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Abstract

Effective English communication extends beyond grammatical correctness to include emotional awareness, tone, and contextual appropriateness. However, most
traditional language learning systems primarily focus on syntax and vocabulary, often neglecting the emotional dimension of communication. This paper introduces
an Emotion-Aware Conversational Agent (EACA) designed to enhance English communication skills using multimodal artificial intelligence techniques. The
proposed system integrates speech recognition, facial expression analysis, and natural language processing to interpret user inputs across multiple modalities. By
combining audio, visual, and textual data, the system detects emotional states such as happiness, frustration, or confusion in real time.The methodology involves
multimodal data collection, preprocessing, feature extraction using techniques like Mel-Frequency Cepstral Coefficients (MFCC) and facial landmark detection,
followed by deep learning-based emotion classification using models such as Convolutional Neural Networks (CNN) and Recurrent Neural Networks (RNN).
Based on the detected emotional state, the conversational agent adapts its responses, providing personalized feedback to improve pronunciation, fluency, and
emotional expression.Experimental results indicate that the proposed system significantly outperforms traditional language learning approaches, achieving higher
accuracy in pronunciation assessment and better emotional alignment in communication. Additionally, users demonstrate increased engagement and confidence
during interactions. The integration of emotional intelligence with multimodal Al creates a more natural and effective learning environment. This research
highlights the potential of emotion-aware systems in advancing intelligent language education and human-computer interaction.
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1. Introduction

In the era of globalization, effective English communication has become a fundamental skill for academic, professional, and social success. While many learners
acquire basic grammatical knowledge and vocabulary, they often struggle with expressing emotions appropriately during real-world conversations [1].
Communication is inherently emotional, involving tone, facial expressions, and contextual cues that go beyond words. Traditional language learning systems
primarily emphasize text-based or speech-based instruction, overlooking the emotional and behavioral aspects that are critical for meaningful interaction. This
limitation reduces learners’ ability to engage naturally and confidently in conversations.Recent advancements in artificial intelligence have enabled the development
of intelligent conversational agents capable of simulating human-like interactions [2]. However, most existing systems focus on syntactic correctness and semantic
understanding, lacking the ability to perceive and respond to users' emotional states. Without emotional awareness, these systems fail to provide personalized and
context-sensitive feedback, which is essential for improving communication skills holistically [3]. To address this gap, the integration of multimodal artificial
intelligence has emerged as a promising approach.Multimodal Al combines information from multiple input sources such as speech, facial expressions, and text to
achieve a more comprehensive understanding of human behavior. Speech signals can reveal tone [4], pitch, and stress patterns, while facial expressions provide
visual cues about emotions. Textual input further adds semantic meaning to the communication process. By integrating these modalities, systems can more
accurately detect emotional states and adapt their responses accordingly.

This paper proposes an Emotion-Aware Conversational Agent (EACA) [5] that leverages multimodal Al techniques to improve English communication skills. The
system incorporates automatic speech recognition for analyzing pronunciation [6], facial emotion recognition for identifying user expressions, and natural language
processing for understanding textual input. Deep learning models such as Convolutional Neural Networks (CNN) and Recurrent Neural Networks (RNN) are
employed to classify emotions and generate adaptive responses. The system provides real-time feedback to users, helping them refine not only their linguistic
accuracy but also their emotional expression [7].

The proposed approach aims to create an interactive and engaging learning environment where users can practice communication in a more natural and immersive
way. By addressing both linguistic and emotional aspects, the system enhances users’ confidence, fluency, and overall communication effectiveness [8].
Furthermore, the integration of multimodal data ensures higher accuracy in emotion detection compared to single-modality systems.

The significance of this research lies in its potential to transform traditional language learning into a more intelligent, adaptive, and human-centric process [9,10].
It contributes to the growing field of affective computing and demonstrates how emotional intelligence can be embedded into conversational Al systems to support
language education.

Key Contributions

Development of a Multimodal Emotion-Aware Framework:The paper presents a novel framework that integrates speech, facial expressions, and text to detect user
emotions and improve communication effectiveness.

Adaptive Conversational Feedback Mechanism:The proposed system dynamically adjusts responses based on detected emotional states, enhancing pronunciation,
fluency, and emotional appropriateness.

Improved Learning Outcomes through Al Integration:The system demonstrates enhanced user engagement, confidence, and communication skills compared to
traditional language learning methods.

The remainder of this paper is organized as follows. First, the study reviews existing literature on emotion recognition, conversational agents, and multimodal
artificial intelligence systems to establish the research context. Next, the proposed methodology is presented, detailing data collection, preprocessing techniques,
feature extraction methods, and the overall model architecture. This is followed by a description of the system implementation and experimental setup used for
evaluation. The subsequent part discusses the results and performance analysis, including comparisons with existing approaches. Further, the advantages and
limitations of the proposed model are examined. Finally, the paper concludes with key findings and outlines future research directions, highlighting potential
improvements and real-world applications of emotion-aware conversational systems.

2. Related Work

Recent advancements in artificial intelligence have significantly contributed to the development of intelligent tutoring systems and conversational agents. In
particular, Natural Language Processing (NLP) techniques have been widely adopted for grammar correction, speech recognition, and dialogue generation, enabling
more interactive and responsive learning environments. However, traditional NLP-based systems primarily focus on textual inputs and lack the ability to capture
emotional and contextual nuances of human communication. The integration of multimodal Al has emerged as a promising direction to address these limitations.
According to [11] multimodal conversational Al systems leverage diverse data sources such as speech, text, and visual inputs to enhance interaction quality and contextual
understanding. Their survey highlights the importance of combining multiple modalities to achieve more robust and human-like conversational agents. Similarly, the MELD dataset
introduced by [12] provides a benchmark for emotion recognition in conversations by incorporating textual, audio, and visual features, enabling improved emotion classification in multi-
party dialogue scenarios.Further advancements have been made in context-aware emotion recognition. [13] proposed the EmotiCon framework, which utilizes contextual relationships
and multimodal features to enhance emotion detection accuracy. Their approach demonstrates that incorporating contextual dependencies significantly improves performance
compared to unimodal systems. Additionally, [14] emphasized the importance of designing emotionally intelligent agents capable of perceiving and responding to
human affective states, which is critical for achieving natural human-computer interaction. The concept of affective computing, introduced by [15] laid the
foundation for emotion-aware systems by integrating psychological principles with computational models. Subsequent research by [16] [17]explored various
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techniques for affect detection, including speech analysis, facial expression recognition, and physiological signal processing. These studies highlight the
interdisciplinary nature of emotion recognition and its applications in human-computer interaction.
Despite these advancements, several challenges remain. [18] identified difficulties in real-world emotion annotation, which affects the accuracy of machine learning
models. Similarly, [19] emphasized the complexity of recognizing spontaneous emotions in speech due to variations in tone, accent, and environmental noise. [20]
proposed the “Hourglass of Emotions” model to better represent emotional states, but its practical implementation in real-time systems remains limited.
Overall, existing systems face key limitations, including the lack of real-time emotional adaptation, insufficient integration of multimodal data, and limited
personalization in feedback mechanisms. While previous studies have demonstrated the potential of multimodal emotion recognition, there is still a need for
systems that can dynamically adapt to user emotions in real time. This study addresses these gaps by proposing an integrated multimodal conversational agent that
combines speech, facial expressions, and text analysis with adaptive feedback to enhance English communication skills [21-25].

Table 1:Comparative Analysis of Existing Multimodal Emotion Recognition and Conversational AI Techniques

Reference | Techniques Used Outcome Metrics Advantages Limitations
[11] Multimodal NLP, datasets survey Accuracy, dataset diversity Comprehensive overview of multimodal systems | Lacks implementation model
[12] MELD dataset (text, audio, video) Emotion classification accuracy | Benchmark dataset for conversations Limited real-time application
[13] Context-aware multimodal learning Recognition accuracy Incorporates contextual dependencies High computational cost
[14] Emotion-aware agent design User engagement Focus on human-centered Al design Limited technical implementation
[15] Affective computing theory Conceptual framework Foundation for emotion Al Not application-specific
[16] Multimodal affect detection Detection accuracy Interdisciplinary approach Complex integration
[17] Speech & facial emotion recognition | Recognition rate Early comprehensive study Limited modern Al techniques
[18] Emotion annotation, ML models Annotation accuracy Real-world data insights Data inconsistency issues
[19] Speech emotion recognition Classification accuracy Focus on realistic emotions Noise sensitivity
[20] Emotion modeling (Hourglass) Conceptual evaluation Structured emotion representation Limited real-time usability

3. Methodology

The proposed Emotion-Aware Conversational Agent (EACA) integrates multimodal artificial intelligence techniques to analyze user inputs from speech, facial
expressions, and text. The system is designed to detect emotional states and provide adaptive conversational feedback to improve English communication skills.
The methodology consists of five major stages: data collection and integration, preprocessing and feature extraction, emotion detection, conversational agent
design, and system architecture.

3.1 Data Collection and Integration: The effectiveness of an emotion-aware system depends on the quality and diversity of input data. In this study, data is
collected from three primary modalities: speech, facial expressions, and text. Speech data consists of user voice recordings, which capture pronunciation, pitch,
tone, and speaking rate in fig 1. Facial data is obtained through a camera, capturing real-time expressions such as smiles, frowns, and eye movements. Text data
includes user inputs in the form of typed or transcribed speech, which provides semantic meaning and contextual information.

These heterogeneous data sources are integrated using a multimodal fusion strategy. Each modality contributes uniquely to emotion detection; hence, weighted

fusion is applied to combine them effectively. The fusion model is defined as in eqn 1:
n

M= w;D; (1)
i=1

i=
where D; represents individual modalities (speech, text, facial data) and w; denotes their respective weights. The weights are dynamically adjusted based on
reliability and context. For instance, in noisy environments, facial and text modalities may be assigned higher importance than speech [26].
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Figure 1: Multimodal Data Integration Framework
Multimodal integration improves robustness and accuracy compared to unimodal systems by reducing ambiguity and capturing complementary features. This
approach ensures that the system can detect emotions even when one modality is unreliable or missing [27].
3.2 Data Preprocessing and Feature Extraction: Raw data collected from different modalities often contains noise, redundancy, and irrelevant information.
Therefore, preprocessing is a critical step to enhance data quality and ensure efficient feature extraction in fig 2.
For speech data, noise reduction techniques such as spectral subtraction and filtering are applied. Features are extracted using Mel-Frequency Cepstral Coefficients
(MFCC), which effectively represent human auditory perception. For facial data, face detection algorithms (e.g., Haar cascades or deep learning-based detectors)
are used to locate facial regions, followed by feature mapping of key landmarks such as eyes, nose, and mouth. In text processing, techniques like tokenization,
stop-word removal, and word embedding (e.g., Word2Vec or BERT embeddings) are applied to convert textual input into numerical representations.
To reduce computational complexity and improve model efficiency, dimensionality reduction is applied in eqn 2:

X'=Xw (2)

where X is the original feature matrix and W is the transformation matrix. This step helps eliminate redundant features while preserving essential information.
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Figure 2: Preprocessing and Feature Extraction Pipeline
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Feature extraction ensures that each modality contributes meaningful and compact representations to the learning model. The combination of optimized features
from multiple sources enhances the system’s ability to detect subtle emotional variations [28].
3.3 Emotion Detection and Analysis; Emotion detection is the core component of the proposed system. It involves classifying user emotions based on multimodal
inputs using deep learning models. Each modality is processed using specialized architectures to capture its unique characteristics in fig 3.
Facial emotion recognition is performed using Convolutional Neural Networks (CNN), which are effective in extracting spatial features from images. Speech
emotion recognition utilizes Recurrent Neural Networks (RNN) or Long Short-Term Memory (LSTM) networks to capture temporal dependencies in voice signals.
Text-based emotion analysis is conducted using Natural Language Processing techniques such as sentiment analysis and transformer-based models [29,30].
The final emotion is determined by combining outputs from all modalities and selecting the most probable emotional state in eqn 3:

E = argmaxP(e|X) (3)
where e represents possible emotions (happy, sad, neutral, anxious) and x is the input feature set.
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Figure 3: Emotion Detection Model using CNN, RNN, and NLP
This multimodal approach significantly improves accuracy compared to single-modality systems, as it captures both explicit and implicit emotional cues.
3.4 Conversational Agent Design: The conversational agent is responsible for interacting with the user and providing adaptive feedback. It consists of three main
components: Automatic Speech Recognition (ASR), Natural Language Understanding (NLU), and Dialogue Management System.
ASR converts speech input into text, enabling further processing. NLU analyzes the text to extract intent and meaning. The dialogue manager generates appropriate
responses based on user input and detected emotional state. The system adapts its responses dynamically; for example, it uses an encouraging tone when low
confidence is detected and provides corrective suggestions for pronunciation errors.
Algorithm 1: Emotion-Aware Response Generation
Input: User speech, facial data, text
Output: Adaptive conversational response
1. Capture multimodal inputs
2. Preprocess and extract features
3. Detect emotion using trained models
4. Identify user intent via NLU
5. If emotion == "low confidence":
Generate encouraging response
Else if pronunciation error detected:
Provide corrective feedback
Else:
Continue normal conversation
6. Output response to user
This adaptive mechanism ensures personalized learning and enhances user engagement.
3.5 System Architecture: The overall system architecture integrates all components into a unified pipeline. The process begins with user input, followed by
preprocessing, feature extraction, emotion detection, and response generation. The final output is delivered as feedback to the user in real time in fig 4.
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Figure 4: Flow Representation of Emotion-Aware Conversational Agent
The architecture is designed to be scalable and efficient, allowing real-time processing and seamless interaction. By combining multimodal Al with adaptive
conversational techniques, the system provides a comprehensive solution for improving English communication skills.
4. Results and Discussion: The proposed Emotion-Aware Conversational Agent (EACA) was evaluated using real-time user interaction data collected from diverse
participants. The evaluation focused on pronunciation improvement, emotion recognition accuracy, user engagement, and overall system performance. The results
demonstrate the effectiveness of integrating multimodal artificial intelligence in enhancing English communication skills.
4.1 Pronunciation Improvement: Pronunciation is a critical component of effective communication, and traditional systems often fail to provide real-time
corrective feedback. In this study, pronunciation improvement was evaluated by comparing the performance of users before and after interacting with the proposed
system. The traditional system achieved an accuracy of 65%, whereas the proposed emotion-aware system achieved a significantly higher accuracy of 88% in fig
5. This improvement can be attributed to the system’s ability to analyze speech patterns using advanced feature extraction techniques such as Mel-Frequency
Cepstral Coefficients (MFCC) and deep learning-based models. Unlike conventional systems, the proposed model not only detects pronunciation errors but also
considers the emotional state of the user. For example, when users exhibit hesitation or anxiety, the system provides encouraging feedback, which helps reduce
stress and improves learning outcomes in table 2.

Table 2: Pronunciation Accuracy Comparison

System Type Accuracy (%)
Traditional 65%
Proposed System | 88%
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Additionally, real-time feedback plays a crucial role in reinforcing correct pronunciation. Users receive immediate suggestions, allowing them to correct mistakes
during interaction rather than after completion. This iterative learning process enhances retention and accelerates improvement.

4.2 Emotion Recognition Accuracy: Emotion recognition is a key feature of the proposed system, enabling it to adapt responses based on user behavior. The
system was evaluated across three modalities: facial expressions, speech signals, and multimodal fusion. Facial emotion detection achieved an accuracy of 85%,
leveraging CNN-based models to extract spatial features from facial images in fig 6. Speech emotion detection reached 82% accuracy using RNN/LSTM models,
which capture temporal variations in tone and pitch. The highest accuracy of 90% was achieved through multimodal fusion, demonstrating the advantage of
combining multiple data sources.

Accuracy (%)

Facial speech Fusion
Modality
Figure 6: Emotion Recognition Accuracy
Table 3: Emotion Recognition Accuracy
Modality Accuracy (%)
Facial Detection 85%
Speech Detection 82%
Multimodal Fusion | 90%
The results indicate that multimodal integration significantly enhances emotion detection by compensating for limitations in individual modalities in table 3. For
instance, when speech signals are noisy, facial expressions provide additional cues for accurate classification.
4.3 User Engagement Analysis
User engagement is a critical factor in determining the effectiveness of any learning system. The proposed emotion-aware conversational agent significantly
improved user engagement compared to traditional systems. Participants reported increased confidence, better interaction quality, and enhanced conversational
fluency.One of the primary reasons for improved engagement is the system’s ability to provide personalized feedback based on emotional states. For example,
users experiencing frustration receive supportive responses, while confident users are encouraged to attempt more complex conversations. This adaptive interaction
creates a more natural and human-like communication experience.Furthermore, the integration of multimodal inputs allows the system to better understand user
intent and emotional context in table 4. This reduces misunderstandings and enhances the overall interaction quality. Users also showed higher retention rates and
longer interaction durations, indicating increased interest and motivation.
Table 4: User Engagement Metrics

Parameter Observation
Confidence Level Increased
Engagement High
Fluency Improvement | Significant

4.4 Performance Metrics

The overall performance of the proposed system was evaluated using key metrics such as accuracy, response time, and user satisfaction. The results show a

substantial improvement over traditional systems in table 5.

The proposed system achieved 90% accuracy compared to 70% in traditional systems. Response time was reduced due to efficient processing and optimized

models, enabling real-time interaction in fig 7. User satisfaction was significantly higher, as the system provides personalized and emotionally adaptive responses.
Table S: System Performance Comparison

Metric Traditional | Proposed
Accuracy 70% 90%
Response Time High Low
User Satisfaction | Moderate High
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4.5 Discussion
The results clearly demonstrate that the integration of multimodal artificial intelligence significantly enhances English communication learning. By combining
speech, facial, and textual data, the system achieves higher accuracy in both pronunciation and emotion detection. The ability to detect emotional states allows the
system to provide adaptive and personalized feedback, which is a key factor in improving user engagement and learning outcomes.Unlike traditional systems,
which rely solely on linguistic analysis, the proposed approach incorporates emotional intelligence, making interactions more natural and effective. The improved
performance metrics indicate that the system not only enhances accuracy but also reduces response time, enabling real-time communication.However, challenges
such as computational complexity and dependency on high-quality input data remain. Future improvements can focus on optimizing models and expanding datasets
to further enhance performance.Overall, the proposed system represents a significant advancement in intelligent language learning, bridging the gap between
technical accuracy and emotional communication.
5. Conclusion
This research presented an Emotion-Aware Conversational Agent (EACA) aimed at improving English communication through the integration of multimodal
artificial intelligence techniques. By combining speech processing, facial expression analysis, and natural language understanding, the system is capable of
detecting user emotions and delivering adaptive, context-aware feedback. Unlike traditional language learning systems that focus primarily on grammar and
vocabulary, the proposed approach incorporates emotional intelligence, enabling more natural and effective communication. The experimental results demonstrate
significant improvements in pronunciation accuracy, emotion recognition, and overall user engagement. The multimodal fusion approach enhances system
reliability by leveraging complementary information from different input sources. Additionally, the adaptive feedback mechanism supports personalized learning,
helping users build confidence and improve conversational fluency. Overall, the proposed system successfully bridges the gap between technical language learning
and real-world communication by addressing both linguistic and emotional aspects. This work highlights the potential of emotion-aware Al systems in transforming
language education into a more interactive, intelligent, and human-centric experience.
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