Title: Development and Evaluation of a Context-Aware 3D Embodied AI Assistant for Natural Human-Computer Interaction
Module: Masters Project
Name: Mihai Sergiu Varzare
Student ID: 2217294



















Contents
Abstract	4
1. Introduction	5
1.1 Background and Context	5
1.2 Research Problem	5
1.3 Motivation and Need for Research	6
1.4 Research Gap in Existing Literature	6
1.5 Research Aim	7
1.6 Research Objectives	7
2. Importance of the Research	8
2.1 Scientific Contribution	8
2.2 Practical Contribution	8
3. Literature Review	9
3.1 Embodied Conversational Agents: Foundations and Evolution	9
3.2 Conversational Memory for Embodied Agents	9
3.3 Affective Computing and Emotion-Aware Interaction	10
3.4 Adaptive Non-Verbal Behaviour Generation	11
3.5 Evaluation Methods for ECAs	12
3.6 Research Gap Synthesis	12
4. Research Questions and Hypotheses	13
4.1 Research Questions	13
4.2 Hypotheses	13
5. Research Design and Methodology	14
5.1 Research Paradigm	14
5.2 Development Methodology	14
5.3 Evaluation Methodology	16
5.4 Ethical Considerations	17
6. Research Limitations	18
6.1 Limitations of Scope	18
6.2 Limitations of Generalisability	18
6.3 Methodological Limitations	18
6.4 Technical Limitations	18
6.5 Timeframe Limitations	19
7. Project Timeline and Management	19
7.1 Gantt Chart	19
7.2 Risk Management	20
8. Expected Outcomes and Contribution	20
8.1 Anticipated Results	20
8.2 Theoretical Contributions	21
8.3 Practical Contributions	21
8.4 Methodological Contributions	21
9. Conclusion	22
10. References	23





















[bookmark: _Toc232161047]Abstract
This research proposes the design, development, and evaluation of a context-aware 3D Embodied Conversational Agent (ECA) that advances beyond conventional voice-only assistants. While existing systems demonstrate basic voice interaction, they lack the conversational memory, emotional responsiveness, and adaptive non-verbal behaviour necessary for natural human-computer interaction [1], [2]. This project will enhance a working BSc-level Unity prototype by integrating three key features: a conversational memory module for contextual awareness based on human memory models [3], sentiment analysis for emotion-aware responses grounded in affective computing principles [4], and an adaptive gesture engine for intent-driven non-verbal behaviour [5]. Using a Design Science Research methodology [6], the enhanced artifact will be evaluated against the original prototype through a mixed-methods user study (n=15-20), measuring usability, engagement, trust, and perceived intelligence. The expected outcomes include a validated research artifact and empirical evidence demonstrating how context-awareness improves user experience in embodied AI systems [7], contributing meaningfully to the fields of Human-Computer Interaction (HCI) and Affective Computing [8].
Keywords: Embodied Conversational Agent, Human-Computer Interaction, Conversational Memory, Affective Computing, Context-Awareness, Unity, Large Language Models













[bookmark: _Toc232161048]1. Introduction
[bookmark: _Toc232161049]1.1 Background and Context
The field of Human-Computer Interaction (HCI) is increasingly defined by the proliferation of AI-powered virtual assistants, with voice established as a primary interaction modality. However, a significant gap remains between these commercial systems (e.g., Amazon Alexa, Google Assistant, Apple Siri) and natural human communication. Commercial agents are fundamentally disembodied, lacking the non-verbal channels—such as gesture, gaze, and facial expression—that are essential for establishing social presence, conveying empathy, and enabling fluid dialogue [9], [10].
Embodied Conversational Agents (ECAs) address this limitation by providing a visible, often human-like, form that can leverage the same non-verbal cues humans use in face-to-face communication [11]. Cassell [12] established that embodiment is not merely an aesthetic addition but a functional requirement for natural interaction, as humans instinctively expect and respond to non-verbal behaviour. Recent advances in Large Language Models (LLMs) [13], [14], real-time animation systems [15], and affective computing [16] have created unprecedented opportunities to move beyond command-based systems towards truly intelligent and context-aware ECAs.
The theoretical foundation of this work rests on the principle that embodiment enhances social presence and user engagement. Bickmore and Picard [17] demonstrated that embodied agents capable of maintaining long-term relationships improve user trust and satisfaction. Furthermore, research in social cognition has shown that patterns of turn-taking, gaze, and nodding significantly correlate with perceived social connection [18]. However, many contemporary ECAs still fail to leverage the full potential of embodiment, often relying on generic or repetitive animations [19].
[bookmark: _Toc232161050]1.2 Research Problem
A significant gap remains between proof-of-concept ECAs and intelligent, context-aware assistants suitable for real-world deployment. The existing system—a 3D AI-driven assistant developed during my Bachelor's degree—successfully demonstrates real-time multimodal interaction with a 3D avatar [20]. However, as is typical with foundational prototypes, it operates with three inherent limitations:
First, the system lacks conversational memory, treating each interaction in isolation and requiring users to repeat information across sessions. This limitation contradicts findings that memory-augmented agents significantly improve task completion success rates and efficiency [21]. Second, the assistant has no emotional awareness, responding identically to positive, neutral, and negative user sentiment, despite evidence that affective capabilities enhance user experience and enable more personalised interactions [22], [23]. Third, its non-verbal behaviour is static and scripted, not adapting to conversational intent, whereas research demonstrates that adaptive gestures improve perceived naturalness and conversational flow [24], [25].
The core research problem, therefore, is not to build a new system from scratch but to strategically enhance this legacy prototype by integrating memory, emotional responsiveness, and adaptive behaviour, and to empirically evaluate their collective impact on user experience.
[bookmark: _Toc232161051]1.3 Motivation and Need for Research
This research is motivated by the need to move ECAs from transactional tools to relational partners capable of sustained, meaningful interaction [26]. Without memory, an assistant cannot personalise interactions or build rapport over time. Without emotional awareness, it cannot demonstrate empathy or adapt to user affect [27]. Without adaptive gestures, it remains stiff and unnatural, failing to leverage the primary advantage of embodiment [28].
The practical applications are direct and significant. A more conversational ECA could be deployed in educational settings as a patient, adaptive tutor [29]; in healthcare as a empathetic companion for mental health support [30]; in customer service as an engaging, trustworthy representative [31]; and as a novel smart-home interface with genuine social presence [32]. By investigating how memory, emotion, and adaptive behaviour interact within a single ECA, this project will generate empirical evidence to guide the design of more natural, engaging, and trustworthy AI systems.
[bookmark: _Toc232161052]1.4 Research Gap in Existing Literature
A systematic examination of the literature reveals a critical gap. While researchers have separately explored conversational memory in isolated contexts [3], [21], emotion recognition for human-computer interaction [33], [34], and non-verbal behaviour generation for virtual agents [15], [35], relatively little research has systematically examined the combined effect of these three capabilities within a single, integrated 3D embodied agent.
The Arthur ECA project demonstrated the value of memory and emotion recognition in an ECA, showing consistent impact on users [3], but did not incorporate adaptive gesture generation. The KARMA memory system proved effective for task planning in embodied agents but focused exclusively on household tasks rather than social conversation [21]. Similarly, while sentiment analysis has been extensively studied for text-based chatbots [36], its integration with embodied agents capable of non-verbal emotional expression remains underexplored [37].
This project directly addresses this gap by designing, implementing, and evaluating a unified system that simultaneously provides contextual memory, emotion-aware responses, and adaptive gestures within a single 3D embodied assistant.
[bookmark: _Toc232161053]1.5 Research Aim
To design, implement, and evaluate a context-aware 3D embodied AI assistant that integrates conversational memory, emotion-aware interaction, and adaptive non-verbal behaviour in order to improve user engagement, trust, and perceived intelligence.
[bookmark: _Toc232161054]1.6 Research Objectives
To critically analyse existing ECAs and virtual assistants to identify design limitations and research opportunities [38].
To design a lightweight conversational memory framework for maintaining user-specific context and preferences, grounded in established memory models [3], [21].
To implement an emotion-aware response mechanism using sentiment analysis to modulate dialogue and non-verbal behaviour [16], [39].
To develop an adaptive gesture engine that automatically selects animations based on conversational intent [5], [40].
To integrate all three components into the existing Unity-based 3D assistant prototype [41].
To conduct a rigorous comparative evaluation of the enhanced prototype against the original baseline using mixed methods [42].
To critically document the development process and analyse the impact of each feature on user experience [43].



[bookmark: _Toc232161055]2. Importance of the Research
[bookmark: _Toc232161056]2.1 Scientific Contribution
This research will contribute to the academic understanding of human-AI interaction by providing empirical evidence on how specific technical capabilities—memory, emotion awareness, and adaptive gesture—influence core HCI constructs such as social presence, trust, perceived intelligence, and user engagement [17], [44], [45].
The project addresses a clearly defined research gap by examining these factors collectively rather than in isolation, providing a more holistic view of ECA design than previous studies. Furthermore, the comparative evaluation methodology—directly comparing an enhanced prototype against its baseline—offers a rigorous framework for isolating the effects of specific features [46].
This work also contributes to the emerging field of affective computing in embodied systems [22], [47], demonstrating how sentiment analysis can be translated into meaningful non-verbal behaviour changes in a 3D avatar.
[bookmark: _Toc232161057]2.2 Practical Contribution
The project will produce a validated, documented, and openly documented research artifact that can serve as a platform for future HCI and ECA studies [48]. Unlike commercial systems with proprietary architectures, this Unity-based prototype is extensible and modifiable for follow-on research.
The documented development and evaluation process will provide a reusable methodological framework for other researchers seeking to enhance legacy prototypes or evaluate specific ECA features [49]. The findings will offer actionable design guidelines for developers of educational [29], customer service [31], healthcare [30], and smart-home assistants [32].
Finally, the project demonstrates a practical pathway for advancing research software—a common but often ad-hoc challenge in academic practice—by providing a structured, phase-gated approach to feature selection, integration, and evaluation [50].




[bookmark: _Toc232161058]3. Literature Review
[bookmark: _Toc232161059]3.1 Embodied Conversational Agents: Foundations and Evolution
The field of Embodied Conversational Agents (ECAs) emerged from the recognition that human communication is inherently multimodal [12]. Cassell [12] argued that for virtual agents to interact naturally with humans, they must replicate the non-verbal channels—gesture, gaze, posture, and facial expression—that carry significant social and emotional information in face-to-face conversation.
Early ECAs demonstrated the feasibility of embodied interaction but were limited by computational constraints and simplistic behaviour models [51]. The MIT AIREAL agent, for example, could generate basic gestures but lacked sophisticated language understanding [52]. Subsequent research established that embodiment alone—even with simple behaviours—improves user engagement compared to disembodied voice interfaces [10], [53].
More recent work has focused on making ECAs more believable and socially intelligent [54]. The Greta platform demonstrated real-time multimodal interaction with expressive behaviours [55]. Studies by Bickmore and Picard [17] showed that embodied agents capable of maintaining long-term relationships improved user trust and adherence to health recommendations, establishing embodiment as a functional rather than merely aesthetic feature.
However, a persistent limitation in the literature is that many ECAs remain scripted and non-adaptive [38]. While commercial systems like Amazon Alexa have achieved widespread adoption, they are fundamentally disembodied, lacking the very features that ECAs research has identified as crucial for natural interaction [1], [19].
[bookmark: _Toc232161060]3.2 Conversational Memory for Embodied Agents
Conversational memory—the ability to retain and recall information across interactions—is a fundamental requirement for natural dialogue [56]. Humans expect conversational partners to remember previous exchanges, preferences, and personal details [57]. Without such memory, interactions remain shallow and transactional.
Early approaches to conversational memory used rule-based systems that stored explicit key-value pairs [58]. More recent systems leverage the context windows of Large Language Models (LLMs) to maintain recent conversation history [14], [59]. However, pure LLM-based memory has limitations: context windows are finite, and storing long-term preferences requires external memory structures [60].
The Arthur ECA project represents a significant advance in memory-augmented ECAs [3]. Arthur stores and retrieves data about events and facts based on a human memory model, recognising individual users and detecting expressed emotions through facial expressions. Experimental results showed that this memory model provides consistent impact on users, improving interaction quality and personalisation [3].
The KARMA system further advanced memory for embodied agents by integrating long-term and short-term memory modules [21]. Long-term memory captures comprehensive 3D scene graphs as representations of the environment, while short-term memory dynamically records changes in objects' positions and states. Compared to state-of-the-art embodied agents, KARMA improved success rates by 1.3× and 2.3× in composite and complex tasks respectively, and enhanced task execution efficiency by 3.4× and 62.7× [21].
For this project, a lightweight memory system inspired by Arthur but adapted for conversational rather than task-oriented interaction will be implemented, storing user preferences and conversation history across sessions [61].
[bookmark: _Toc232161061]3.3 Affective Computing and Emotion-Aware Interaction
Affective computing, pioneered by Picard [16], argues that for computers to interact naturally with humans, they must recognise, interpret, and respond appropriately to human emotion. This insight has profound implications for ECAs, as emotion recognition enables empathetic responses and adaptive behaviour [47].
Sentiment analysis—the computational detection of emotional tone in text or speech—has matured significantly [62]. Approaches range from lexicon-based methods using dictionaries of emotion-associated words to deep learning models trained on large annotated corpora [63]. Recent surveys of affective computing datasets have catalysed progress in emotion recognition from multiple modalities including text, speech, facial expression, and physiological signals [23], [33].
For conversational agents, emotion awareness has been shown to improve user satisfaction and trust [64]. Liu et al. [36] demonstrated that empathy-driven responses from automated systems significantly improved user perceptions of system warmth and competence. In e-learning contexts, affect-sensitive tutoring systems can detect student frustration and adjust instructional strategies accordingly [65].
The psychodynamic appraisal mechanism for emotional development proposed by researchers [39] underscores emotion as physically grounded, dynamically constructed, and personally experienced—suggesting that ECAs should not simply classify emotions but respond in contextually appropriate ways. More recent work on affective appraisal as intrinsic motivation for autonomous systems has shown that emotional capabilities contribute meaningfully to cognitive development [66].
For this project, a lightweight sentiment analysis module will classify user input as positive, neutral, or negative, triggering appropriate modifications to the LLM prompt and avatar facial expressions [67].
[bookmark: _Toc232161062]3.4 Adaptive Non-Verbal Behaviour Generation
Perhaps the most distinctive feature of ECAs is their ability to generate non-verbal behaviour. Research has shown that gestures, gaze, and facial expressions carry significant communicative weight, often conveying information not present in speech [68].
Early systems used rule-based approaches, mapping specific speech acts or keywords to predefined animations [51]. While computationally efficient, rule-based systems lack flexibility and can appear repetitive [69]. Subsequent work focused on data-driven methods, using motion capture of human speakers to train models that generate gestures from prosodic features and semantic content [5], [24].
Mariooryad and Busso [35] demonstrated that prosody-based animation—synchronising gestures with speech rhythm and intonation—improves perceived naturalness. More sophisticated approaches use semantic analysis to select gestures that align with speech content, such as gesturing when explaining spatial relationships or nodding when agreeing [25].
Recent advances in LLMs have enabled more sophisticated behaviour generation [70]. The EmBARDiment system leverages attention mechanisms and contextual memory to enable embodied LLM agents in extended reality environments [71]. However, as noted in the literature, LLMs can fail to correctly infer behavioural context for actions that depend on physical properties not captured by language alone [72]. This suggests that hybrid approaches—combining LLM-based intent classification with rule-based gesture selection—may be optimal.
Real-time multimodal interaction frameworks have demonstrated the feasibility of integrating perception, behaviour generation, and motion generation for animated virtual humans [41]. Such systems rely on virtual perception to capture environmental information and respond to user commands through combinations of co-verbal gestures, posture, body motions, and utterances [73].
For this project, an adaptive gesture engine will classify conversational intent (greeting, explanation, celebration, farewell, thinking) and trigger corresponding animations from an expanded library, providing more dynamic and context-appropriate non-verbal behaviour than the original prototype [74].
[bookmark: _Toc232161063]3.5 Evaluation Methods for ECAs
Evaluating ECAs requires methodologies that capture both quantitative performance metrics and qualitative user experience [75]. Standardised instruments include the System Usability Scale (SUS) for usability [76], the User Engagement Scale (UES) for engagement [77], and trust scales adapted from human-robot interaction research [78].
Mixed-methods approaches combining quantitative surveys with semi-structured interviews are increasingly recognised as best practice [42]. While quantitative data provides statistical power and comparability across studies, qualitative data reveals unexpected issues and user perceptions not captured by closed-ended questions [79].
Comparative within-subjects designs, where participants interact with multiple versions of a system, are particularly valuable for isolating the effects of specific features [46]. However, researchers must be aware of order effects and counterbalance presentation [80].
For this project, a within-subjects comparison of the baseline and enhanced prototypes will be conducted using validated instruments for usability, engagement, trust, and perceived intelligence, complemented by thematic analysis of interview responses [81].
[bookmark: _Toc232161064]3.6 Research Gap Synthesis
The literature confirms the individual value of embodiment [12], memory [3], [21], emotion awareness [16], [36], and adaptive behaviour [5], [35]. However, a clear gap exists: no single study has systematically integrated and evaluated all three advanced capabilities—memory, emotion awareness, and adaptive gesture—within a single 3D ECA.
Most existing systems focus on one or two capabilities: Arthur addresses memory and emotion but not adaptive gesture [3]; KARMA focuses on memory for task execution rather than social conversation [21]; sentiment analysis for ECAs typically modulates dialogue but not non-verbal behaviour [36]; gesture generation systems often ignore user-specific memory and emotion [5].
This project is uniquely positioned to fill this gap by investigating the combined effect of all three capabilities on user engagement, trust, and perceived intelligence, producing empirical evidence to guide the design of next-generation embodied AI assistants.
[bookmark: _Toc232161065]4. Research Questions and Hypotheses
[bookmark: _Toc232161066]4.1 Research Questions
Based on the research gap identified in the literature review, this project addresses four primary research questions:
RQ1: How does conversational memory affect perceived intelligence and conversation quality in a 3D embodied AI assistant compared to a stateless baseline?
This question examines whether users perceive an assistant that remembers previous interactions as more intelligent and whether memory improves the coherence and naturalness of conversation.
RQ2: How does emotion-aware interaction—specifically, sentiment detection and empathetic response—influence user trust and engagement compared to affect-blind interaction?
This question investigates whether the ability to detect and respond appropriately to user emotion improves key relational outcomes.
RQ3: How do adaptive, intent-driven gestures affect perceived naturalness and social presence compared to static or no gestures?
This question examines whether gesture selection based on conversational intent improves the subjective experience of interacting with an embodied agent.
RQ4: Does the fully enhanced assistant (memory + emotion awareness + adaptive gestures) significantly improve overall usability and user satisfaction compared to the original baseline prototype?
This question tests whether the combined effect of all three enhancements produces a measurable improvement in holistic usability metrics.
[bookmark: _Toc232161067]4.2 Hypotheses
Each research question is operationalised as a testable hypothesis:
H1 (Perceived Intelligence): Participants will rate the enhanced assistant significantly higher on perceived intelligence measures compared to the baseline prototype (μ_enhanced > μ_baseline, p < 0.05).
H2 (Engagement): Participants will report significantly higher engagement scores when interacting with the enhanced assistant (μ_enhanced > μ_baseline, p < 0.05).
H3 (Trust): Emotion-aware responses will lead to significantly higher user trust ratings compared to affect-blind responses (μ_trust_emotion > μ_trust_neutral, p < 0.05).
H4 (Naturalness): Adaptive, intent-driven gestures will significantly improve perceived naturalness ratings compared to static animations (μ_naturalness_adaptive > μ_naturalness_static, p < 0.05).
These hypotheses are logically verifiable through a comparative user study employing statistical analysis (paired t-tests or Wilcoxon signed-rank tests for non-normal distributions) with α = 0.05 as the threshold for statistical significance [82].
[bookmark: _Toc232161068]5. Research Design and Methodology
[bookmark: _Toc232161069]5.1 Research Paradigm
This project will adopt the Design Science Research (DSR) paradigm as articulated by Hevner et al. [6]. DSR is ideally suited for research that builds and evaluates IT artifacts to address identified problems. The DSR framework includes seven guidelines: design as an artifact, problem relevance, design evaluation, research contributions, research rigor, design as a search process, and communication of results [83].
The DSR approach is appropriate for this project because the research contribution takes the form of both an artifact (the enhanced ECA prototype) and evaluative knowledge (empirical evidence on the effects of memory, emotion, and gestures). This dual contribution aligns with DSR's emphasis on producing both practical and theoretical outcomes [84].
[bookmark: _Toc232161070]5.2 Development Methodology
The project will follow an agile-inspired iterative development process over 8 weeks, divided into three phases. All development will be conducted in Unity 6 (cross-platform game engine), using C# for core logic and Python for LLM integration and sentiment analysis.
Phase 1: Foundation and Memory Module (Weeks 1-2)
The first phase involves a technical audit of the existing BSc prototype, documenting the current architecture, data flows, and API integrations. Based on the audit, a conversational memory module will be implemented using a lightweight JSON-based dictionary structure [3]:
csharp
// Pseudo-code for memory module structure
public class MemoryModule {
    private Dictionary<string, string> userPreferences;
    private List<ConversationTurn> conversationHistory;
    
    public void StoreFact(string key, string value);
    public string RecallFact(string key);
    public void AddToHistory(string userInput, string assistantResponse);
    public string GetContextualPrompt();
}
The memory module will store user-specific information (name, preferences, frequently mentioned topics) and maintain a rolling history of the last 5-10 conversation turns. When generating responses, the LLM prompt will be augmented with retrieved memory items, enabling contextual awareness [21].
Phase 2: Emotion Awareness and Adaptive Gestures (Weeks 3-5)
The emotion-aware response mechanism will use a pre-trained sentiment analysis model (e.g., TextBlob or a lightweight Hugging Face transformer) to classify user input. Three sentiment categories will be used: positive, neutral, and negative [36]. Based on the detected sentiment:
The LLM prompt will be modified to generate empathetic responses (e.g., "I'm sorry to hear that" for negative sentiment)
The avatar's facial expression will change via blend shapes (smile, neutral, concerned)
Voice output parameters (tone, pace) may be modulated if text-to-speech supports prosodic control [35]
The adaptive gesture engine will classify the assistant's own response intent into five categories: greeting, explanation, celebration, farewell, and thinking. An intent classification function will analyse the response text for keywords and context, triggering corresponding animations from the Unity Animator Controller [41]:
Intent Category	Trigger Keywords/Context	Animation
Greeting	"hello", "hi", "good morning"	Wave
Explanation	"because", "the reason", "let me explain"	Explain gesture
Celebration	"great", "amazing", "you did it"	Clap/cheer
Farewell	"goodbye", "see you", "bye"	Wave goodbye
Thinking	hesitation, "let me think"	Thinking pose
Phase 3: Integration and Testing (Weeks 6-8)
The final development phase integrates all three modules into a coherent system, ensuring that memory, emotion, and gestures work together without conflicts. Unit testing will verify each module independently, and integration testing will ensure smooth interaction between modules [85].
[bookmark: _Toc232161071]5.3 Evaluation Methodology
Participants: A convenience sample of 15-20 participants will be recruited from the university student and staff population. This sample size is appropriate for a Master's project and sufficient for detecting medium-to-large effect sizes in within-subjects comparisons [86], [87].
Study Design: A within-subjects design will be used, where each participant interacts with both the original baseline prototype (Condition A) and the enhanced prototype (Condition B). Order of presentation will be counterbalanced to mitigate order effects [80]. Each interaction session will last approximately 15-20 minutes.
Tasks: Participants will complete a standardised set of tasks with each prototype, including:
Introducing themselves and being addressed by name (tests memory)
Expressing a positive and negative opinion (tests emotion awareness)
Asking for an explanation of a concept (tests adaptive gestures)
Engaging in free conversation for 3-5 minutes
Quantitative Instruments:
System Usability Scale (SUS): 10-item questionnaire yielding a 0-100 usability score [76]
User Engagement Scale (UES) Short Form: 12-item measure of perceived engagement [77]
Trust in Automated Systems Scale: Adapted from human-robot interaction literature [78]
Perceived Intelligence Scale: 5-item measure of perceived agent competence [88]
Social Presence Scale: Measure of perceived human-likeness and connection [89]
All instruments use 5-point or 7-point Likert scales. Internal consistency (Cronbach's α) will be checked for each scale [90].
Qualitative Component: Semi-structured interviews (10-15 minutes) following each condition will explore user perceptions of memory, emotion awareness, and gestures. Sample questions include:
"Did you notice the assistant remembering things you said earlier? How did that affect your experience?"
"How did you feel when the assistant responded to your emotional tone?"
"What did you think about the assistant's gestures and body language?"
Interviews will be audio-recorded (with consent), transcribed, and analysed using thematic analysis [91], [92].
Data Analysis:
Quantitative: Descriptive statistics (means, standard deviations) for all measures. Paired t-tests (or Wilcoxon signed-rank tests if normality assumptions are violated) will compare Condition A and B scores [82]. Effect sizes (Cohen's d) will be reported. Statistical significance threshold: α = 0.05.
Qualitative: Thematic analysis following Braun and Clarke's six-phase framework: familiarisation, coding, theme generation, theme review, theme definition, and write-up [91].
[bookmark: _Toc232161072]5.4 Ethical Considerations
Ethical Approval: Prior to commencing user testing, formal ethical approval will be obtained from the University's Research Ethics Committee. The evaluation procedure, participant information sheet, consent form, and data management plan will be submitted for review [93].
Informed Consent: Participants will receive a detailed information sheet explaining the study purpose, procedures, risks, and benefits. Written informed consent will be obtained before any data collection. Participants may withdraw at any time without penalty [94].
Data Privacy: All data will be anonymised using participant ID codes. Audio recordings will be deleted after transcription. Voice data sent to cloud APIs (for speech recognition and LLM interaction) will be transient and not stored. No personally identifiable information will be retained [95].
Transparency: Participants will be clearly informed that they are interacting with an AI system, not a human. System limitations will be disclosed [96].
Risk Mitigation: No physical or psychological risks are anticipated beyond those of ordinary computer use. If any participant shows signs of distress, the session will be terminated immediately [93].
[bookmark: _Toc232161073]6. Research Limitations
[bookmark: _Toc232161074]6.1 Limitations of Scope
The project is deliberately scoped to three enhancement features—memory, emotion awareness, and adaptive gestures—selected based on the literature review. Other potentially valuable features (e.g., voice personalisation, multi-user memory, long-term learning) are excluded due to time constraints [38].
[bookmark: _Toc232161075]6.2 Limitations of Generalisability
The sample size (n=15-20) is appropriate for a Master's project but limits statistical generalisation to broader populations [86]. Participants will be recruited from a university setting and may not represent general users. Findings may be specific to the implemented features and may not generalise to other ECA architectures or interaction contexts [42].
[bookmark: _Toc232161076]6.3 Methodological Limitations
The within-subjects design may introduce order effects, where familiarity with the first prototype influences responses to the second. Counterbalancing will mitigate but may not eliminate this effect [80]. Participants may also experience fatigue during the second interaction, potentially biasing results.
The evaluation is conducted in a controlled laboratory setting rather than real-world deployment. User perceptions may differ in naturalistic settings with distractions and extended use [75].
[bookmark: _Toc232161077]6.4 Technical Limitations
The quality of adaptive gestures is limited by the existing animation library in the BSc prototype. Generating fully natural, data-driven gestures would require motion capture data beyond the project scope [5]. Similarly, sentiment analysis accuracy depends on the chosen pre-trained model and may be imperfect for nuanced or sarcastic expressions [63].
[bookmark: _Toc232161078]6.5 Timeframe Limitations
The 8-week timeframe allows for implementation of three features but not for extensive iteration or optimisation. Some features may be implemented at a proof-of-concept level rather than production-ready quality [97].
[bookmark: _Toc232161079]7. Project Timeline and Management
[bookmark: _Toc232161080]7.1 Gantt Chart






[bookmark: _Toc232161081]7.2 Risk Management
	Risk
	Probability
	Impact
	Mitigation Strategy

	LLM API latency affects real-time interaction
	Medium
	High
	Implement async calls; cache common responses

	Sentiment analysis misclassifies input
	Medium
	Medium
	Use ensemble approach; provide neutral fallback

	Memory module becomes unwieldy
	Low
	Medium
	Implement pruning strategy; limit history length

	Gesture animations appear repetitive
	Medium
	Low
	Expand animation library; add random variation

	Participant recruitment difficulties
	Medium
	High
	Begin recruitment early; offer incentives

	Technical integration conflicts
	Medium
	High
	Modular architecture; regular integration testing



[bookmark: _Toc232161082]8. Expected Outcomes and Contribution
[bookmark: _Toc232161083]8.1 Anticipated Results
Consistent with the objectives and hypotheses, this study expects to find:
Improved Perceived Intelligence (H1): The conversational memory module will lead to higher user ratings of perceived intelligence. Participants will likely report that the enhanced assistant feels more attentive, personalised, and "smart" because it remembers information across conversation turns. This would replicate and extend findings from Arthur and KARMA [3], [21].
Increased User Engagement (H2): Emotion-aware, empathetic responses will result in significantly higher self-reported engagement. Users may describe feeling more "heard" or "understood" when the assistant responds appropriately to their emotional state. This would align with affective computing research demonstrating that empathy improves user experience [36], [64].
Enhanced Trust (H3): Participants will likely rate the emotion-aware assistant as more trustworthy than the affect-blind baseline. Trust is a relational outcome that develops when users perceive systems as caring and competent [17], [78].
Improved Naturalness (H4): Adaptive, intent-driven gestures will be rated as more natural than static animations. Users may comment that gestures "made sense" given what the assistant was saying, enhancing the sense of interacting with a social being rather than a machine [5], [25].
Higher Overall Usability (RQ4): The fully enhanced prototype is expected to achieve a significantly higher System Usability Scale (SUS) score compared to the baseline. While SUS traditionally measures ease of use, the combination of memory, emotion, and gestures may reduce cognitive load and make interaction feel more intuitive [76].
[bookmark: _Toc232161084]8.2 Theoretical Contributions
This research will contribute to HCI and affective computing theory by:
Providing empirical evidence on the combined effects of memory, emotion awareness, and adaptive behaviour—capabilities previously studied in isolation [3], [5], [36].
Testing and extending the ECA evaluation framework, demonstrating how multiple feature enhancements can be rigorously compared to a baseline [46].
Contributing to the understanding of how embodiment features interact to produce user outcomes. The findings may reveal that some features have additive effects while others interact synergistically.
[bookmark: _Toc232161085]8.3 Practical Contributions
The project will deliver:
A validated, documented, open-source ECA prototype that can serve as a platform for future research. Unlike commercial systems, this Unity-based artifact is extensible and modifiable [48].
A reusable evaluation methodology for comparing prototype versions, including validated instruments, task designs, and analysis approaches [42].
Design guidelines for ECA developers based on empirical findings about which features most improve user experience.
[bookmark: _Toc232161086]8.4 Methodological Contributions
The phase-gated approach—technical audit, targeted development, mixed-methods evaluation—provides a structured framework for advancing legacy research software [6], [84]. This addresses a common but often ad-hoc challenge in academic software development: how to strategically enhance existing prototypes rather than rebuilding from scratch.

[bookmark: _Toc232161087]9. Conclusion
This proposal has outlined a strategic and structured approach to Master's research that builds upon a solid foundation of existing work. Rather than starting from scratch—a common but inefficient approach in student projects—this research embraces the practical and scholarly value of advancing an existing prototype through targeted, evidence-driven enhancements.
The project addresses a clearly defined research gap: while memory, emotion awareness, and adaptive gestures have been studied separately in ECA contexts, relatively little research has examined their combined effect within a single integrated system. By designing, implementing, and evaluating a 3D embodied assistant that simultaneously provides all three capabilities, this research will generate empirical evidence to guide the design of more natural, engaging, and trustworthy AI systems.
The methodology is grounded in Design Science Research principles, ensuring both rigorous artifact development and systematic evaluation. The mixed-methods evaluation—combining standardised quantitative instruments with rich qualitative interviews—will produce findings that are both statistically comparable and contextually meaningful.
The project is achievable within the available 8-week timeframe because it leverages an existing working prototype rather than requiring reimplementation from the ground up. The three enhancement features have been carefully selected for feasibility: conversational memory using JSON storage, sentiment analysis using pre-trained models, and adaptive gestures using intent classification with existing animations.
This work will not only produce an enhanced embodied agent but will also provide a valuable case study in the evolution of research software, fully aligning with the rigorous demands of the Masters Project. The outcomes will contribute meaningfully to the fields of Human-Computer Interaction, Embodied Conversational Agents, and Affective Computing.
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Week	Activities	Deliverables	1	2	3	4	5	6	7	8	1	Technical audit; memory module design and implementation	Audit report; working memory storage/retrieval	1	2	Memory module testing; integration with existing dialogue system	Fully integrated memory	3	Sentiment analysis integration; emotion-response prompt engineering	Emotion detection working	4	Facial expression integration; emotion module testing	Emotion-aware responses	5	Adaptive gesture engine; animation library expansion	Intent-driven animations	6	Full system integration; debugging; ethics approval submission	Complete enhanced prototype	7	User testing (pilot n=3-5, then main n=15-20); surveys and interviews	Raw quantitative and qualitative data	8	Data analysis; thesis write-up; final submission	Completed dissertation	
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