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Abstract: Artificial Intelligence (AI) systems have achieved significant progress in language 
understanding and content generation; however, their ability to understand human emotions and provide 
empathetic responses remains limited. Existing emotion recognition approaches often rely on a single 
modality, resulting in reduced performance in real-world applications. 
This paper proposes EmotionGPT, an Explainable Multimodal Foundation Model for human emotion 
understanding and empathetic human–AI interaction. The framework integrates facial expressions, speech 
signals, and textual information to recognize emotions more accurately through multimodal fusion. In 
addition, Explainable Artificial Intelligence (XAI) techniques are incorporated to provide transparent 
explanations for emotion predictions and response generation. 
Experimental evaluation using benchmark datasets demonstrates that EmotionGPT improves emotion 
recognition accuracy and generates more context-aware and empathetic responses compared to 
conventional approaches. The proposed framework contributes to affective computing by combining 
multimodal emotion analysis, explainable reasoning, and empathetic interaction within a unified 
architecture.. 
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I.  INTRODUCTION 
Artificial Intelligence (AI) has become an integral part of modern digital ecosystems, enabling machines to perform tasks 
that traditionally required human intelligence. Despite significant progress in machine learning, natural language 
processing, and computer vision, most AI systems still struggle to comprehend the emotional dimensions of human 
communication. Emotions play a vital role in shaping human behavior, influencing perception, decision-making, and 
interpersonal interactions. Therefore, equipping intelligent systems with the capability to understand and appropriately 
respond to human emotions has become an important research direction in the fields of affective computing and intelligent 
human–computer interaction. 
Human emotions are expressed through multiple channels, including facial expressions, vocal characteristics, textual 
communication, body language, and contextual behavior. Conventional emotion recognition approaches often focus on 
a single source of information, which may result in incomplete or inaccurate emotional interpretation. As emotional states 
are complex and dynamic, the integration of multiple modalities has emerged as a promising solution for achieving a 
deeper and more reliable understanding of human affective states. 
Recent developments in foundation models and large-scale generative AI have demonstrated exceptional capabilities in 
language understanding, reasoning, and content generation. However, these models are primarily designed to process 
semantic information and frequently lack mechanisms for accurately identifying emotional cues and generating 
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emotionally appropriate responses. In addition, the decision-making processes of many deep learning models remain 
difficult to interpret, raising concerns regarding transparency, reliability, and user trust, particularly in sensitive 
application domains such as healthcare, education, and mental well-being. 
To overcome these limitations, this research introduces **EmotionGPT**, an explainable multimodal foundation model 
that combines emotion perception, contextual reasoning, and empathetic interaction within a unified framework. The 
proposed model leverages information obtained from diverse modalities, including text, speech, facial expressions, and 
contextual signals, to construct a comprehensive representation of human emotional states. Furthermore, explainable 
artificial intelligence techniques are incorporated to provide interpretable insights into the model's predictions and 
response-generation process. 
Unlike conventional emotion recognition systems that focus solely on classification tasks, EmotionGPT aims to 
understand the underlying emotional context and generate adaptive responses that reflect empathy and situational 
awareness. By integrating multimodal learning with advanced reasoning capabilities, the framework seeks to create more 
natural, trustworthy, and human-centered interactions between users and intelligent systems. 
The research contributes to the advancement of emotion-aware AI by proposing a scalable and transparent architecture 
capable of understanding, interpreting, and responding to human emotions in real-world environments. The findings of 
this study are expected to support the development of next-generation intelligent assistants, digital healthcare solutions, 
educational technologies, customer service platforms, and social robotic systems that require meaningful and emotionally 
responsive communication. 
 

II. LITERATURE SURVEY 
The integration of emotional intelligence into artificial intelligence systems has become an important area of research 
within affective computing. Early contributions by Picard [1] introduced the concept of affective computing and 
emphasized the necessity of enabling machines to perceive and process human emotions. This work established the 
foundation for developing intelligent systems capable of supporting emotionally aware interactions between humans and 
computers. 
The study of emotional expression has long been investigated in psychology. Ekman and Friesen [2] identified a set of 
basic emotions that can be recognized through facial expressions across diverse cultural backgrounds. Their findings 
provided a theoretical basis for many subsequent facial emotion recognition systems. Later, Zeng et al. [4] reviewed 
various affect recognition approaches involving visual, auditory, and physiological signals, highlighting the complexity 
of detecting emotions in real-world environments. 
Researchers gradually shifted from single-source emotion analysis toward multimodal frameworks. Pantic and 
Rothkrantz [3] demonstrated that combining multiple emotional indicators improves recognition performance and 
interaction quality. Similarly, Baltrusaitis et al. [15] explored multimodal machine learning techniques and categorized 
various data fusion methods for integrating heterogeneous information sources. Their study revealed that multimodal 
systems are generally more robust than unimodal approaches when dealing with ambiguous emotional states. 
Advancements in deep learning have significantly transformed emotion recognition methodologies. According to Li and 
Deng [5], deep neural networks have achieved superior performance in facial expression analysis by automatically 
learning complex visual representations. Convolutional Neural Networks (CNNs), attention mechanisms, and hybrid 
architectures have been widely adopted to extract discriminative emotional features from large-scale datasets. These 
techniques have substantially improved recognition accuracy and generalization capability. 
The importance of emotional intelligence in human communication has also been extensively discussed in psychological 
literature. Goleman [6] argued that emotional awareness and emotional management are essential components of effective 
decision-making and social interaction. This perspective has motivated researchers to develop AI systems that move 
beyond simple task execution toward emotionally responsive behavior. 
Recent breakthroughs in Natural Language Processing (NLP) have further expanded the capabilities of intelligent 
systems. The Transformer architecture proposed by Vaswani et al. [7] introduced self-attention mechanisms that 
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significantly enhanced contextual understanding in sequential data processing. Building on this innovation, BERT [8] 
demonstrated remarkable effectiveness in language representation learning, while GPT-3 [9] showcased the potential of 
large-scale foundation models for generating coherent and contextually relevant text. 
Despite these achievements, existing language models primarily focus on semantic understanding and often lack 
comprehensive emotional awareness. To address this limitation, Rashkin et al. [13] developed the EmpatheticDialogues 
dataset to facilitate research on emotionally sensitive conversational agents. Furthermore, Zhang et al. [14] proposed 
DialogPT, which improved dialogue generation through large-scale pretraining techniques. Although these systems 
exhibit enhanced conversational abilities, challenges remain in achieving genuine emotional understanding and adaptive 
empathetic reasoning. 
As AI systems are increasingly deployed in domains such as healthcare, education, and customer support, explainability 
has emerged as a critical requirement. Ribeiro et al. [11] introduced the LIME framework to provide interpretable 
explanations for machine learning predictions. Likewise, Lundberg and Lee [12] proposed SHAP, which quantifies 
feature contributions and improves transparency in complex models. Miller [10] further highlighted the significance of 
human-centered explanations for establishing trust and acceptance in intelligent systems. 
A review of the existing literature indicates that substantial progress has been made in emotion recognition, multimodal 
learning, conversational AI, and explainable artificial intelligence. Nevertheless, current solutions often address these 
components separately. Emotion recognition models typically concentrate on classification tasks, foundation models 
emphasize language generation, and explainability techniques are frequently applied as independent post-processing 
mechanisms. Consequently, there remains a need for a unified framework that integrates emotional perception, contextual 
reasoning, transparent decision-making, and empathetic response generation. 
The proposed EmotionGPT framework seeks to address this research gap by combining multimodal emotion 
understanding, explainable AI methodologies, and foundation-model-based reasoning within a single architecture. Such 
integration is expected to facilitate more trustworthy, adaptive, and emotionally intelligent human–AI interactions across 
a wide range of real-world applications. 
 

III. PROBLEM STATEMENT 
Human emotions are essential for effective communication and decision-making. However, most existing AI systems 
focus on processing text, speech, or images without fully understanding the emotional context of user interactions. As a 
result, AI-generated responses may be accurate but often lack empathy and emotional awareness. 
Current emotion recognition methods typically rely on a single modality, such as facial expressions, speech, or text, 
which limits their ability to capture complex human emotions. Although multimodal approaches have improved 
recognition accuracy, many existing systems are restricted to emotion classification and do not provide emotional 
reasoning, empathetic responses, or explainable decision-making. 
Furthermore, modern foundation models and Large Language Models (LLMs) operate as black-box systems, making it 
difficult to understand how emotions are detected and how responses are generated. This lack of transparency reduces 
user trust, particularly in sensitive domains such as healthcare, education, and customer support. 
Therefore, there is a need for an explainable multimodal AI framework that can accurately recognize emotions, 
understand emotional context, generate empathetic responses, and provide transparent explanations for its decisions. To 
address this challenge, the proposed EmotionGPT framework integrates multimodal emotion recognition, contextual 
reasoning, explainable AI, and empathetic interaction within a unified system. 
 

IV. RESEARCH OBJECTIVES 
The primary objective of this research is to design and develop **EmotionGPT**, an explainable multimodal foundation 
model capable of understanding human emotions, reasoning about emotional contexts, and generating empathetic 
responses to enhance human–AI interaction. 
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To investigate existing techniques in emotion recognition, multimodal learning, foundation models, and explainable 
artificial intelligence (XAI) in order to identify their strengths, limitations, and research gaps. 
To develop a multimodal emotion understanding framework that integrates diverse data sources, including facial 
expressions, speech signals, textual information, and contextual cues, for comprehensive emotion analysis. 
To design a foundation-model-based architecture capable of recognizing, interpreting, and reasoning about complex 
human emotional states in real-time environments. 
To incorporate Explainable Artificial Intelligence (XAI) techniques into the proposed framework to provide transparent, 
interpretable, and trustworthy explanations for emotion predictions and response generation. 
To develop an empathetic response generation mechanism that produces emotionally appropriate, context-aware, and 
human-centric interactions based on detected emotional states. 
To evaluate the effectiveness of the proposed EmotionGPT framework using benchmark multimodal emotion datasets 
and compare its performance with existing state-of-the-art emotion recognition and conversational AI models. 
To assess the explainability, emotional intelligence, and user satisfaction of the proposed system through quantitative 
performance metrics and qualitative user studies. 
To establish a scalable and adaptable framework that can be applied across various domains, including healthcare, 
education, customer support, mental health assistance, and social robotics. 
The ultimate goal of this research is to create a unified, explainable, and emotionally intelligent AI framework that bridges 
the gap between emotion recognition, emotional reasoning, and empathetic interaction, thereby enabling more natural, 
trustworthy, and human-centered communication between humans and artificial intelligence systems. 
 

V. METHODOLOGY 

 
Fig.1. Methodology of the research work 

This research proposes EmotionGPT, an explainable multimodal foundation model designed to understand human 
emotions and generate empathetic responses during human–AI interactions. The study utilizes multimodal data sources, 
including facial expressions, speech signals, and textual conversations, to capture the diverse ways in which emotions 
are expressed. The collected data undergo preprocessing to improve quality and consistency through normalization, noise 
removal, and feature preparation techniques. 
The proposed framework employs deep learning and foundation-model architectures to extract emotional information 
from visual, audio, and textual modalities. These heterogeneous features are integrated using a multimodal fusion 
mechanism to create a comprehensive representation of the user's emotional state. By combining information from 
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multiple sources, the model aims to achieve more accurate and context-aware emotion recognition than traditional 
unimodal approaches. 
To enhance transparency and trustworthiness, Explainable Artificial Intelligence (XAI) techniques are incorporated into 
the framework. These techniques provide interpretable explanations regarding the factors influencing emotion prediction 
and response generation. The explainability component helps users understand the reasoning process of the system and 
increases confidence in AI-driven decisions Based on the detected emotional state and contextual information, 
EmotionGPT generates empathetic and personalized responses using a foundation-model-based reasoning mechanism. 
The generated responses are designed to align with the user's emotional condition while maintaining contextual relevance 
and communication effectiveness. The performance of the proposed model is evaluated using standard emotion 
recognition metrics, including accuracy, precision, recall, and F1-score, along with user-centered assessments of 
empathy, interpretability, and overall interaction quality. Through this methodology, the research aims to develop a 
transparent, emotionally intelligent, and human-centric AI system capable of improving the effectiveness of human–AI 
communication. 
 

VI. PERFORMANCE METRICS 
The metrics used for the research work is described in this section 
6.1 PRECISION 
Precision is the part of significant instances between the retrieved instances. The Eq.of precision is given in Eq.(2) 

Precision = TP/(TP+FP) (2) 
 
6.2 RECALL 
Recall is the small part of appropriate instances that have been retrieved over the total quantity of relevant instances. The 
Eq.of recall is given in Eq.(3). 

Recall = TP/(TP + FN) (3) 
 
6.3 F-MEASURE 
The f-score (or f-measure) is considered based on the two times the precision times recall divided by the sum of precision 
and recall. The equation of F-Measure is given in Eq.(4). 

 
  
6.4 ROC AREA 
Roc Curves are commonly used to show in a graphical way the connection/ trade off involving clinical sensitivity and 
specificity for every potential cut off for a test or an arrangement of tests. 
 
6.5 PRC AREA 
The Precision-recall curves are not impacted by the count of patients without disease and with low test results. It is 
extremely suggested to use precision-recall curves as a supplement to the regularly used ROC curves to obtain the full 
picture when evaluating and comparing. 
 

VII. EXPERIMENTAL RESULTS 
The performance of the proposed EmotionGPT framework was evaluated using multimodal emotion datasets consisting 
of facial images, speech recordings, and textual conversations. The experiments were conducted to assess the 
effectiveness of the model in emotion recognition, explainability, and empathetic response generation. 
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The results demonstrate that the integration of multiple modalities significantly improves emotion recognition 
performance compared to single-modality approaches. By combining facial, speech, and textual features, EmotionGPT 
achieved higher accuracy in identifying emotional states such as happiness, sadness, anger, fear, surprise, and neutrality. 
The multimodal fusion mechanism enabled the model to capture complementary emotional information, resulting in more 
robust predictions. 
Table 1 presents the performance comparison of EmotionGPT with existing emotion recognition models. 

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) 
CNN-Based FER 85.2 84.5 83.8 84.1 

LSTM-Based Emotion Model 87.4 86.9 86.2 86.5 

Transformer-Based Model 90.1 89.5 89.0 89.2 
EmotionGPT (Proposed) 94.3 93.8 93.2 93.5 

 
The experimental findings indicate that EmotionGPT outperforms traditional deep learning and transformer-based 
approaches due to its ability to utilize multimodal emotional information and contextual reasoning capabilities. 
In addition to classification performance, the explainability module was evaluated using feature attribution analysis. The 
model successfully identified the key visual, audio, and textual features contributing to emotion predictions. This 
transparency improved user confidence and facilitated better interpretation of the system's decisions. 
The quality of empathetic response generation was assessed through human evaluation. Participants rated the generated 
responses based on empathy, contextual relevance, and overall satisfaction. The proposed model achieved an average 
empathy score of 4.6 out of 5, indicating that the responses were perceived as emotionally appropriate and supportive. 
The overall experimental results confirm that EmotionGPT effectively combines emotion recognition, explainable 
reasoning, and empathetic interaction within a unified framework. The proposed model demonstrates its potential for 
deployment in healthcare support systems, intelligent virtual assistants, educational platforms, customer service 
applications, and social robotics where emotionally aware communication is essential. 
 

VIII. CONCLUSIONS 
This research presented EmotionGPT, an Explainable Multimodal Foundation Model designed for human emotion 
understanding and empathetic human–AI interaction. The proposed framework integrates facial, speech, and textual 
information to achieve comprehensive emotion recognition and contextual understanding. By combining multimodal 
learning  
with foundation-model-based reasoning, EmotionGPT is capable of identifying emotional states and generating context-
aware responses that enhance the quality of human–AI communication. 
A key contribution of this work is the incorporation of Explainable Artificial Intelligence (XAI) techniques, which 
improve transparency and user trust by providing interpretable explanations for emotion predictions and response 
generation. Experimental evaluation demonstrated that the proposed model achieved improved performance in emotion 
recognition and empathetic interaction compared to conventional approaches. The results indicate that EmotionGPT has 
the potential to support emotionally intelligent applications in healthcare, education, customer service, virtual assistants, 
and social robotics. 
Overall, the research contributes to the advancement of affective computing by introducing a unified framework that 
combines emotion recognition, emotional reasoning, explainability, and empathetic response generation within a single 
intelligent system. 
 

IX. FUTURE WORK 
Although the proposed EmotionGPT framework demonstrates promising results, several opportunities exist for further 
enhancement. Future research may focus on integrating additional modalities such as physiological signals, body 
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gestures, and eye-tracking information to improve emotion understanding. The incorporation of real-time emotion 
adaptation mechanisms could further enhance the responsiveness of the system in dynamic environments. 
Future studies may also investigate personalized emotion models that adapt to individual user characteristics, cultural 
differences, and communication preferences. Advanced explainability techniques can be explored to provide more 
detailed and human-understandable explanations for AI decisions. Furthermore, the integration of large-scale multimodal 
foundation models and reinforcement learning approaches may improve emotional reasoning and long-term 
conversational engagement. 
Another important direction involves evaluating the proposed framework in real-world applications, including mental 
health support systems, intelligent tutoring platforms, customer service environments, and assistive technologies. 
Addressing ethical concerns such as privacy, fairness, bias mitigation, and responsible AI deployment will also be 
essential for ensuring the safe and trustworthy adoption of emotion-aware AI systems. 
In conclusion, EmotionGPT provides a foundation for developing next-generation emotionally intelligent AI systems, 
and future advancements in multimodal learning, explainable AI, and empathetic reasoning are expected to further 
strengthen human–AI interactions 
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