues was especially pronounced for Emory. This
suggests that when Emory’s facial expression did not match
the target emotion, participants were particularly prone to
misinterpretation, underscoring both the sensitivity of emo-
tion recognition to the alignment between vocal and facial
emotional cues, and the role of avatar-specific morphology
in modulating perceptual accuracy.

One plausible explanation for Amelia’s superior emotion
recognition lies in her softer facial morphology, which
aligns more closely with users’ expectations of emotional
authenticity [39]. Her rounded features and gentle brow
dynamics enhanced the perceived realism of low-arousal
emotions like sadness and joy. In contrast, Emory’s
angular face and more pronounced brow movements
made high-arousal expressions like anger more salient [38,
37]. However, beyond facial structure, the alignment
between voice characteristics and facial appearance may
also have played a role. Amelia’s relatively soft and
emotionally neutral voice appeared to match her visual
design, potentially reinforcing the perception of coherence.
In contrast, Emory’s highly expressive voice may have
occasionally clashed with his facial expressions, leading to
moments of perceptual mismatch and ambiguity. This
highlights a key design trade-off: while subtle facial
geometry can enhance believability for certain emotions,
it may reduce clarity for others, especially when not fully
synchronized with vocal affect.
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Mean Value

Emory_Sad

Amelia_Joy
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Amelia_Sad

Emory_Joy

Amelia_Angry
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3.49±0.85
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Figure 7: Mean ratings (M ± SD) perceived Facial
Expressions realism for each video clips under both
audio+visual and visual-only conditions.

Figure 8: Forest plot showing OR with 95% CI for
the model predictors of perceived realism of facial
expressions. The vertical dashed line indicates no effect
(OR = 1). Statistically significant predictors are clearly
indicated. Reference levels: Avatar = Amelia, Condition
= Audio+Visual, Scenario = Angry.
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Table 6: Results from the ordinal mixed-effects model predicting perceived realism of avatars’ facial expressions. Odds
ratios (OR), 95% confidence intervals (CI), and p-values are presented. Significant effects (p < .05) are highlighted.
Reference levels: Avatar = Amelia, Condition = Audio+Visual, Scenario = Angry. All contrasts are interpreted relative to
these reference levels.

term p.value OR OR.lower OR.upper
Visual-only 0.526 1.568 0.391 6.294
Avatar: Emory 0.001 0.211 0.084 0.528
Scenario: Joy 0.722 0.850 0.348 2.077
Scenario: Sad 0.228 0.575 0.234 1.413
Visual-only × Avatar: Emory 0.055 3.584 0.972 13.208
Visual-only × Scenario: Joy 0.198 2.387 0.635 8.981
Visual-only × Scenario: Sad 0.023 4.554 1.232 16.829
Avatar: Emory × Scenario: Joy 0.216 2.254 0.622 8.165
Avatar: Emory × Scenario: Sad 0.875 1.108 0.310 3.963
Visual-only × Avatar: Emory × Scenario: Joy 0.081 0.188 0.029 1.225
Visual-only × Avatar: Emory × Scenario: Sad 0.115 0.229 0.037 1.433

Perceived Facial Expressions Realism

To investigate the perceived realism of facial expressions,
we analyzed participants’ ratings across two experimental
conditions (audio+visual and visual-only) and two avatar
identities.

As shown in Figure 7, facial expressions were consistently
rated as more realistic in the visual-only condition across
all scenarios. This trend was further supported by the
ordinal mixed-effects model (Table 6; Figure 8). While the
main effect of experimental condition was not statistically
significant (p = .526), a significant interaction emerged
between the visual-only condition and sad emotional
content (p = .023, OR = 4.554, 95% CI [1.232, 16.829]).
This indicates that without audio, low-energy emotions
like sadness seemed more realistic to viewers.

This enhancement likely stems from audiovisual inter-
ference. In the audio+visual condition, even slight mis-
matches in lip-sync or emotional prosody can disrupt the
illusion of authenticity. The visual-only condition elimi-
nates such dissonance, allowing facial cues to be evaluated
in isolation, which may reduce perceptual scrutiny and
heighten tolerance for animation artifacts.

A strong main effect of avatar identity was also observed:
Emory was rated significantly less realistic than Amelia
(p = .001, OR = 0.211, 95% CI [0.084, 0.528]), regardless
of experimental condition or emotion. As previously
concluded in Section , Emory’s angular features and
more rigid expressions may have clashed with participants’
implicit expectations of emotional expressiveness, whereas
Amelia’s softer, more rounded features aligned better
with perceived emotional authenticity. In addition, a
good match between the voice and the avatar’s face
likely made the avatar feel more realistic. Amelia’s voice
was perceived as more consistent with her visual design,
while Emory’s highly expressive vocal delivery may have
introduced moments of mismatch when not fully supported
by corresponding facial expressions.

Although some interaction effects (e.g., Visual-only
× Avatar: Emory, p = .055) did not reach statistical

significance, the directional trend suggests meaningful
interplay between avatar morphology and presentation
condition, which merits further investigation.

In summary, low-arousal emotions like sadness appear
more effectively conveyed through visuals alone, as unsyn-
chronized audio can introduce perceptual dissonance that
reduces realism. These findings underscore the importance
of condition-sensitive avatar design, especially in emotion-
ally nuanced applications such as child-simulation training,
where voice-age congruence and expressive fidelity are
crucial to achieving believable interaction.
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Figure 9: Mean ratings (M ± SD) of perceived realism
across different aspects (facial expressions, visual appear-
ance, voice tone, dialogue content) and empathy, com-
pared between audio+visual and visual-only conditions.

Perceived Realism and Empathy

The results summarized in Table 7 and Figure 9 illustrate
how multimodal cues (audio and visual) influenced
participants’ perception of realism and empathy towards
emotionally expressive avatars.

In the audio+visual condition, auditory elements played a
major role in shaping perceptions. Voice tone emerged as
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Table 7: Results of mixed-effects cumulative-logit analyses comparing perceived realism and empathy between audio+visual
and visual-only conditions. Significant results (p < .05) are highlighted.

term p.value OR OR_low OR_high

Realism
Audio+Visual vs. Visual-Only 0.038 0.258 0.072 0.925
Visual Appearance vs. Facial Expressions 0.765 0.865 0.333 2.246
Interaction: Audio+Visual × Visual Appearance 0.587 1.434 0.391 5.264

Empathy Audio+Visual vs. Visual-Only 0.397 0.693 0.295 1.614

the strongest contributor, with an average realism rating
of M = 4.00, followed by dialogue content (M = 3.86).
However, in the visual-only condition, visual components,
particularly facial expression realism and visual appearance,
received higher ratings (M = 3.86 and M = 3.80,
respectively) compared to the audio+visual condition
(M = 3.29 and M = 3.40, respectively). This difference
may partly reflect the fact that participants in the visual-
only condition evaluated fewer realism contributors, with
their attention concentrated on the available visual aspects.
In contrast, participants in the audio+visual condition
distributed their judgments across four factors, including
voice tone and dialogue content, which may have diluted
individual ratings for visual features.

A mixed-effects cumulative-logit analysis confirmed
these findings. Including audio led to a significant 74%
reduction in the likelihood of higher realism ratings (OR
= 0.26, 95% CI [0.07, 0.93], p = .038). This suggests
that audio cues may introduce inconsistencies, such as
minor lip-sync issues or mismatches between tone and
visual emotion, which reduce perceived authenticity. No
significant differences were found between the two realism
items (“Facial Expressions” vs. “Visual Appearance,”
p = .765), nor was the interaction between condition
and realism item significant (p = .587), indicating that
audio affected both visual aspects similarly.

Empathy ratings were not significantly influenced by
the presence of audio. Although slightly higher empathy
was reported in the visual-only condition (M = 3.06) than
in the audio+visual condition (M = 2.83), the difference
was not statistically significant (OR = 0.69, 95% CI [0.30,
1.61], p = .397). This suggests a possible trend toward
enhanced emotional connection with visual-only stimuli,
though not conclusive.

Collectively, these findings highlight a critical trade-
off in avatar design: while audio cues enhance realism
for high-arousal emotions, subtle audiovisual mismatches
can negatively impact perceived authenticity. Under
the conditions examined, removing audio increased
visual credibility without substantially affecting emotional
engagement.

Qualitative Feedback
Participants provided reflective qualitative feedback on
what stood out the most about the avatars. These re-
flections revealed distinct and important observations re-
garding emotional expressiveness, realism, and immersion,
providing directions for enhancing avatar technologies in

interactive simulations. Two independent coders analyzed
the responses. Discrepancies in coding were discussed
and resolved collaboratively to ensure consistency and
analytical rigor.

Audio and Visual Conditions

In the audio+visual condition, participants’ qualitative
feedback highlighted both the strengths and limitations
of the avatars’ emotional expressiveness. On the positive
side, many participants recognized and appreciated the
avatars’ capacity to convey emotions dynamically, noting
that "They were all expressing emotions" and that they
"expressed their feelings through facials". The quality
of the synthesized voice was frequently mentioned as a
significant contributor to engagement and realism, with
comments such as "The tone of voice was the most
convincing" and "The dialogue content... did not sound
like an avatar", suggesting successful prosody design and
auditory fidelity. Some participants also felt a sense of
connection, stating, "You can feel them though facial
expressions". The visual appearance was also praised, with
feedback indicating that "Their visual appearances were
very good and looked human like" and "The faces were
well done".

However, a recurring theme in the feedback was
the presence of multimodal incongruities. Participants
frequently observed a mismatch between the auditory
and visual channels, as captured by comments like "The
facial expression does not match what the avatars are
saying". Issues with lip synchronization were also noted
as detrimental to realism, with feedback stating, "When
they speak, their lips do not correspond to the dialogue"
and "The mouth moves but it doesn’t seam connected to
the rest of the face". These observations align with the
quantitative findings regarding reduced perceived facial
realism when audio was present (Table 6), suggesting that
the inclusion of voice amplified scrutiny of temporal and
spatial alignment.

Participants also reported experiencing uncanny valley
effects, describing the avatars with phrases such as "weird
mix of looking real but still obviously fake" and comparing
their movement to "NPC characters in video games" or
"a rigid model in video games". Some felt the facial
expressions were not consistently on point or that the
faces "didnt move all that much". Negative emotional
responses were also reported by some participants, with
comments like "They all looked very scary" and "I feel
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uncomfortable and uneasy after this".
Collectively, the feedback from the audio+visual condi-

tion reveals a tension between the successful implemen-
tation of some aspects, such as voice quality and general
emotional expression, and persistent challenges related to
audiovisual synchronization and the subtlety and natural-
ness of facial movements. These points underscore the
complexity of creating truly believable and comfortable
AI-generated avatars.

Visual-Only Conditions

In the visual-only condition, where avatars were presented
without synthesized speech, participant feedback predomi-
nantly focused on visual realism and the effectiveness of
facial cues in conveying emotion. Positive comments high-
lighted the avatars’ ability to express emotions through
isolated facial dynamics, with participants noting that "Fa-
cial expressions stood out the most from the avatars"
and that the avatars showed emotion "like real human".
Some feedback specifically praised the clarity of certain
expressions, such as joy and sadness, with one participant
observing a "genuine smile, often characterized by crinkles
around the eyes" for happiness and another emphasizing
the effectiveness of "The emotional that was in the eyes
of avatars... specially the emotion of sadness and dis-
gust," adding "good job!". The visual design was also
acknowledged positively, with comments like "They have
human-like features" and "Amelia and Emory looked the
most realistic to me". Some participants reported feeling
"Very connected with the avatar" and that "You can feel
them though facial expressions" even in the absence of
audio.

However, critiques were also present, centering on
perceived exaggeration or inconsistency in the expressions.
Participants reported that "facial expressions were quite
exaggerated and did not look completely natural" and that
"They almost all seem to have the same facial expression if
I did not look closely". Technical limitations in animation
fidelity were also noted, with comments such as "I think
they lack polygons to make them more expresive" and
comparisons to "a rigid model in video games". The
absence of audio seemed to shift attention to subtle
visual flaws, including repetitive mouth movements ("the
movement of their mouth") and limited emotional range
or gradation ("I would see a slight smile here and there
but the avatar still kept a straight face"). Some feedback
also simply stated, "nothing" stood out, or described the
experience as "interesting but not very realistic".

Collectively, the feedback from the visual-only condition
suggests that while removing audio can enhance the focus
on and perceived realism of facial expressions by eliminating
cross-modal interference, it also exposes limitations in the
subtlety, naturalness, and fidelity of the facial animations
themselves. These points underscore the need for further
refinement in visual-only emotional expression to achieve

greater believability.

Discussion
This study offers several important lessons regarding the
perceptual and design challenges of building emotionally
expressive child avatars. Rather than emphasizing the
system’s technical capabilities, our findings point to
deeper tensions in achieving believable emotional portrayals
through multimodal integration. One key insight is
that perceived realism depends not on modality fidelity
in isolation, but on the coherence across modalities.
Moreover, participant responses varied considerably,
revealing the inherently subjective nature of emotional
perception. What one viewer perceives as lifelike or
relatable, another may find unsettling or unnatural.
This variability underscores the importance of designing
emotionally expressive avatars that can accommodate
a range of user sensitivities. When auditory and visual
channels are not well aligned, user experience suffers. In
some cases, visual-only presentations were even rated
as more realistic than audio-visual ones. Silencing the
audio removes a major source of incongruence, but it
can also weaken the communication of certain emotions,
particularly those that involve high arousal.

The study highlights a recurring trade-off. Auditory
cues are necessary for disambiguating intense emotional
states such as anger, yet their inclusion risks drawing
attention to imperfections in lip-sync or mismatched vocal
tone. Synchronizing prosody with facial animation is not a
small technical issue. It plays a key role in making avatars
believable and emotionally clear. Participant feedback
supports this, with several comments describing distracting
or unsettling effects when lip movements did not match
the dialogue or when the voice tone conflicted with the
avatar’s appearance.

A second lesson concerns the role of avatar morphology
in shaping emotional interpretation. The "Amelia" avatar,
with softer facial features, was generally perceived as more
believable in low-arousal contexts such as sadness or joy.
In contrast, the more angular "Emory" avatar was more
effective in conveying anger. These outcomes suggest
that certain facial structures are better suited to subtle,
empathic expressions, while others may more effectively
convey direct, high-intensity emotions. Designers of virtual
agents may benefit from selecting or customizing facial
geometry based on the emotional demands of the specific
use case.

Additionally, the study raises questions about the optimal
configuration of animation parameters. Our use of the
“exaggerated” mode in Audio2Face, intended to increase
clarity, some participants in the visual-only condition
perceived the resulting facial movements as overly intense
or unnatural. This suggests a potential trade-off between
expressiveness and realism, especially in training contexts
where exaggerated expressions may break immersion
or reduce credibility. Exploring "automatic" or more
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customized settings could help address this issue.
Overall, this work reinforces that perceived believability

is not simply a function of system complexity or realism
in individual channels, but rather the result of coherent
integration across modalities and sensitivity to user
perception. By focusing on these lessons, future systems
can be better tailored to the emotional and communicative
needs of users, especially in sensitive and high-stakes
environments.

Limitations and Future Work
While this study offers several valuable insights into the
design and perception of emotionally expressive child
avatars, it also presents a number of limitations that
inform directions for future research. The findings are
based on two specific MetaHuman avatars, and user
perceptions may differ with avatars of varying visual design,
age representation, or artistic style. Moreover, although
prior work supported the use of a young adult female
voice for child avatars, this choice may have influenced
participants’ perceptions of emotional authenticity and
audiovisual coherence. Integrating high-quality, age-
appropriate synthesized voices that align more naturally
with the avatars’ appearance and emotional tone remains
a significant technical and perceptual challenge.

The emotional scope of the study was also limited to
three basic emotions: joy, sadness, and anger. As a
result, the system’s ability to portray a broader range
of complex or subtle emotional states (such as fear,
surprise, or confusion) remains untested. Additionally,
participant recruitment via the Prolific platform, while
offering demographic diversity, may not fully capture the
perspectives of domain-specific end-users such as Child
Protection Services (CPS) professionals. The controlled,
pre-rendered nature of the video stimuli further limits
ecological validity. Responses observed in dynamic, real-
time interactions may differ substantially due to the role
of responsiveness and timing in social perception.

These limitations point to several promising avenues for
future work. Longitudinal studies are needed to explore
how user perceptions evolve with repeated or sustained
exposure to emotionally expressive avatars, potentially
revealing learning effects and long-term engagement
dynamics. Future research should also expand the
emotional repertoire of avatars to better reflect the
range of expressions relevant in sensitive contexts such as
forensic interviews. Critically, upcoming evaluations should
involve domain experts such as CPS or law enforcement
professionals to assess the system’s usability, realism, and
training efficacy in practical, high-stakes environments.
Such studies will help refine both the technical and
perceptual aspects of the system, ensuring its relevance
and effectiveness in its intended application context.

Conclusion
This study highlights a central challenge in the develop-
ment of emotionally expressive child avatars: effective mul-

timodal integration remains difficult to achieve. While our
system demonstrates the technical feasibility of real-time
emotional animation using Unreal Engine 5 MetaHuman
and NVIDIA Audio2Face, the results reveal that audiovi-
sual misalignment can undermine perceived authenticity.
Notably, participants often rated visual-only clips as more
realistic than audio-visual ones, suggesting that incomplete
or poorly matched modalities may detract from overall be-
lievability.

This is especially relevant in sensitive applications such
as child forensic interview training, where avatars must
evoke trust and empathy. Our findings show that high-
arousal emotions like anger depend heavily on synchronized
vocal and facial cues, while lower-arousal states like sadness
and joy can be conveyed more effectively through visual
expressions alone. Additionally, factors such as avatar
morphology and voice-age congruence significantly shaped
emotional perception.

Rather than pursuing realism within individual modalities,
this study underscores the importance of holistic and
context-sensitive design. Emotional credibility arises
only when voice, appearance, and facial behavior are
cohesively aligned. These insights offer practical guidance
for improving the design of virtual agents in emotionally
demanding settings. Ultimately, consistent integration
across modalities, rather than fidelity in isolation, is
essential for achieving believable human–AI interaction.

References
1. Daněček R, Schmitt C, Polikovsky S, and Black MJ.

Supervising 3D Talking Head Avatars with Analysis-by-
Audio-Synthesis. arXiv preprint arXiv:2504.13386 2025

2. Pei G, Li H, Lu Y, Wang Y, Hua S, and Li T. Affective
computing: Recent advances, challenges, and future
trends. Intelligent Computing 2024; 3:0076

3. Salehi P. Emotionally_Expressive_Child_Avatars. https:
//github.com/pegahsalehi/Emotionally_Expressive_
Child_Avatars. GitHub repository, accessed July 7, 2025.
2025

4. Salehi P, Hassan SZ, Baugerud GA, Powell M, Johnson
MS, Johansen D, Sabet SS, Riegler MA, and Halvorsen P.
A theoretical and empirical analysis of 2D and 3D Virtual
Environments in Training for Child Interview Skills. IEEE
Access 2024

5. Pan Y, Kim K, Lee J, Sang Y, and Cheon J. Research
on the application of digital human production based on
photoscan realistic head 3D scanning and unreal engine
metahuman technology in the metaverse. International
journal of advanced smart convergence 2022; 11:102–18

6. NVIDIA. NVIDIA Audio2Face 3D. https://build.nvidia.
com/nvidia/audio2face-3d. Accessed: 2025-04-04. 2025

7. Aranha RV, Corrêa CG, and Nunes FL. Adapting software
with affective computing: a systematic review. IEEE
Transactions on Affective Computing 2019; 12:883–
99

15



Salehi et al.: Multimodal Integration Challenges in Emotionally Expressive Child Avatars for ... . NMI, x, 1–18, 20xx

8. Maas A, Daly RE, Pham PT, Huang D, Ng AY,
and Potts C. Learning word vectors for sentiment
analysis. Proceedings of the 49th annual meeting of the
association for computational linguistics: Human language
technologies. 2011 :142–50

9. Tian YI, Kanade T, and Cohn JF. Recognizing action
units for facial expression analysis. IEEE Transactions on
pattern analysis and machine intelligence 2001; 23:97–
115

10. Pereira ET, Gomes HM, Veloso LR, and Mota MRA.
Empirical evidence relating EEG signal duration to
emotion classification performance. IEEE Transactions
on Affective Computing 2018; 12:154–64

11. McDuff D and Czerwinski M. Designing emotionally
sentient agents. Communications of the ACM 2018;
61:74–83

12. Lalwani T, Bhalotia S, Pal A, Rathod V, and Bisen
S. Implementation of a Chatbot System using AI and
NLP. International Journal of Innovative Research in
Computer Science & Technology (IJIRCST) Volume-6,
Issue-3 2018

13. Nass C and Moon Y. Machines and mindlessness: Social
responses to computers. Journal of social issues 2000;
56:81–103

14. Jack RE and Schyns PG. The human face as a dynamic
tool for social communication. Current Biology 2015;
25:R621–R634

15. Cabanac M. What is emotion? Behavioural processes
2002; 60:69–83

16. Schachter S and Singer J. Cognitive, social, and physi-
ological determinants of emotional state. Psychological
review 1962; 69:379

17. Gratch J and Marsella S. Evaluating the modeling and use
of emotion in virtual humans. Proceedings of the Third
International Joint Conference on Autonomous Agents
and Multiagent Systems, 2004. AAMAS 2004. Vol. 1.
IEEE Computer Society. 2004 :320–7

18. Gratch J and Marsella S. Lessons from emotion
psychology for the design of lifelike characters. Applied
Artificial Intelligence 2005; 19:215–33

19. Ji X, Zhou H, Wang K, Wu W, Loy CC, Cao X, and Xu
F. Audio-driven emotional video portraits. Proceedings
of the IEEE/CVF conference on computer vision and
pattern recognition. 2021 :14080–9

20. Papantoniou FP, Filntisis PP, Maragos P, and Roussos
A. Neural emotion director: Speech-preserving semantic
control of facial expressions in" in-the-wild" videos.
Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition. 2022 :18781–90

21. Thies J, Elgharib M, Tewari A, Theobalt C, and Nießner
M. Neural voice puppetry: Audio-driven facial reenact-
ment. Computer Vision–ECCV 2020: 16th European Con-
ference, Glasgow, UK, August 23–28, 2020, Proceedings,
Part XVI 16. Springer. 2020 :716–31

22. Li T, Bolkart T, Black MJ, Li H, and Romero J. Learning
a model of facial shape and expression from 4D scans.
ACM Trans. Graph. 2017; 36:194–1

23. Daněček R, Chhatre K, Tripathi S, Wen Y, Black M,
and Bolkart T. Emotional speech-driven animation with
content-emotion disentanglement. SIGGRAPH Asia 2023
Conference Papers. 2023 :1–13

24. Peng Z, Wu H, Song Z, Xu H, Zhu X, He J, Liu H, and Fan
Z. Emotalk: Speech-driven emotional disentanglement
for 3d face animation. Proceedings of the IEEE/CVF
international conference on computer vision. 2023
:20687–97

25. Epic Games. MetaHuman. https://www.unrealengine.
com/en-US/metahuman. Accessed 30 April 2025. 2025

26. Epic Games. Rig Logic White Paper v2. https : / /
cdn2 . unrealengine . com / rig - logic - whitepaper - v2 -
5c9f23f7e210.pdf. Accessed 30 April 2025. 2021

27. Epic Games Documentation Team. Using Subsurface
Scattering in Unreal Engine Materials. https : / / dev .
epicgames.com/documentation/en-us/unreal-engine/
using-subsurface-scattering-in-unreal-engine-materials.
Accessed 30 April 2025. 2025

28. Cloud G. Google Cloud Speech-to-Text. https://cloud.
google.com/speech-to-text. Accessed 5 May 2025. 2023

29. OpenAI. ChatGPT. https://chat.openai.com. Accessed
5 May 2025. 2024

30. Services AW. Amazon Polly Neural Voices. https://docs.
aws.amazon.com/polly/latest/dg/neural-voices.html.
Accessed 5 May 2025. 2025

31. Daly S. NVIDIA Audio2Face: Revolutionizing Facial
Animation in Real-Time. https : / / 9meters . com /
technology/ai/nvidia-audio2face-revolutionizing-facial-
animation-in-real-time. Accessed 5 May 2025. 2024

32. Corporation N. Audio2Face Live Link UE Plugin — User
Manual. https://docs.omniverse.nvidia.com/audio2face/
latest/user-manual/livelink-ue-plugin.html. Accessed 5
May 2025. 2025

33. Wu J, Dang T, Sethu V, and Ambikairajah E. Multimodal
affect models: An investigation of relative salience of
audio and visual cues for emotion prediction. Frontiers in
Computer Science 2021; 3:767767

34. Salehi P, Hassan SZ, Shafiee Sabet S, Astrid Baugerud
G, Sinkerud Johnson M, Halvorsen P, and Riegler MA. Is
more realistic better? a comparison of game engine and
gan-based avatars for investigative interviews of children.
Proceedings of the 3rd ACM Workshop on Intelligent
Cross-Data Analysis and Retrieval. 2022 :41–9

35. Onuki Y, Honda H, and Ueda K. What stimuli are
necessary for anchoring effects to occur? Frontiers in
Psychology 2021; 12:602372

36. Ekman P and Friesen WV. Facial action coding system.
Environmental Psychology & Nonverbal Behavior 1978

37. Gao C, Weber CE, Wedell DH, and Shinkareva SV. An
fMRI study of affective congruence across visual and
auditory modalities. Journal of cognitive neuroscience
2020; 32:1251–62

38. Marian V, Hayakawa S, and Schroeder SR. Cross-modal
interaction between auditory and visual input impacts
memory retrieval. Frontiers in Neuroscience 2021;
15:661477

16



Salehi et al.: Multimodal Integration Challenges in Emotionally Expressive Child Avatars for ... . NMI, x, 1–18, 20xx

39. Demeure V, Niewiadomski R, and Pelachaud C. How
is believability of a virtual agent related to warmth,
competence, personification, and embodiment? Presence
2011; 20:431–48

40. Seymour M. Omniverse & Audio2Face. https : / /
www.fxguide.com/fxfeatured/omniverse-audio2face/.
Accessed 30 April 2025. 2021

41. Goudbeek M and Scherer K. Beyond arousal: Valence and
potency/control cues in the vocal expression of emotion.
The Journal of the Acoustical Society of America 2010;
128:1322–36

42. Field A, Field Z, and Miles J. Discovering statistics using
R. Sage, 2012

43. Hussain T, Wang W, Bouaynaya N, Fathallah-Shaykh
H, and Mihaylova L. Deep learning for audio visual
emotion recognition. 2022 25th International Conference
on Information Fusion (FUSION). IEEE. 2022 :1–8

44. Brooks JA, Kim L, Opara M, Keltner D, Fang X, Monroy
M, Corona R, Tzirakis P, Baird A, Metrick J, et al. Deep
learning reveals what facial expressions mean to people
in different cultures. Iscience 2024; 27

Appendix: Supplementary Material
This appendix includes supplementary statistical tables
(Table 8 and Table 9) that report model comparisons
and detailed regression results supporting the analyses
presented in Section .

Between-condition evaluations in Table 8 reveal a
robust modality effect: when the audio track was muted,
participants rated the avatars’ facial expressions as more
realistic overall, with significantly higher ratings in the sad
scenarios for both characters (Emory-Sad: Mno-audio =

3.43 vsMaudio = 2.80, d = 0.68, FDR-corrected p = .021;
Amelia-Sad: Mno-audio = 4.00 vs Maudio = 3.34, d = 0.67,
FDR-corrected p = .021). This baseline shift suggests
that any mismatch between vocal prosody and facial timing,
or the use of an ill-suited voice, draws attention and
diminishes perceived realism.

Conversely, in scenarios depicting high-arousal emotions
(Emory-Angry, Amelia-Angry, and Emory-Joy), the pres-
ence of audio improved emotion recognition and overall
expressiveness. This pattern indicates that synchronized
vocal cues can enhance the clarity of emotional intent, par-
ticularly when facial expressions alone provide insufficient
affective information.

Table 9 provides a direct comparison between the two
avatars. Across both conditions, Amelia was consistently
rated as more realistic, with higher accuracy in emotion
identification for sadness and joy. Notably, in the audio-
visual condition, Emory was rated more believable in the
angry scenario, suggesting that his angular features may
better support high-arousal affect when complemented
by vocal intensity. In contrast, Amelia’s rounded, soft-
featured face reliably conveyed emotional states across
modalities, enabling consistent perception even without
audio.

Taken together, these two tables reinforce our central
claim: perceived believability depends critically on the
interplay between audiovisual congruence and facial
geometry.
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Table 8: Detailed results of independent-sample t-tests (including Welch’s corrections where needed) comparing visual-only
and audio+visual conditions across emotional expressions and avatars. Equality of variances was assessed using Levene’s
test. Cohen’s d reflects effect size magnitude. FDR-corrected p-values account for multiple comparisons. Statistically
significant results (FDR-adjusted p < .05) are highlighted in gray.

Variable Mean
visual-only

Mean
audio+visual p-value Cohen’s d FDR-corrected

p-value
Facial exp. 3.429 2.800 0.006 0.680 0.021
Angry 1.829 2.571 0.019 -0.575 0.053
Sad 3.343 3.629 0.360 -0.221 0.520
Joy 1.429 1.171 0.119 0.378 0.222
Fear 2.229 1.857 0.192 0.315 0.312

E
m

or
y_

S
ad

Disgust 1.971 1.971 1.000 0.000 1.000
Facial exp. 3.514 2.914 0.028 0.535 0.074
Angry 1.429 3.829 0.000 -2.565 0.000
Sad 2.000 3.257 0.000 -0.985 0.001
Joy 2.143 1.086 0.000 1.329 0.000
Fear 1.714 1.914 0.448 -0.182 0.540

E
m

or
y_

A
ng

ry

Disgust 1.486 2.743 0.000 -1.029 0.001
Facial exp. 3.514 3.171 0.226 0.292 0.339
Angry 1.400 1.057 0.008 0.661 0.027
Sad 1.743 1.114 0.005 0.717 0.021
Joy 2.914 3.771 0.005 -0.690 0.021
Fear 1.571 1.229 0.082 0.423 0.177E

m
or

y_
Jo

y

Disgust 1.743 1.171 0.009 0.656 0.027
Facial exp. 4.000 3.343 0.006 0.678 0.021
Angry 2.314 2.571 0.425 -0.192 0.540
Sad 4.086 4.114 0.901 -0.030 0.925
Joy 1.200 1.086 0.224 0.293 0.339
Fear 2.314 2.086 0.455 0.179 0.540

A
m

el
ia

_
S
ad

Disgust 1.800 2.429 0.036 -0.513 0.081
Facial exp. 3.629 3.543 0.726 0.084 0.787
Angry 2.171 3.114 0.004 -0.714 0.021
Sad 2.371 3.714 0.000 -0.997 0.001
Joy 1.829 1.143 0.005 0.700 0.021
Fear 1.857 2.000 0.589 -0.130 0.656

A
m

el
ia

_
A

ng
ry

Disgust 1.943 2.114 0.577 -0.134 0.656
Facial exp. 3.914 3.486 0.098 0.401 0.200
Angry 1.086 1.000 0.179 0.325 0.304
Sad 1.143 1.057 0.400 0.203 0.540
Joy 4.371 4.200 0.405 0.200 0.540
Fear 1.143 1.114 0.754 0.075 0.795

A
m

el
ia

_
Jo

y

Disgust 1.229 1.057 0.119 0.377 0.222

Table 9: Statistical comparison using paired-sample t-tests of emotional expression ratings between the Amelia and
Emory avatars using paired-sample t-tests, under both Audio+Visual and Visual-Only conditions. Ratings include facial
expressiveness and perceived intensity across five target emotions (Angry, Sad, Joy, Fear, Disgust). Cohen’s d reflects
effect size. FDR-corrected p-values account for multiple comparisons. Statistically significant differences (FDR-adjusted
p < .05) are highlighted in gray. For each significant result, the avatar with higher mean ratings is highlighted in green to
indicate user preference.

Audio+Visual Visual-Only

Variable p-value Mean
Amelia

Mean
Emory Cohen’s d FDR-corrected

p-value p-value Mean
Amelia

Mean
Emory Cohen’s d FDR-corrected

p-value
Facial exp. 0.001 3.343 2.800 0.591 0.010 0.001 4.000 3.429 0.646 0.005
Angry 1.000 2.571 2.571 0.000 1.000 0.088 2.314 1.829 0.297 0.143
Sad 0.020 4.114 3.629 0.414 0.045 0.018 4.086 3.343 0.419 0.041
Joy 0.263 1.086 1.171 -0.192 0.338 0.118 1.200 1.429 -0.271 0.163
Fear 0.244 2.086 1.857 0.201 0.338 0.619 2.314 2.229 0.085 0.619

S
ad

Disgust 0.014 2.429 1.971 0.440 0.041 0.280 1.800 1.971 -0.186 0.336
Facial exp. 0.002 3.543 2.914 0.578 0.010 0.579 3.629 3.514 0.095 0.613
Angry 0.002 3.114 3.829 -0.582 0.010 0.006 2.171 1.429 0.495 0.016
Sad 0.009 3.714 3.257 0.466 0.041 0.113 2.371 2.000 0.275 0.163
Joy 0.571 1.143 1.086 0.097 0.643 0.162 1.829 2.143 -0.242 0.208
Fear 0.609 2.000 1.914 0.087 0.644 0.483 1.857 1.714 0.120 0.543

A
ng

ry

Disgust 0.012 2.114 2.743 -0.451 0.041 0.004 1.943 1.486 0.516 0.016
Facial exp. 0.054 3.486 3.171 0.337 0.108 0.041 3.914 3.514 0.358 0.075
Angry 0.160 1.000 1.057 -0.243 0.262 0.006 1.086 1.400 -0.498 0.016
Sad 0.324 1.057 1.114 -0.169 0.389 0.002 1.143 1.743 -0.565 0.012
Joy 0.020 4.200 3.771 0.413 0.045 0.000 4.371 2.914 1.025 0.000
Fear 0.254 1.114 1.229 -0.196 0.338 0.026 1.143 1.571 -0.392 0.053

Jo
y

Disgust 0.103 1.057 1.171 -0.283 0.186 0.006 1.229 1.743 -0.495 0.016
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