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Virtual agents are increasingly deployed in emotionally sensitive domains such as mental health,
education, and social robotics. However, existing systems often lack emotional coherence,
contextual awareness, and memory retention, limiting their ability to deliver human-like
interactions. This study aims to develop an emotion-responsive virtual agent using a Generative
Memory-Augmented Cognitive Architecture (GMCA) that integrates emotion recognition,
episodic memory, and context-aware response generation. The proposed GMCA framework
incorporates a multimodal emotion recognition module, a differentiable external memory for
storing emotion-tagged dialogue history, and a generative response engine conditioned on both
emotion and memory contexts. The system is trained and evaluated on benchmark datasets
including IEMOCAP, DailyDialog, and custom user-agent interaction logs. Key metrics include
BLEU score, Emotion Accuracy (EA), Memory Utility (MU), and Human-Likeness Score
(HLS). Experimental results show that GMCA outperforms existing empathetic and
transformer-based dialogue systems. Specifically, it achieves a BLEU score of 16.9, an EA of
74.5%, a Memory Utility score of 0.78, and an HLS of 4.3 out of 5. These represent
improvements of +3.8 BLEU, +12.6% EA, and +0.6 HLS over the strongest baseline. By
unifying affective computing, memory augmentation, and generative cognitive modeling,
GMCA enables emotionally intelligent, context-aware interactions. The model demonstrates
strong applicability in real-world scenarios requiring empathetic engagement, setting a new
benchmark for emotion-aware conversational Al.

Keywords: Emotion-aware virtual agents, generative dialogue models, memory-augmented
neural networks, cognitive architectures, empathetic Al, affective computing, human-computer
interaction

@ Copyright: © 2024 Guguloth Ravi, T. Aditya sai srinivas, M Bhavsingh. This article is an open-access article
distributed under the terms and conditions of the Creative Commons Attribution (CC BY 4.0) license.

https://www.macawpublications.com/Journals/index.php/SMRJ 1



https://www.macawpublications.com/Journals/index.php/SMRJ
mailto:g.raviraja@gmail.com
mailto:taditya1033@gmail.com
mailto:bhavsinghit@gmail.com
mailto:g.raviraja@gmail.com
https://creativecommons.org/licenses/by/4.0/

Guguloth Ravi et.al / Synth. Multidiscip. Res. J., 2(4) 1-10, 2024

Emotion-Responsive Virtual Agent Using
Generative Memory-Augmented Cognitive

Architectures
Emotion ) I'm here for you. )
Recognition
J
4 3 ~
I'm feeling down Memory-
today Augmented _
Cognitive Core Evaluation
5 v Metrics
f A ~
Generative
Dialogue
Emotion: Engine
Sad BLEU Emotion Human-

Accuracy Likeness

Graphical Abstract: The end-to-end pipeline of the proposed GMCA-based virtual agent

1. Introduction

Emotionally intelligent virtual agents are increasingly
vital in applications ranging from mental health support and
education to customer service and social robotics [1]. These
agents are expected not only to interpret and process natural
language but also to recognize, track, and appropriately
respond to human emotions. Despite progress in natural
language generation and affective computing, achieving
emotionally coherent and context-aware interaction remains
a persistent challenge [2]. The lack of memory continuity,
shallow emotion modeling, and limited adaptability in
current systems restricts their real-world usability and user
acceptance.

Conventional dialogue systems typically operate with
limited emotional awareness, often relying on sentiment
classifiers or keyword-based emotional tags [3]. These
methods fail to capture the dynamic and contextual nature
of human affect, leading to emotionally inconsistent or
inappropriate responses. Moreover, most state-of-the-art
generative models lack memory augmentation and treat
each interaction in isolation, ignoring prior user states and
conversation history [4]. Even systems designed for
empathetic responses are largely stateless and depend on
predefined emotion templates, which hinders their ability to
generalize across diverse emotional contexts and long-term
interactions [5].

To address these limitations, this study proposes a
novel framework that integrates generative language
modeling with external memory-augmented cognitive
architecture, enabling virtual agents to dynamically
synthesize emotionally responsive behavior [6]. The system
leverages multimodal emotion recognition, episodic
memory encoding, and emotion-conditioned response
generation to produce adaptive, affect-sensitive dialogue.
By emulating cognitive processes such as emotion-driven
memory retrieval and context-aware decision-making, the
proposed architecture advances the design of human-like,
empathetic agents [7].

Key Contributions of this Study Include:

e A novel generative memory-augmented cognitive
architecture (GMCA) that integrates emotion
recognition, memory retrieval, and dialogue
generation.

o A differentiable memory module that stores and
retrieves emotionally tagged episodic context,
enabling long-term emotional coherence in
dialogue.

e A dual-objective training scheme that jointly
optimizes linguistic quality and emotional
alignment using cross-entropy and emotion-
consistency loss functions.
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e Comprehensive evaluation across three datasets
with results showing significant improvements in
BLEU score (+3.8), Emotion Accuracy (+12.6%),
and Human-Likeness Score (+0.6) over existing
empathetic dialogue baselines

The remainder of this paper is organized as follows:
Section 2 reviews related work in affective computing and
memory-based dialogue systems. Section 3 presents the
problem formulation. Section 4 details the proposed GMCA
methodology. Section 5 reports experimental setup and
evaluation results. Section 6 discusses the implications and
limitations, and Section 7 concludes the study with future
research directions.

2. Literature Review

This section reviews prior research relevant to the
development of emotion-responsive virtual agents. The
literature is categorized into four key areas: emotion
recognition in dialogue systems, empathetic dialogue
generation, memory-augmented neural architectures, and
cognitive modeling in conversational agents.

2.1 Emotion Recognition in Dialogue Systems

Emotion recognition is foundational to affective
human-computer interaction. Early works primarily relied
on rule-based sentiment analysis or keyword spotting,
which lacked robustness in dynamic conversational
contexts. Recent advancements employ multimodal deep
learning techniques to fuse facial expressions, vocal
prosody, and text semantics for more accurate emotion
classification.

For instance, the IEMOCAP dataset has been
extensively used to train emotion classifiers capable of
detecting discrete emotions from speech and text
Transformer-based models such as BERT and its emotion-
adaptive variants have also been employed for context-
sensitive emotion detection in multi-turn dialogues
Despite progress, most emotion recognition systems operate
in isolation and are not jointly optimized with downstream
dialogue generation modules, resulting in a disconnect
between emotional inference and agent response.

2.2 Empathetic Dialogue Generation

The ability to generate emotionally aligned responses is
a key aspect of building human-like agents. The
EmpatheticDialogues framework introduced a large-scale
dataset where responses are conditioned on manually
annotated emotional labels . Models trained on this data
can mimic emotional tone but often fail to sustain emotional
consistency across multiple dialogue turns.

Subsequent studies employed emotion embeddings and
attention mechanisms to guide generation, yet these
methods remain limited by the absence of long-term user
context . Conditional variational autoencoders and
reinforcement learning have been explored to induce greater
diversity and affective coherence in responses
However, these approaches typically lack an external
memory or cognitive component to ground their generative
decisions in past interactions.

2.3 Memory-Augmented Neural Architectures

Memory mechanisms have been successfully applied to
various NLP tasks such as question answering,
summarization, and dialogue . Neural Turing Machines
(NTMs) and Differentiable Neural Computers (DNCs)
introduced the concept of trainable external memory,
allowing neural networks to read from and write to episodic
memory structures

In the context of dialogue systems, Memory Networks
and Episodic Memory Transformers enable models to
reference past conversation history to maintain contextual
relevance. However, these systems are rarely optimized for
emotional continuity. Most focus purely on content
retrieval, ignoring the emotional trajectory or affective
intent associated with prior user interactions

2.4 Cognitive Architectures for Conversational Al

Cognitive architectures such as ACT-R, SOAR, and
CLARION aim to simulate human reasoning, learning, and
memory in artificial agents. While these symbolic systems
offer strong interpretability and structure, they struggle to
scale to open-domain, data-driven environments
Recent efforts have explored hybrid neuro-symbolic
systems that combine neural modules with structured
cognitive workflows, showing promise in complex
decision-making tasks.

However, the application of cognitive modeling to
emotional conversation remains underdeveloped. Most
existing systems treat cognition and emotion as separate
modules, lacking a unified framework that can adaptively
integrate both for response synthesis.

2.5 Research Gaps

Despite  substantial advancements in emotion
recognition, empathetic dialogue generation, and memory-
augmented architectures, several critical research gaps
persist:

o Lack of Integrated Architectures: Most existing
systems address emotion recognition, memory
modeling, and response generation as isolated
modules. There is a clear absence of end-to-end
architectures that jointly model affect, cognition,

and generative dialogue within a unified
framework.
e Emotion-Agnostic Memory Utilization: While

external memory mechanisms have shown utility in
content retrieval, they are rarely emotion-
conditioned. No prominent models actively encode,
store, or retrieve emotion-tagged episodic
memories, which are essential for emotionally
coherent multi-turn interactions.

o Stateless Generation and FEmotional Drift:
Transformer-based generative models, even those
fine-tuned on empathetic corpora, lack long-term
statefulness. This leads to emotional drift over
extended dialogues, where responses gradually lose
alignment with the user’s affective state.

o Limited Cognitive Modeling in Dialogue Agents:
Cognitive architectures simulate memory, attention,
and reasoning, yet they are underutilized in
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affective dialogue systems. The few hybrid
approaches that do exist prioritize task reasoning
(e.g., planning, Q&A) over emotion-aware
behavioral adaptation.

o  Minimal Real-World Evaluation: Most studies rely
on automatic metrics or static test sets. There is a
dearth of user-centric evaluations involving real-
time affective interactions to assess human-
likeness, empathy, and adaptive behavior in
dynamic environments.

These research gaps highlight the need for a novel,
cognitively inspired architecture that not only understands
emotion but also remembers it and uses it to adapt behavior
dynamically. The proposed GMCA model addresses this
void by tightly coupling emotion recognition, memory
retrieval, and generative response synthesis under a unified
and learnable architecture.

3. Problem Statement

As virtual agents become increasingly deployed in
emotionally sensitive applications—such as mental health
support, education, and customer engagement—the demand
for systems that exhibit emotional intelligence, contextual
awareness, and adaptive behavior has grown significantly.
However, current conversational agents exhibit critical
deficiencies that limit their effectiveness in these domains.

Most existing systems utilize basic sentiment classifiers
or rule-based affective models, which fail to account for the
temporal evolution and complexity of human emotion [18],
[19]. These approaches lack the capacity for dynamic
emotional modeling across multiple interaction turns,
resulting in responses that are often emotionally
inconsistent or insensitive. Additionally, dialogue systems
commonly operate without persistent memory [20], [21],
leading to repeated, disconnected interactions that ignore
prior user experiences, affective states, or preferences.

While large-scale generative language models have
significantly advanced the linguistic capabilities of dialogue
agents [22], they typically function without cognitive
grounding or emotional memory integration. These models,
although fluent, are stateless by design and do not support
long-term personalization or adaptive emotional continuity.
Similarly, current empathetic dialogue frameworks remain
constrained by shallow emotional inference and limited
memory utilization [23], [24], restricting their ability to
support psychologically coherent interactions.

Consequently, there exists a fundamental gap in the
design of virtual agents that can simultaneously perceive
emotional states, retain and retrieve episodic memory, and
generate contextually and emotionally aligned responses
over time. This research aims to address this gap by
proposing a unified architecture that integrates emotion
recognition, memory-augmented cognitive modeling, and
generative response synthesis. The goal is to develop agents
capable of delivering emotionally intelligent and context-
aware interactions that reflect human-like continuity,
empathy, and responsiveness.

4. Methodology

This section presents the architecture and functional
components of the proposed emotion-responsive virtual
agent framework, termed GMCA (Generative Memory-
augmented Cognitive Architecture). The system is designed
to (i) recognize emotional states from multimodal user
inputs, (ii) encode and store emotional memory, (iii) retrieve
context-relevant memory, and (iv) generate responses that
are both emotionally and contextually appropriate.

4.1 System Architecture Overview

The GMCA architecture is structured into four core
modules:

1. Emotion Recognition Module

2. Memory-Augmented Cognitive Core
3. Context Manager

4. Generative Dialogue Engine

Each module interacts through a central cognitive
workspace that maintains a dynamic state vector
representing user context and emotional trajectory.

The overall architecture of the proposed GMCA-based
virtual agent, including its core modules and information
flow, is depicted in Figure 1.
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Fig.1. System architecture of the proposed emotion-responsive virtual
agent using Generative Memory-Augmented Cognitive Architecture
(GMCA)

Figure 1 illustrates the complete system architecture of
the proposed GMCA framework. The virtual agent receives
multimodal user inputs-text, speech, and facial expressions-
which are processed by the Emotion Recognition Module to
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extract an emotional state vector e;. This vector, along with
dialogue history, is passed through the Context Manager and
stored in the Memory-Augmented Cognitive Core using an
external episodic memory structure. The Generative
Dialogue Engine synthesizes contextually and emotionally
aligned responses y;, enabling the agent to exhibit adaptive
and empathetic behavior in real time.

4.2 Emotion Recognition Module

Let the input from the user at time step t be denoted by
X, which may include text xfT), facial expression features

x", and vocal tone embeddings x"’. The emotion

recognition function £ estimates the user's emotional state
vector e, € R¥, where k represents the number of emotion
classes (e.g., anger, joy, sadness).
T F |4
et=$(xt)=a(l/l/e[xt( );xt( );xg )]+be) Q)

Here, o is a softmax activation, W, and b,, are trainable
parameters, and [-;-] denotes vector concatenation.

4.3 Memory-Augmented Cognitive Core

The cognitive core uses a differentiable external
memory M € RV*¢ where N is the number of memory
slots and d is the dimension of each slot. Each memory entry
stores a tuple ( k;, v; ) where:

o k; € R4 : key vector (emotion-context hash)
e v; € R : value vector (semantic memory)
4.3.1 Memory Write Operation:

Given an emotional embedding e; and dialogue history
vector h,, a memory key k; and value v, are computed as:

ke = tanh(Wy[e; he] + by), v, = tanh(W,h, + b,,)

)
The memory is updated via content-based addressing using
cosine similarity:
Miyr = M U {(ke, v} 3)

4.3.2 Memory Read Operation

During response generation, relevant memory vectors

are retrieved using a soft attention mechanism. Let g, be the
current query vector derived from e, and h, :

q: = tanh(%[et; he] + bq) %)

The attention weight «; for each memory slot (k;, v;) is
computed as:

exp(cos(qr.ky)) (5)

a; =
¢ Z;-V=1 exp(cos(qt,kj))

The memory context vector m, is then:

me =N, av; (6)

The following algorithm summarizes the key
operations of the memory module, including emotion-
conditioned key-value encoding, soft-attention-based
retrieval, and context aggregation for downstream dialogue
generation.

Algorithm: Emotion-Conditioned Memory Augmentation
and Retrieval

Input:
e Emotion vector at time t: e;
e Dialogue history vector: h;
e Current memory matrix: M, = {(k;, v;)}\.,
Output:
e Retrieved memory context vector: m;
e Updated memory matrix: M; 4
Step 1: Encode Emotion and Dialogue Context
Compute the memory key and value vectors:
o k¢ < tanh(Wy[e.; he] + by)
o v, « tanh(W,h; + b,)
Step 2: Write to Memory
Append new key-value pair to memory:
o My & MU {(ke,ve)}
Step 3: Generate Query Vector
Generate a query vector for memory retrieval:
o g « tanh(%[et; he] + bq)
Step 4: Compute Attention Scores

For each memory slot i€ {1,..,N}, compute cosine
similarity:

_ exp(cos(ark;))
© 2l exp(cos(ark;))
Step 5: Aggregate Memory Context
Compute the weighted sum of value vectors:
o m <Y
Return:
e Retrieved memory vector m,
e Updated memory matrix M, ,

The retrieved memory vector m; is then passed to the
context manager for dynamic state tracking and to the
generative engine for response conditioning, ensuring
emotional coherence and contextual continuity.

4.4 Context Manager

The context manager maintains the global dialogue
state s;, updated at each time step based on emotion e; ,
retrieved memory m,, and current utterance x; :

S¢ = GRU(S¢_q, [x¢; €5 me]) )

This enables the system to track user sentiment trends,
intent continuity, and semantic relevance across turns.

4.5 Generative Dialogue Engine

The generative response decoder is based on a
transformer or GPT-style architecture. At each step t, it
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generates a response token y, conditioned on the current
state s;, emotion e;, and memory context m, :

P(Y; | Y<t, S, €, me) = Decoder (Y, [s¢; ec;me]) (8)

Training is conducted via maximum likelihood estimation
(MLE) using cross-entropy loss:

Training is conducted via maximum likelihood estimation
(MLE) using cross-entropy loss:

Loen = —Xi=1 log P | yer, Speme)  (9)
Where y; is the ground truth token at time t.
4.6 Overall Objective

To ensure emotionally consistent generation, an
auxiliary emotion alignment loss is added. Let é, be the
predicted emotion of the generated response using an
emotion classifier:

Lemo = 1€ — etllz (10)
The total loss is a weighted sum:
Ltotal = Lgen + lLemo (11)

Where A is a hyperparameter controlling emotional
alignment.

This methodology ensures that the virtual agent not
only produces fluent and contextually grounded responses,
but also adapts to users’ emotional states and leverages
episodic memory to enhance interaction depth and
personalization.

5. Experimental Evaluation

This section presents the experimental framework used
to assess the effectiveness of the proposed Generative
Memory-Augmented Cognitive Architecture (GMCA) for
emotion-responsive virtual agents. Evaluation includes
dataset descriptions, baseline models, performance metrics,
and quantitative results.

5.1 Datasets and Experimental Setup

To ensure comprehensive evaluation, experiments were
conducted on three representative datasets spanning
emotion recognition and open-domain multi-turn dialogue:

e IEMOCAP: A multimodal dataset containing
approximately 12 hours of speech and video data,
annotated with categorical emotions such as happy,
sad, angry, and neutral

o DailyDialog: A high-quality multi-turn
conversation dataset with manually labeled
emotional tags and rich everyday communication
contexts

o Self-collected Interaction Logs: A custom dataset
containing 500 anonymized user-agent interactions
from a deployed prototype of GMCA, covering
both emotionally neutral and emotionally sensitive
scenarios.

All models were trained on NVIDIA A100 GPUs with
a learning rate of le-4, batch size 16, and early stopping

based on  validation  emotion-alignment  loss.
Hyperparameter tuning was conducted via grid search.

5.2 Baseline Models

To validate the efficacy of GMCA, comparisons were
made against the following baselines:

e Seq2Seq with Attention: A traditional encoder-
decoder architecture without emotion modeling or
memory augmentation

e GPT-2 Fine-tuned: A transformer-based language
model fine-tuned on dialogue data without external
memory or affect modelling

e EmpatheticDialogues (ED): A state-of-the-art
empathetic response model trained to conditionally
generate emotionally relevant replies based on
dialogue history and emotion class

e GMCA (Proposed): Our model integrates episodic
memory, emotion-conditioned generation, and
dynamic context tracking.

5.3 Evaluation Metrics

The system was evaluated using four metrics: BLEU,
Emotion Accuracy, Memory Utility Score, and Human-
Likeness Score. Each metric assesses a distinct performance
dimension.

5.3.1 BLEU Score

BLEU (Bilingual Evaluation Understudy) measures the
overlap between generated and reference responses in terms
of nnn-gram precision. The BLEU score for a corpus is
defined as:

BLEU = BP - exp(3N_; w,logp,) (12)
Where:
pr 1S the precision of n-grams,
wy, is the weight (uniform, typically 1/N ),
BP is the brevity penalty, defined as:

1 ifc>r

BP = exp(l—%) ifc<r

(13)

¢ and r denote the length of the candidate and reference
translations respectively. BLEU reflects lexical similarity
but does not capture semantic adequacy or emotional
alignment.

5.3.2 Emotion Accuracy (EA)

Emotion Accuracy measures the consistency between
the emotion expressed in the generated response and the
target emotion of the reference. Given an emotion classifier
&, and ground-truth emotion e*, the predicted emotion & =
E(¥) is compared as:

1 N *
EA = ;Z§=1 1[é, = €] (14)

Where 1[-] is the indicator function, and T is the
total number of generated responses. High EA indicates
emotional congruence in system responses.
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5.3.3 Memory Utility Score (MU)

This metric evaluates how effectively the memory
module contributes to generating contextually enriched
responses. It is computed as the average cosine similarity
between the memory context vector m, and the generated
response embedding y; :

T me Yyt ( )

1 1
MU ==¥T_. cos(m ==
7 2t=1 cos(Me, ¥e) = £ Xty Imellllyel

A higher MU score indicates that the agent is
effectively leveraging stored episodic memory in response
generation.

5.3.4 Human-Likeness Score (HLS)

To assess perceived human-likeness and empathy, a
blind user study was conducted involving 50 participants
rating 100 anonymized responses on a Likert scale (1-5).
The Human-Likeness Score is computed as:

HLS = -3, 7 (16)

Where 7; € {1,2,3,4,5} is the human rating for the i
response and N is the total number of ratings. Higher scores
indicate more natural, human-like interaction quality.

5.4 Results

This section presents the quantitative performance of
the proposed GMCA model in comparison to baseline
systems across all defined evaluation metrics. The
experiments validate GMCA’s capability to produce
emotionally aligned, context-aware, and human-like
responses.

5.4.1 Quantitative Performance Comparison

The following table summarizes the model
performance across the four metrics: BLEU, Emotion
Accuracy (EA), Memory Utility (MU), and Human-
Likeness Score (HLS).

Table 1: Quantitative performance comparison of GMCA and

baseline models across BLEU, Emotion Accuracy (EA), Memory Utility
(MU), and Human-Likeness Score (HLS)

Model BLEU 1 EA 1 MU 1 HLS (/5) 1
Seq2Seq w/
Attention [27] 8.2 41.6 N/A 29
GPT-2
Fine-tuned [28] 114 533 NIA 34
Empathetic-
Dialogues (ED) 13.1 61.9 N/A 3.7
[29]
GMCA
(Proposed) 16.9 74.5 0.78 43

Table 1 presents the comparative evaluation of the
proposed GMCA model against standard baselines. GMCA
demonstrates superior performance across all metrics,
achieving the highest BLEU (16.9), Emotion Accuracy
(74.5%), and Human-Likeness Score (4.3). Notably, it is the
only model that incorporates memory and achieves a
Memory Utility score of 0.78, validating the effectiveness
of episodic context integration.

5.4.2 Analysis of Results

BLEU Score: GMCA achieved the highest BLEU score
(16.9), outperforming the EmpatheticDialogues baseline by
a margin of 3.8 points. This improvement reflects GMCA’s
enhanced lexical and contextual fluency, attributable to
memory-conditioned response generation.

Emotion Accuracy (EA): The proposed model achieved a
substantial improvement in EA, reaching 74.5%, compared
to 61.9% for the next best model. This highlights GMCA's
superior capacity to generate responses that match the
emotional intent of the dialogue, owing to its real-time
emotion tracking and embedding mechanisms.

Memory Utility (MU): As the only model employing
memory augmentation, GMCA demonstrated high
contextual recall with a MU score of 0.78 (cosine
similarity). This indicates that the system effectively
integrates episodic memory into response formulation,
ensuring contextual continuity across turns.

Human-Likeness Score (HLS): User evaluations reveal
that GMCA responses were perceived as more natural and
empathetic, scoring 4.3 on average—an increase of +0.6
compared to the state-of-the-art empathetic baseline.
Participants consistently reported that GMCA responses felt
“more human-like,” “contextually richer,” and “emotionally
aware.”

5.4.3 Statistical Significance Testing

To verify the robustness of the observed performance
gains, paired t-tests were conducted comparing GMCA with
EmpatheticDialogues across BLEU and EA scores over 100
samples. The results showed statistical significance at the
95% confidence level (p < 0.01), confirming that
improvements are not due to chance.

5.4.4 Qualitative Observations

Sample from GMCA

demonstrated:

responses consistently

e  Emotional mirroring: adapting tone and empathy
to match user distress.

e Memory recall: referencing past user inputs to
sustain continuity.

e Context-sensitive de-escalation: calming anxious
or frustrated users through adaptive phrasing.

These qualitative traits were not evident in non-
memory-based baselines, further underscoring the
effectiveness of the proposed architecture.

5.4.5 Visualizations
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Comparison of Model Performance Across Evaluation Metrics
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Fig.2. Comparison of model performance across multiple evaluation
metrics.

Figure 2 presents a bar chart comparing the four models
across BLEU, Emotion Accuracy, Memory Utility, and
Human-Likeness Score. The GMCA model outperforms all
baselines in each metric, especially in emotional accuracy
and contextual memory usage, demonstrating its robustness
in emotionally responsive dialogue generation.
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Fig.3. Emotion accuracy trend across baseline and proposed models.

Figure 3 shows the progression of emotion accuracy
across models. The curve highlights a substantial increase
in accuracy from Seq2Seq to GMCA, reflecting the benefit
of integrating emotional embeddings and memory-aware
dialogue state tracking.

Human-Likeness Scores by Model

Score (/5)

Seq2Seq GPT-2 EmpatheticDialogues GMCA

Models

Fig.4. Human-likeness scores for generated responses across models.

Figure 4 illustrates the Human-Likeness Scores as rated
by participants in the user study. GMCA achieves the
highest perceived naturalness, scoring 4.3 out of 5,
indicating that the inclusion of emotional alignment and
memory recall significantly enhances user engagement and
response authenticity.

6. Discussion

This section analyzes the empirical findings of the
proposed Generative Memory-Augmented Cognitive
Architecture (GMCA), situating them in the broader context
of emotion-responsive dialogue systems. The discussion
focuses on comparative insights, real-world applicability,
identified limitations, and future research opportunities.

6.1 Comparison with Prior Work

The experimental results clearly demonstrate the
superiority of the GMCA model over existing baseline
architectures. Compared to the traditional Seq2Seq and
transformer-based GPT-2 models, GMCA exhibits
significantly higher BLEU and Emotion Accuracy scores,
indicating improved lexical quality and affective alignment.
Furthermore, GMCA surpasses the state-of-the-art
EmpatheticDialogues model in both emotion expressivity
and human-likeness.

These improvements can be attributed to the synergistic
integration of episodic memory and emotion-aware
generation. Unlike static models, GMCA dynamically
retrieves relevant affective memories, enabling it to respond
with empathy and contextual consistency. The inclusion of a
memory utility metric and its corresponding high score
further validate the impact of episodic memory on
conversational quality—an area often neglected in prior
frameworks.

6.2 Real-World Applicability

The ability of GMCA to maintain emotionally coherent
and context-sensitive dialogue holds strong potential for
several real-world applications. For instance:

e Mental health support agents can benefit from the
model's capacity to track user emotions and adapt
responses to alleviate distress or anxiety.

e In education, emotionally responsive tutors could
enhance student engagement by adapting to
learners’ frustration, confusion, or enthusiasm in
real time.

e Customer service bots equipped with memory and
affective reasoning could build rapport, reduce
customer churn, and improve user satisfaction.

Moreover, the modular architecture of GMCA allows
for integration with multimodal sensors, such as cameras
and microphones, enabling deployment in embodied
platforms like humanoid robots or smart assistants.

6.3 Limitations

Despite its promising results, GMCA has several
limitations:

e Computational Overhead: The inclusion of
memory-augmented components increases model
complexity and resource demands, potentially
limiting deployment on low-power edge devices.

e Memory Saturation: Long-running sessions may
lead to bloated memory buffers, requiring strategies
for selective forgetting or memory pruning.
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e Emotion Misclassification Propagation: Since the
generation process is conditioned on emotion
embeddings, incorrect predictions from the emotion
recognition module may cascade errors into the
dialogue output.

o Generalization to Unseen Emotions: While GMCA
performs well on annotated emotion categories, its
behavior in open-domain or ambiguous emotional
contexts remains to be explored further.

7. Conclusion

This study introduced a novel framework for emotion-
responsive virtual agents, termed Generative Memory-
Augmented Cognitive Architecture (GMCA). The proposed
architecture integrates multimodal emotion recognition,
external episodic memory, and generative response
modeling to create emotionally coherent, contextually
adaptive, and cognitively informed interactions.

Through extensive experimentation on benchmark
datasets such as IEMOCAP and DailyDialog, the GMCA
model demonstrated significant improvements in both
linguistic quality and emotional accuracy over conventional
and empathetic dialogue baselines. Specifically, the system
achieved notable gains in BLEU score, Emotion Accuracy,
and Human-Likeness Score, substantiated by both
automatic metrics and user evaluations. The incorporation
of memory utility scoring further validated the role of
episodic context in enhancing dialogue depth and emotional
continuity.

Beyond its empirical performance, GMCA advances
the field by bridging affective computing with memory-
augmented cognitive modeling—an integration rarely
explored in prior work. Its modular design supports real-
world deployment in high-empathy domains such as
healthcare, education, and social robotics, where human-
like interaction quality is essential.

However, the system is not without limitations.
Challenges include computational overhead from memory
augmentation, potential error propagation from emotion
misclassification, and memory saturation in prolonged
dialogues. These limitations open avenues for further
exploration.

Future Work Will Focus on

e Developing lightweight memory compression
techniques for edge deployment,

¢ Integrating reinforcement learning for real-time
emotional behavior optimization,

e Exploring privacy-preserving methods for episodic
memory storage,

e Expanding the framework to support embodied
agents in multimodal settings.

In conclusion, this research establishes a new paradigm
for affect-sensitive dialogue systems by unifying generative
modeling, cognitive memory, and emotional intelligence.
The GMCA framework paves the way toward building
virtual agents capable of truly human-like, empathetic, and
adaptive interaction.
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