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Abstract : This research suggests an affect-conscious LLM-based virtual companion model that combines synthetic 

physiological emotion identification, emotion intensity predictor with adaptive dialogue forms to generate empathetic 

dialogues. Synthetic dataset of 5000 physiological samples of the four conditions, Calm, Neutral, Distressed and 

Engaged, was generated and tested on random forest, SVM and ANN classifiers. The models were able to attain a 

good performance of about 0.98 Macro-F1, which illustrates good performance in emotion classification. The dialogue 

evaluation based on affect conditioning adaptation was better than the scripted and generic conversation style. The 

framework shows that it is computationally feasible to implement emotion-directed virtual companions but 

verification of them in the real world must involve human experiments as well as actual physiological data. 
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I.Introduction 

Background 

Virtual reality (VR)-driven empathy training has 

become a promising method of perspective-taking and 

emotional empathy development by being exposed to 

the virtual world. However, many existing VRs are 

based on some preset storylines and programmed 

dialogues. Emotional unaware virtual agents are 

unable to react to the changing mental conditions of 

users. AI companions may be further personalized by 

being emotionally responsive, so that the dialogs 

change in response to affective conditions in users. 

Research Problem 

Existing VR empathy training tools do not have a 

closed-loop adaptive system to enable a user to affect 

AI-generated dialogue in real-time based on their 

emotional state. Traditional systems have a linear 

interaction pattern wherein users are exposed to VR 

situations and get pre-determined reactions [1]. This 

study proposes research with an affect-aware 

architecture in which the physiological or behavioral 

affect signals which are outlined are categorized and 

utilized to inform adaptive responses by Large 

Language Models. In this study, a problem of 

computational validation with synthetic physiological 

signals has been targeted prior to the implementation 

with real users. 

Research Aim and Objectives 

Research Aim 

The research aims to create an affect-aware LLM-

driven virtual companion system allowing it to 

generate adaptive dialogues in real time by integrating 

emotion recognition to immersive VR empathy 

training spaces. 

Research Objectives 

● To develop synthetic affect recognition model 

that can be used in the recognition of the user's 

emotional states from simulated physiological signals. 
Independent Researcher, USA 
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● To create an affect-conditioned Large 

Language Model framework to generate adaptive 

dialogues. 

● To integrate emotional classification and VR 

virtual companions interactions through a closed-loop 

architecture. 

● To assess effectiveness of emotion-adaptive 

dialogue compared with the non-affective and static 

conversational approaches. 

Novel Contribution 

The study proposes an affect-sensitive Large 

Language Model-based virtual companion system 

which combines emotion classification under machine 

learning with affect-conditioned dialogue adjustment 

to VR-based empathy training [2]. The proposed 

closed-loop architecture allows affective states that are 

detected to influence conversation response 

generation, and personalized, emotionally sensitive, 

and context-sensitive virtual interactions. 

 

II.Related Work 

Synthetic Physiological Signal-Based Emotion 

Recognition for Affective Computing and Human 

State Classification Models  

 

Fig 1. Physiological Emotion Recognition 

Framework 

Affective computing based several research works 

have focused on physiological indicators EEG, 

galvanic skin response and heart rate for emotion 

recognition [3]. The current literature shows that 

machine learning models have the potential to 

recognize human affective states [4]. However, most 

approaches rely on controlled laboratory data which 

do not have a high ecological validity [5]. It can be 

used to generate synthetic physiological data which 

can be used as an alternative to developing and testing 

computational framework but which may not be as 

realistic at human-emotional complexity [6]. As much 

as the synthetic datasets enhance reproducibility and 

analysis of the algorithms, their incapability to capture 

individual variation points to the fact that adaptive 

models are required to ensure generalization across 

varied emotional states of being. 

Large Language Models for Context-Aware 

Dialogue Generation and Intelligent Conversational 

Agent Development  

 

Fig 2. LLM-Based Adaptive Dialogue Generation 

Recent developments in Large Language Models 

(LLM) have transformed the conversational agents by 

allowing human-like dialogue generation, context-

aware and more [7]. The current literature emphasizes 

the ability of the LLMs to retain semantic consistency 

and respond personally. Nevertheless, standard agents 

that use LLM do not pay much attention to the 

emotional state of users because they use only textual 

clues to understand users [8]. Even though prompt 

engineering and retrieval-based can enhance the 

relevance of the response, it lacks the ability to capture 

dynamic information that is affective [9]. This 

drawback implies that existing conversational 

adaptiveness to incorporate emotion recognition cues 

and complement LLM reasoning can be used to have 

more empathetic conversations with intelligent virtual 

companion systems. 

Virtual Reality-Based Empathy Training Systems 

and Emotionally Responsive Virtual Companion 

Technologies  

 

Fig 3. VR Empathy Training and Virtual 

Companions 
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The use of Virtual Reality-based empathy training has 

been a focus because of the possibility to simulate 

immersion in a scenario that encourages perspective-

taking and emotional insight [10]. According to 

previous research, VR environments may have an 

effect on the cognitive and emotional reactions of the 

users, however most of the available applications rely 

on pre-set storylines and programmed virtual actors 

[11]. These fixed interactions are unable to support 

changes in the interaction of the users, the stress or 

emotional responses to experiences [12]. Improving 

the virtual companions to become emotionally 

responsive can be viewed as a possible step forward 

towards allowing adaptable interactions [13]. 

However, the existing studies do not contain detailed 

frameworks of integrating immersive VR with the 

affect-based dialogue generation in real time to 

develop empathy in a personal manner. 

Closed-Loop Human-AI Interaction Frameworks 

Integrating Affect Recognition with Adaptive 

Dialogue Systems 

 

Fig 4. Closed-Loop Affect-Aware Human-AI 

Interaction 

The closed-loop human-AI interaction frameworks are 

designed to develop systems that are able to 

recurrently observe, assess, and react to the user states 

[14]. Past studies have investigated adaptive interfaces 

based on emotion recognition, however most of the 

systems offer low degrees of response flexibility by 

responding to predefined rules, rather than based on 

the generative intelligence [15]. The integration of 

affect recognition and dialogue generation based on 

LLMs opens up the option of communicating 

dynamically and in a personal way [16]. Regardless of 

this possibility, there are still issues when it comes to 

real-time emotion reading, valid affect display and 

how to respond accordingly [17]. Thus, a hybrid 

system including affect modeling with synthetics, 

emotion recognition, and dialogue adaptation with the 

help of LLM opens a significant knowledge gap in the 

field of emotionally intelligent virtual companions. 

Research Gap  

The current VR empathy training platforms do not 

present any emotionally sensitive virtual companions 

that may react to user real-time affect [18]. Existing 

LLM-based conversational agents can produce 

responses that are informed by context however do not 

tend to respond to physiological cues of emotions [19]. 

On the same note, there are few instances of affect 

recognition systems that are combined with generative 

dialogue models [20]. Therefore, a single closed-loop 

model that integrates the classification of emotions 

and the deployment of LLM to generate a dialogue and 

allow engaging in VR is not thoroughly researched. 

Whereas past researchers investigated physiological 

emotion recognition and conversational AI 

individually, only a small amount of research 

compares an integrated closed-loop architecture, 

consisting of synthetic affect modelling, emotion 

classification, and affect-conditioned dialogue 

generation. 

 

III.Proposed Methodology 

The study suggests an affective Large Language 

Model (LLM)-powered framework of a virtual 

companion which incorporates synthetic physiological 

affect modelling, machine learning-based emotion 

classification, and emotion-conditioned dialogue 

generation [21]. The suggested methodology defines a 

closed-loop design with user affective states that 

determine the creation of adaptive conversational 
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reactions in immersive VR-based empathy training 

spaces. 

Overall System Architecture 

 

Fig 5. System Architecture  

The proposed architecture comprises five sequential 

elements, such as the synthetic affect data generation, 

emotion classification, affective state representation, 

LLM prompt conditioning and adaptive virtual 

companion dialogue generation [22]. 

The synthetic effect dataset contains user 

physiological conditions by using simulated EEG, 

GSR, heart rate and engagement characteristics. 

Machine learning algorithms use these signals to 

identify the mood of the user [23]. The classified 

affective data is changed into an affective state 

representation in which there is an emotional category 

and intensity level [24]. This information is 

subsequently used as inputs to the LLM prompts in 

order to produce context specific and emotion 

responsive answers. 

The affective state representation can be 

mathematically represented as: 

𝐴 = {𝐸, 𝐼, 𝐶}  

where A represents the affective state vector, E 

denotes the detected emotion category, I represent 

emotional intensity, and C indicates interaction 

context. The generated response R from the LLM can 

be represented as: 

The A, E, I, C is an affective state, the detected 

emotion category, emotional intensity, and interaction 

context, respectively. Generated response R by the 

LLM can be denoted as: 

𝑅 = 𝐿𝐿𝑀(𝑃 + 𝐴)  

Where P denotes the conversational prompt and A 

denotes the affective information which is delivered as 

additional conditioning input. 

Synthetic Dataset Generation  

Real-time EEG and physiological data collection are 

beyond the scope of the world of research so a 

synthetic dataset is created based on the numerical 

simulation techniques of python as a simulation 

language [25]. The dataset includes five data, namely 

EEG alpha, which indicates relaxation, EEG beta, 

which is cognitive activity, GSR level, which is 

emotional arousal, Heart rate, which is stress response, 

and Engagement score which is the level of attention 

[26]. All samples are classified under four emotional 

categories namely Calm (0), Neutral (1), Distressed 

(2) and Engaged (3). The synthetic samples are 

generated of 5000 in total of which 80% are to be used 

as training and 20% to be used as testing. Data 

generation and evaluation is done using NumPy, 

Pandas and Scikit-learn. The characteristic feature is 

estimated as: 

𝑋 = [𝑥1, 𝑥2, 𝑥3, 𝑥4, 𝑥5]  

In which each of the variables is the respective 

physiological or behavioral characteristic, which is 

x1is EEG alpha, x2 is EEG beta, x3 is GSR level, x4 

is Heart rate and x5 is Engagement score. 

TABLE 1. DATASET DETAILS 

Emotion Physiological Pattern 

Calm High EEG alpha, low HR 

Neutral Moderate physiological values 
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Distressed High GSR and HR 

Engaged High engagement and EEG beta 

Emotion Classification Model 

Emotion classification module transforms both 

physiological and behavioral features into discrete 

emotions with supervised machine learning 

algorithms. There are three methods of classification 

which are viewed and include: Random Forest (RF), 

Support Vector machine (SVM), and Artificial Neural 

Network (ANN). Random Forest enhances the 

strength of classification by integrating into a single 

decision tree: many decision trees, the overall 

prediction is defined through most voting; 

𝑦̂ = 𝑚𝑜𝑑𝑒{𝑇1(𝑥), 𝑇2(𝑥), . . . , 𝑇𝑛(𝑥)}  

Where Tn is the prediction of the n th decision tree. 

SVM finds a good classification boundary by 

maximizing the margin separating emotional 

categories: 

𝑓(𝑥) = 𝑤𝑇𝑥 + 𝑏  

In which w is a weight vector and b is the bias term. 

ANN model acquires non-linear correlations between 

the input features and emotional states: 

𝑦 = 𝑓(𝑊𝑋 + 𝑏)  

Where W is the network weights, X is the input 

features and b is the bias. The input signal is comprised 

of physiological characteristics: 

𝑋

= [𝐸𝐸𝐺_𝑎𝑙𝑝ℎ𝑎, 𝐸𝐸𝐺_𝑏𝑒𝑡𝑎, 𝐺𝑆𝑅_𝑙𝑒𝑣𝑒𝑙, 𝐻𝑒𝑎𝑟𝑡_𝑟𝑎𝑡𝑒]  

Accuracy, precision, recall, and F1-score are the used 

measures to assess the classification performance. 

Accuracy is measured as:  

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃 + 𝑇𝑁 

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁 
 

Where TP, TN, FP and FN are true positives, true 

negatives, false positives and false negatives 

respectively. 

Affect-Aware LLM Dialogue Generation 

The classified emotional state is included in the Large 

Language Model (LLM) prompt and used to generate 

the adaptive and context-sensitive dialog [27]. The 

traditional LLM-based conversational systems mainly 

rely on textual input and give responses without taking 

into account an affective state of the user that might 

lead to the generic systems. The proposed framework 

augments the process of dialogue generation to give 

more emotional information, such as the emotion type 

found, the intensity, and the context of interaction 

[28]. That affective conditioning allows the LLM to 

adjust the tonality of responses, their content and the 

style of conversation in accordance with the mood of 

the user [29]. Both linguistic context and the affective 

information affect the generated dialogue and enable 

the virtual companion to create offers that are more 

personal and empathetic. The process of dialogue 

generation is mathematically modelled as: 

𝐷 = 𝑓(𝐿𝐿𝑀, 𝑈, 𝐸, 𝐼, 𝐶)  

Where D is the generated dialogue response, U is the 

user input, E is the detected emotional category, I is 

the level of emotional intensity, and C is the context of 

the scenario. The proposed solution, which 

incorporates affective variables into LLM prompting, 

sets up an adaptive conversational process that can be 

used in emotionally-responsive VR-based empathy 

training conditions. Reproducible evaluation is made 

with the help of a controlled simulated LLM response 

generator. 

Dialogue Adaptation Logic 

 

Fig 6. Dialogue Adaptation Logic Flowchart 
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The virtual companion also uses a conversational 

behavior that varies based on the emotional state 

detected by the effect classification module. An 

adaptive layer based on rules is implemented between 

the emotion recognition system and the Large 

Language Model to conform a generation of responses 

based on the identified affective condition [30]. The 

mechanism allows the LLM to adjust the tone of 

dialogue and emotional sensitivity as well as response 

strategy. 

The system produces neutral and informative 

conversation responses when the user is identified to 

be calm. As a virtual companion, supportive and 

empathetic communication takes a higher priority 

when dealing with the cases of a distressed emotional 

state, which will include the recognition of the user's 

difficulties and emotional support. The dialogue 

strategy should be used in calming down the intensity 

of emotion when there is high stress and focus on 

slower, reassuring, and calming reactions. The system 

promotes exploration, and interactive communication 

with the user when he proves interest, thus, inviting 

greater engagement. 

The adaptation process can be represented as: 

𝑅𝑎𝑑𝑎𝑝𝑡𝑖𝑣𝑒 = 𝐿𝐿𝑀(𝑃, 𝐸𝑠)  

where Radaptive is the response of the adaptive process, 

P is the conversational prompt and Es indicates the 

emotional state detected. Combining affect 

recognition system with machine learning with 

generative AI dialogue adaptation creates a 

computational platform of emotionally attentive 

virtual partners in empathy training VR environments. 

Algorithmic Workflow of the Proposed 

Framework 

Algorithm 1: Algorithmic Workflow 

of the Proposed Framework 

 

Initialize 

 

    Synthetic Affect Dataset 

    Emotion Classification Model 

    LLM-Based Dialogue Generator 

    Virtual Companion Module 

 

 

Inputs 

 

    Physiological Features 

        EEG_alpha 

        EEG_beta 

        GSR_level 

        Heart_rate 

        Engagement_score 

 

    User Interaction Context 

 

 

Parameters 

 

    Emotion Classes 

        Calm = 0 

        Neutral = 1 

        Distressed = 2 

        Engaged = 3 

 

 

Start Process Loop 

 

 

    Generate Synthetic Affect Data 

 

    Extract Physiological Features 

 

 

    Train Emotion Classification 
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Model 

 

        Apply Random Forest / SVM 

/ Neural Network 

 

 

    Predict Emotional State 

 

        Calculate Emotion Category 

        Calculate Emotion 

Intensity 

 

 

    Generate Affective State 

Representation 

 

        Emotion = E 

        Intensity = I 

        Context = C 

 

 

    Construct Emotion-Aware LLM 

Prompt 

 

 

    Generate Adaptive Dialogue 

Response 

 

        D = LLM(P + E + I + C) 

 

 

    Apply Dialogue Adaptation 

Logic 

 

        IF Emotion = Calm THEN 

            Generate neutral 

conversational response 

 

        IF Emotion = Distressed 

THEN 

            Generate supportive 

empathetic response 

 

        IF Emotion = High Stress 

THEN 

            Generate reassuring 

response 

 

        IF Emotion = Engaged THEN 

            Generate exploratory 

response 

 

 

    Return Virtual Companion 

Dialogue 

 

 

End Process Loop 

 

 

Output 

 

    Emotion-Adaptive Virtual 

Companion Response 

Fig 7. Pseudocode 

The proposed algorithm outlines the computing steps 

comprising affect recognition, emotion classification, 

LLM prompt conditioning, and adaptive dialogue 

generation towards an emotionally responsive virtual 

companion system. 
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IV. Experimental Setup And Results 

Experimental Design 

The experimental assessment of the proposed affect-

conscious LLM-based virtual companion architecture 

is evaluated using an entire pipeline of synthetic 

physiological processes generation, emotion 

identification, emotion magnitude forecasting, affect-

controlled prompt generation and adaptive dialogue 

rating. As the physiological data collection in real-

time and the implementation of a VR cannot be 

achieved without involving human participants in the 

study, the evaluation now is concentrated on the 

controlled synthesis through the simulation of 

artificial affective data. The validation of the 

framework by real physiological records and VR 

immersions will be used in the future. 

The synthetic data have 5000 physiological samples, 

which reflect the four emotional conditions, Calm (0), 

Neutral (1), Distressed (2), and Engaged (3). The 

number of samples alone in each category of emotion 

is 1250 which will provide equal representation during 

model training and testing. The physiological feature 

vector created comprises EEG alpha, EEG beta, 

galvanic skin response (GSR), heart rate and 

engagement score. The emotion-specific Gaussian 

distributions are used to sample each feature: 

 

Fig 8. Synthetic Physiological Dataset Generation 

Pipeline 

Synthetic Physiological Dataset Generation Pipeline 

depicts the overall data generation procedure, 

featuring the clarification of emotions, physiological 

feature sampling, generation of ground-truth, and last 

assembly of datasets. 

𝑥 ∼ 𝑁(𝜇𝑒, 𝜎𝑒2)  

In which (x) is a physiological characteristic, μe is the 

emotion-specific mean value and σe is the 

physiological variability. 

The predefined physiological relationships were used 

to give the ground-truth emotional labels. High GSR, 

higher levels of heart rate indicated distressed 

conditions, higher levels of engagement indicated 

engaged conditions and higher levels of alpha activity 

in EEG and lower heart rate indicated calm conditions. 

This would guarantee the synthetic labels are to be 

produced as a result of quantifiable physiological 

patterns not simply by mere designation. 

Evaluation Methodology 

The dataset is stratified based on emotion so that it was 

split into 80% training (4000 samples), and 20 percent 

testing (1000 samples). There were four classification 

models, which were assessed: 

Majority-class baseline classifier 

Random Forest (RF) 

Support Vector Machine (SVM). 

Artificial Neural Network (ANN). 

The accuracy, precision, recall and Macro-F1 score 

were used as the performance evaluation. 

The accuracy is computed: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃 + 𝑇𝑁 

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁 
  

TP, TN, FP and FN are true positives, false negatives, 

false positives and false negatives respectively. 

The Macro-F1 score was employed since it gives equal 

value to all the categories of emotions: 

𝑀𝑎𝑐𝑟𝑜 − 𝐹1 =  
1

𝑁
∑

𝑁

𝑖=1

𝐹1𝑖  

(N) being the number of emotional classes. 

Five-fold stratified cross-validation also was done to 

assess the stability of the model. 
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Synthetic Dataset Analysis 

 

Fig 9. Synthetic Emotion Class Distribution 

This is a figure that shows the distribution of the states 

of emotion generated. There is 1250 samples in each 

category which makes Calm, Neutral, Distressed, and 

Engaged classes evenly distributed. Such a balanced 

form minimizes the classification bias and enables us 

to compare the machine learning models reliably. 

 

Fig 10. Physiological Feature Correlation Matrix 

This figure shows correlation between the variables of 

physiology and the cases of emotion. EEG beta was 

significantly correlated with emotion labels 

(correlation = 0.87) then GSR (0.73) and heart rate 

(0.64). These findings suggest that there is meaningful 

information about emotions contained in 

physiological characteristics. 

 

 

 

Emotion Classification Results 

 

 

 

 

Fig 11. Machine Learning Emotion Classification 

Performance Comparison 
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This plot compares the performance of baseline, RF, 

SVM and ANN. The control classifier is 25% correct 

and Macro-F1 = 0.10 which reaffirms such low 

predictive power. Random Forest, however, scored 

(approximately) 98% with accuracy Macro-F1 = 0.98, 

SVM scored (approximately) 98% with accuracy 

Macro-F1 = 0.98, and ANN scored (approximately) 

98% with Macro-F1 = 0.98. 

 

Fig12. Five-Fold Cross-Validation Macro-F1 

Performance 

The above figure gives the five-fold results of the 

validation. The mean Macro-F1 value of random 

Forest is approximately 0.9796, SVM 0.9838 and 

ANN 0.9824, which depicts the similar performance 

in terms of classification. 

 

 

 

 

Fig 13. Emotion Classification Confusion Matrices 

The above figure analyses the pattern of the 

classification errors. On 1000 test samples, the correct 

classification of 243 Calm, 238 Neutral, 249 

Distressed and 250 Engaged samples was done using 

random forest. SVM classified the following correct 

results: 242 Calm, 243 Neutral, 250 Distressed and 

250 Engaged samples, whereas ANN samples had: 

240 Calm, 241 Neutral, 250 Disturbed and 250 

Engaged samples. The majority of errors were 

between Calm and Neutral states because of the 

similarity of physiological features. 

 

Fig 14. Physiological Feature Importance Analysis 
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The contribution analysis of the features may be 

indicated in this figure. GSR achieved the highest 

importance value (0.366), followed by engagement 

score (0.284), EEG beta (0.175), heart rate (0.097), 

and EEG alpha (0.078). These findings indicate that 

there are different multimodal physiological 

characteristics that play different roles in recognizing 

emotions. 

Affect Intensity and Dialogue Generation Results 

A weighted form of physiological formulation was 

used to compute emotion intensity: 

𝐼 = 0.3(𝐺𝑆𝑅) + 0.3(𝐻𝑅/150) + 0.2(𝐸𝐸𝐺𝛽/100)

+ 0.2(𝐸𝑛𝑔𝑎𝑔𝑒𝑚𝑒𝑛𝑡)  

(I) is emotional intensity (normalized) to 0 to 1. 

The representation of the affective state was given as: 

𝐴 = {𝐸, 𝐼, 𝐶}  

where (E)is emotion category, (I) is intensity, and (C) 

is contextual information. 

 

Fig15. Emotion Intensity Calculation Framework 

This framework shows how the values of emotional 

intensity can be converted, on the basis of 

physiological measurements. The identified emotion, 

value of intensity and contextual data are included in 

structured affect-conditioned prompt. 

 

Fig 16. Affect-Conditioned LLM Prompt 

Generation Framework 

This framework shows the timely flow of the building 

process made by emotional state, intensity, context of 

the situation and the input of the user. 

The quality of a dialogue is measured on four levels, 

empathy, emotional relevance, awareness of context 

and personalization. All criteria are scored out of 5 and 

the final score of the dialogue was computed as: 

𝑆𝑐𝑜𝑟𝑒 =  
𝑇𝑜𝑡𝑎𝑙 𝑅𝑎𝑡𝑖𝑛𝑔 

20
× 100  

 

 

 

Fig 17. Dialogue Quality Comparison Between 

Conversational Strategies 

The figure Dialogue Quality Comparison between 

Conversational Strategies presents the results of the 

comparison between dialogue comparisons. The 

highest score was 45 points on scripted dialogue, 65 

points on generic LLM responses, and 90 points on 

affect-aware LLM responses. The findings show that 

the integration of the emotional information increases 

the adaptive responses. 

Statistical and Closed-Loop Evaluation 

 

Fig 18. Statistical Significance Analysis 

The comparison of dialogue approaches is statistically 

done with the Wilcoxon signed-rank test. Statistical 

Significance Analysis shows p-value of 0.0625 which 
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points to a positive trend but is not significant 

according to the conventional statistical significance. 

Stronger validation of these needs can only be 

achieved by larger human evaluation studies. 

 

Fig 19. Closed-Loop Response Latency Analysis 

The performance of the closed-loop processing is 

shown in Closed-Loop Response Latency Analysis. 

The system reported emotion classification Macro-F1 

of 0.9799, intensity correlation, 0.82, prompt 

generation time of 5 ms and dialogue generation 

Latency of about 1.848 ms. 

Fig 20. End-to-End Closed-Loop Evaluation 

Pipeline 

End-to-End Closed-Loop Evaluation Pipeline 

illustrates an interplay between physiological input, 

emotion recognition, intensity estimation, prompt 

generation and adaptive dialogue response.  

 

Fig 21. Emotion Prediction Error Analysis 

Emotion Prediction Error Analysis indicates incorrect 

analysis of prediction, in which there were 20 

misclassifications identified mostly based on Calm-

Neutral confusion. 

Overall, the results demonstrate that the presented 

framework is viable in terms of computation under the 

synthetic-evaluation setting of affect-conscious 

dialogue generation. Nevertheless, the efficacy of VR 

in the real world is to be validated with the help of 

human experiments in the future with real 

physiological parameters. 

TABLE II: SUMMARY OF EXPERIMENTAL 

RESULTS 

Componen

t 

Model/

Method 

Result 

Emotion 

Classificatio

n 

Random 

Forest 
Accuracy ≈98%, 

Macro-F1 ≈0.98 

Emotion 

Classificatio

n 

SVM Accuracy ≈98%, 

Macro-F1 ≈0.98 

Emotion 

Classificatio

n 

ANN Accuracy ≈98%, 

Macro-F1 ≈0.98 

Baseline 

Classificatio

n 

Majority 

Classifier 

Accuracy 25%, Macro-

F1 0.10 

Feature 

Importance 

GSR Importance 0.366 

Feature 

Importance 

Engagem

ent Score 

Importance 0.284 

Dialogue 

Evaluation 

Scripted 

Dialogue 

Score 45 

Dialogue 

Evaluation 

Generic 

LLM 

Score 65 

Dialogue 

Evaluation 

Affect-

Aware 

LLM 

Score 90 

Closed-

Loop 

Evaluation 

Complete 

Pipeline 

Macro-F1 0.9799, 

Latency 1.848 ms 
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V.Discussion 

The experimental results indicate that the 

computational accuracy of the suggested affect-aware 

virtual companion framework is computationally 

feasible. The physiological-based emotion recognition 

is confirmed by GSR with the highest importance of 

features (0.366) and a macro-F1 and accuracy of about 

98%. Affect-aware dialogue scored 90, which is better 

than generic LLM (65) and scripted dialogue (45). The 

closed-loop system delivered 0.9799 Macro-F1 and 

1.848 ms with a latency, which is efficient to integrate 

with and needs to be verified in the future by the 

human VR. 

VI.Conclusion And Future Directions 

Conclusion 

This study proves that an affect-aware virtual 

companion system involving physiological emotion 

recognizer, intensity estimator, and adaptive dialogue 

generator is computationally feasible based on the 

current state of the art of the LLM. Approximately 

0.98 Macro-F1 performance is realized with synthetic 

evaluation based on 5000 samples and affect-

conditioned dialogue with better scores in adaptation 

compared to base methods. However, the practical 

usefulness of VR must be proven by practical 

physiological measurements and experiments with 

humans. 

Future Directions 

The next step for future research will be to prove the 

framework with the help of real-time EEG, GSR and 

heart-rate measurements which will be taken by means 

of human participants. Empathy improvement, quality 

response, and reliability of interaction in immersive 

VR environments will be assessed by large-scale user 

research. Further studies will conduct research on 

cross-user emotion generalisation, real-world LLM 

deployment, shorter latency, personalised affect 

modelling, and statistically sound judgement in a wide 

variety of emotional conditions. 
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  A = { E , I , C }  


  R = L L M ( P + A )  


  X = [ x 1 ​ , x 2 ​ , x 3 ​ , x 4 ​ , x 5 ​ ]  


    y ^ = m o d e { T 1 ​ ( x ) , T 2 ​ ( x ) , . . . , T n ​ ( x ) }  


  f ( x ) =   w  T x + b  


  y = f ( W X + b )  


  X = [ E E G _ a l p h a , E E G _ b e t a , G S R _ l e v e l , H e a r t _ r a t e ]  


  A c c u r a c y =     T P + T N    T P + T N + F P + F N  


  D = f ( L L M , U , E , I , C )  


    R  a d a p t i v e ​ = L L M ( P , E s ​ )  


  x ∼ N ( 𝜇 e ​ , 𝜎 e 2 ​ )  


  A c c u r a c y =     T P + T N    T P + T N + F P + F N    


  M a c r o − F 1 =    1  N   ∑  i = 1  N  F 1 i ​  


  I = 0 . 3 ( G S R ) + 0 . 3 ( H R / 150 ) + 0 . 2 ( E E G 𝛽 ​ / 100 ) + 0 . 2 ( E n g a g e m e n t )  


  A = { E , I , C }  


  S c o r e =     T o t a l   R a t i n g ​   20 × 100  

