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Abstract—Engaging in conversations to enhance mindfulness and combat loneliness can play a significant role in 

reducing and preventing mental health issues. Anxiety, depression, and stress are increasingly prevalent in today's fast-

paced world, impacting people of all ages and backgrounds. To address these challenges, a virtual companion is being 

designed to tackle problems with an inclusive approach, offering a holistic understanding by considering multiple 

perspectives. This virtual companion leverages advanced natural language processing (NLP) models, such as DialoGPT 

and T5 Transformers, along with techniques like prompt engineering, Retrieval Augmented Generation (RAG), and fine-

tuning on an augmented dataset. 

The system also incorporates text-to-speech engines, including Speech T5 and Meta’s Massively Multilingual Speech 

(MMS), which can generate naturalistic speech in multiple languages, capturing the nuances of human communication. 

The goal is to provide an empathetic and friendly solution that meets the diverse mental health needs of users. By 

combining AI with empathy, this research aims to develop an innovative tool for empathic care, helping people build 

resilience in the face of life's challenges. The tool generates real-world solutions and responses, including humor tailored 

to the user's receptivity, to foster engaging conversations and journaling activities. This approach not only helps users 

manage their mental health but also offers a safe space for emotional expression and support. 

 

Index Terms— Therapeutic Conversational Agent, DialoGPT, Meta’s Massively Multilingual Speech, Whisper large v2, 

Speech T5 

________________________________________________________________________________________________________ 

I. INTRODUCTION 

In today's fast-paced world, mental health disorders such as stress, anxiety, depression, procrastination, and overthinking are 

becoming increasingly prevalent. These issues can have severe health consequences, including infertility, heart attacks, stroke, 

reduced stamina, hypertension, increased susceptibility to cancer, obesity due to stress eating, and irritable bowel disease (IBD). 

Such problems can significantly impact a person's motivation, productivity, and overall quality of life. Anxiety disorders alone 

affect over 284 million people worldwide, highlighting the need for effective counseling services. However, implementing 

counseling is challenging, especially in developing countries where up to 75% of patients do not receive any assistance or 

treatment. This lack of emotional support systems is alarming and underscores the need for innovative solutions. Traditional 

systems often respond in a robotic manner, lacking empathy and personalization, which can lead to generalized answers that fail to 

meet users' specific needs. To address these challenges, researchers are developing conversational AI assistants for mental health 

support. These systems integrate advanced text generation and summarization models to provide empathetic outputs. They use 

sophisticated text-to-speech (TTS) models to produce natural responses and allow users to customize the synthesized voice. The 

inclusion of humor, when appropriate, helps lighten conversations and enhance user interaction[4]. The proposed system employs a 

hybrid approach using DialoGPT and T5 Transformers for text generation. It combines Whisper large v2 for Automatic Speech 

Recognition (ASR) with state-of-the-art TTS engines like Speech T5 and Meta’s Massively Multilingual Speech to generate 

synthetic speech that retains human interaction nuances. This approach aims to offer personalized support, addressing the 

limitations of existing chatbots, which often lack emotional intelligence, cultural understanding, and integration with professional 

care systems. Ultimately, the goal is to create a system that not only provides empathetic and helpful responses but also fosters 
long-term engagement and addresses ethical concerns, ensuring that mental health chatbots can effectively support those in need. 

 

II. LITERATURE SURVEY 

Hsu et al. (2023) propose a transformative approach to empathetic conversational AI systems by integrating a transformer-based 

language model with attribute models for both affective and cognitive empathy[12]. Their research combines the Empathetic 

Dialogues dataset with a modular architecture, allowing for dynamic language generation adjustments with minimal retraining. 

This enhances the model's empathetic communication capabilities, enabling it to adapt to diverse user needs and emotional states. 

The integration of DialoGPT and T5, along with advanced NLP techniques and data augmentation methods, forms a robust system 

for empathetic conversational AI [10]. This system is designed to provide personalized support, addressing the emotional and 
psychological needs of users in a more human-like manner. 

 

Raamkumar et al. (2023), under the IEEE umbrella, explore various empathic conversational AI forms by utilizing the Empathetic 

Dialogues dataset. This research emphasizes the importance of speech-based interactions and highlights the need for more 

progressive empathetic approaches[7]. The proposed method leverages DialoGPT and T5, driven by a strong data augmentation 

strategy and advanced NLP techniques. By focusing on speech-based unities, this research underscores the significance of 
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naturalistic communication in AI systems, enhancing user comfort and engagement. The integration of these technologies aims to 
bridge the gap between human-like empathy and AI-driven support systems[23]. 

 

Karna et al. (2023) observed that transformer-based models like BERT and RoBERTa are effective in detecting depression on 

social media platforms[5]. By experimenting with sophisticated GPUs and various AI frameworks, including LSTM, CNN, and 

BiLSTM, these models were enhanced with BERT and RoBERTa layers. The methodology improved by integrating advanced 

technologies like DialoGPT and T5, creating a system that aims for precision and efficiency in depression detection[8]. This 

approach not only enhances the accuracy of mental health analysis but also provides a framework for early intervention and 

support. 

 

Bird and Lotfi (2023) investigated the efficiency of high-level model chatbots for treating mental health issues such as anxiety and 

depression. Their chatbots achieved high accuracy, with predictions reaching 96.49% and 97.88%. This hybrid study combined 

DialoGPT and T5 technologies with advanced NLP methods and data augmentation, enhancing chatbot capabilities and providing 

personalized support to users. The goal was to create a system that could predict user needs accurately and respond empathetically, 

fostering a supportive environment for mental health care. 

 

The investigation by S. Alharbi et al. (2021) highlights the crucial role of transformers in speech patterns, emphasizing the 

importance of large datasets for resilience and accuracy. Transformers have become the backbone of modern speech recognition 

systems due to their ability to handle complex linguistic structures and nuances. Trabelsi et al. (2023) conducted a comparative 

study on ASR tools, focusing on accuracy and inference time, and suggested that Kaldi is highly successful due to its efficiency and 

robustness. Kaldi's performance in various environments makes it a preferred choice for applications requiring high accuracy and 
fast processing times. 

 

Ao et al. (2022) developed the SpeechT5 framework, which specializes in spoken language processing. It uses a shared encoder-

decoder network supported by pre-nets and post-nets, trained on a large volume of unlabeled data. SpeechT5 excels in tasks such as 

speech recognition, speech translation, and speaker identification, making it a versatile tool for speech-based applications. The 
framework's ability to handle diverse speech patterns and languages enhances its utility in global communication systems. 

 

Liu et al. (2023) addressed the limitations of contemporary speech technology by introducing the Massively Mult ilingual Speech 

(MMS) project. MMS leverages self-supervised learning on religious texts from over 1,000 languages to overcome linguistic 

barriers, improving multilingual speech recognition without requiring extensive labeled data. This approach not only expands the 

reach of speech recognition systems but also provides a cost-effective solution for developing countries where linguistic diversity is 
high[11]. 

 

Kaur (2023) emphasized the potential of machine learning (ML) in mental health analysis, particularly in handling unstructured 

data from social media and medical records. However, Kaur noted challenges such as small datasets and limited accuracy[19]. The 

author advocated for multimodal approaches combining text, image, video, and audio to improve ML performance in detecting 

depression, highlighting the potential for more effective mental health analysis. By integrating diverse data types, ML models can 
better capture the complexities of mental health issues, leading to more accurate diagnoses and personalized interventions. 

 

In conclusion, the integration of advanced AI technologies like DialoGPT, T5, and MMS offers a promising path forward for 

empathetic conversational AI systems. These systems have the potential to revolutionize mental health support by providing 

personalized, empathetic, and accessible care to individuals worldwide. As research continues to evolve, the focus on multimodal 

approaches and advanced NLP techniques will be crucial in enhancing the effectiveness and reach of these systems.  

 

III. METHODS 

Text Generation for Conversions 

To develop an empathetic mental health chatbot, the team explored the world of open-source language models, including 

BERT, RoBERTa, DistilBERT, and others. These models are akin to enormous AI minds, pre-trained on extensive datasets, which 

significantly reduces the time and effort needed to create a new model from scratch. The team trained and fine-tuned DialoGPT and 

T5 Transformers on a custom dataset to generate empathetic responses that offer solutions and view problems from multiple 

perspectives, such as addiction, psychological, and social lenses. The approach of combining retrieval and generative methods has 

been demonstrated in models like those created by Beredo et al.. The novelty in this approach lies in using a custom-generated 

dataset combined with other publicly available datasets, converted into a dialogue pair format suitable for the system[16]. The 

model was trained to generate empathetic responses with humor, which can be disabled by the user if not receptive. BERT, an older 

text generation model, performed well with a perplexity of 18.4 and excelled at 81% of the tasks. However, its improved version, 

RoBERTa, was more comprehensible (perplexity 15.9), completed more tasks correctly (85%), and provided faster responses. 

DistilBERT, a distilled version, was smaller and faster but slightly less precise (perplexity 19.2, tasks 78%). DialoGPT surprised 

the team with its understanding capabilities, showing the least perplexity (12.7) and excelling at most tasks (91% completion). It 

uses local attention in every other layer with a window size of 256 tokens, similar to GPT2 but with improvements. DialoGPT is a 

conversational model trained on a unique dataset of Reddit conversations collected over several years, enabling it to generate 
responses that are informative, engaging, and closely reflect human dialogue dynamics. 

Speech to Text/Automatic Speech Recognition 

The team tested the Whisper large v2 speech recognizer developed by OpenAI, which excelled at navigating accents and 

providing near-accurate transcriptions, making it perfect for the task[18]. Whisper is a state-of-the-art speech recognition model 

trained on a massive dataset of around 680,000 hours of audio and text. It can transcribe speech with high accuracy, even in noisy 

environments. Whisper large V2 is used for humanizing the mental health app due to its impressive multilingual capabilities and 
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audio characteristics, which are encouraging for further research in mental health data processing. Comparing the transcript of each 

model against the original audio recording was crucial. The team observed aspects such as transcription accuracy, emotional tone 

management, and prevention of hesitation, which can affect mental health conversations. This work focuses on a qualitative 

approach, revealing the strengths and weaknesses of Whisper large V2, the baseline model in the framework of the application [22]. 

The performance of the ASR system was evaluated using Word Error Rate (WER) and accuracy. WER provides a detailed measure 
of errors made by the system, while accuracy shows the overall percentage of correctly transcribed words. WER is calculated as: 

 

𝑊𝐸𝑅 =
𝑆𝑢𝑏𝑠𝑡𝑖𝑡𝑢𝑡𝑖𝑜𝑛𝑠 + 𝐼𝑛𝑠𝑒𝑟𝑡𝑖𝑜𝑛𝑠 + 𝐷𝑒𝑙𝑒𝑡𝑖𝑜𝑛𝑠

(𝑁𝑜. 𝑜𝑓 𝑤𝑜𝑟𝑑𝑠 (𝑅𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒)
 

 

For instance, if the reference transcription is “The feline took a seat on the desk” and the ASR transcription is “The female took a 

seat on desk,” the WER would be calculated as follows: 

 Substitutions = 1 (‘feline’ as ‘female’) 

 Insertions = 0 (No new word inserted) 

 Deletions = 1 (‘the’ missing in ASR Transcription) 

 No. of words in reference transcription = 8 

 

Hence, the WER would be 2/8, i.e., 25%. Accuracy is calculated using a predefined formula similar to WER: 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑁𝑜. 𝑜𝑓 𝑤𝑜𝑟𝑑𝑠 − 𝑆𝑢𝑏𝑠𝑡𝑖𝑡𝑢𝑡𝑖𝑜𝑛𝑠 − 𝐼𝑛𝑠𝑒𝑟𝑡𝑖𝑜𝑛𝑠 − 𝐷𝑒𝑙𝑒𝑡𝑖𝑜𝑛𝑠

𝑁𝑜. 𝑜𝑓 𝑤𝑜𝑟𝑑𝑠 𝑖𝑛 𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒
∗ 100 

 

For supporting multilingual conversations, the team employed Meta’s Massively Multilingual Speech, which is developed upon 

VITS by training it on religious text reader recordings in over 1,000 languages. This model is used to convert translated text (from 
English to the required language) into speech. 

Table 1: Comparison of ASR Models 

Model Word Error 

Rate (WER) 

ACCURACY (%) 

Vosk API 9.7% 90.3 

Whisper v2 (Large) 8.5% 91.5 

 

Text to Speech 

Adding multi-modality to conversations can provide a personalized touch and help users build trust, enhancing usability. The 

team rigorously tested popular Text-to-Speech models like Tacotron 2, known for generating naturalistic human-like speech with 

natural inflections and pauses. Tacotron 2 uses a neural network architecture with an attention mechanism and a post-processing 

vocoder to create realistic speech directly from text. Another model, VITS, is efficient and generates high-quality speech using 

fewer parameters than similar models. It combines the strengths of autoregressive and GAN-based text-to-speech models[27]. The 

Speech T5 model is flexible and handles various speech tasks such as speech recognition, translation, and text-to-speech synthesis. 

Based on the T5 Transformer architecture, it is adept at comprehending and manipulating spoken language. Speech T5 produces 

audio waveforms from text without intermediary representations, leading to better quality and simplified pipelines. It also allows 

manipulation of speech features like pitch, speed, and emphasis, enabling the generation of sophisticated, subtle, and natural-
sounding artificial voices. It is quick and effective, making it an ideal choice for the system. 

 

 
Figure 1: Comparison of TTS Models by MOS and Throughput 

 

Dataset 

The dataset was created using PersonaChat data by Meta, a cleaned dataset from Reddit containing 7,650 records, the Mental 

Health Corpus with text and records related to anxiety, depression, and mental health issues (27,972 records), and a dataset named 

Mental Health Chatbot created by Mark Daniel Lampa with around 100 dialogue pairs. This diverse dataset ensures that the model 

can handle a wide range of mental health topics and user interactions, providing empathetic and personalized support. 
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Integration of Models 

The system integrates various cutting-edge technologies to ensure coherent performance. The codes for the Automatic Speech 

Recognition (ASR) model, specifically Whisper Large v2, are combined with those for text/dialogue generation and summarization 

using T5 Transformers and DialoGPT[21]. Additionally, the system incorporates text-to-speech functionality using Speech T5, 

along with translation modules. An Application Programming Interface (API) was developed to integrate all these components 
seamlessly into the backend of a web application. 

This integration allows the system to handle multiple tasks simultaneously, such as speech recognition, text generation, and 

speech synthesis, providing a comprehensive conversational experience. The use of an API ensures that these functionalities can be 
easily accessed and managed through a unified interface, enhancing the overall user experience. 

Testing 

Rigorous manual testing rounds were conducted to evaluate the system's usability and performance. Feedback from users and 

mentors was incorporated to refine the model further. ChatGPT was utilized to create human-like test cases, simulating real-world 

interactions to assess the system's conversational capabilities. The model was also tested for its multilingual performance to ensure 

it could support users across different languages[20]. These testing phases were crucial in identifying areas for improvement and 

ensuring that the system could adapt to diverse user needs and preferences. By employing both manual and automated testing 

methods, the team aimed to create a robust and reliable conversational AI system. 

Results 

This research focuses on key natural language processing tasks, including text generation, summarization, translation, automatic 

speech recognition (ASR), and text-to-speech (TTS) synthesis. The system leverages a powerful ensemble of cutting-edge methods 

to address these challenges effectively. For text generation, DialoGPT and T5 Transformers were chosen due to their ability to 

produce contextually appropriate and diverse outputs. Google Translate was used for translation tasks, proving efficient in 

converting text across various languages. Whisper Large-v2 was the primary ASR model, offering precise speech-to-text 

translation even in challenging acoustic environments[14]. Speech T5 excelled in TTS synthesis, generating high-quality synthetic 

speech in English, while Meta’s Massively Multilingual Speech model supported numerous languages, though with slightly less 
natural results. 

 

IV. CONCLUSION 

This work proposes a novel multimodal conversational agent designed to understand user queries and generate empathetic, 

human-like responses for mental health support. The system incorporates humor in conversations when users are receptive, aiming 

to create a natural and light-hearted interaction. By leveraging large language models like T5 and DialoGPT, along with Whisper 

Large v2 for ASR and Speech T5 for TTS, the model engages in empathetic two-way conversations via text and audio. The system 

operates primarily through Retrieval Augmented Generation (RAG) of responses from the dataset, generating new responses when 

necessary. It employs prompt engineering and fine-tuning on a custom dataset created through web scraping and data 

augmentation. Experiments showed that the agent could understand user intentions, engage in empathetic discussions, and lighten 

moods with humorous responses[29]. While still a work-in-progress, this conversational AI system has the potential to make 

mental healthcare more accessible globally, reducing stress and positively impacting anger. Future work will focus on expanding 
the agent's knowledge base, improving personalization, and conducting user studies to evaluate real-world impact.  

 

V. FUTURE SCOPE 

The future scope of AI-driven mental health systems offers numerous opportunities for innovation, particularly in enhancing 

cultural sensitivity, predictive capabilities, and personalized care. Future research should focus on optimizing these systems by 

integrating art-based interventions to reduce anxiety and improve emotional well-being. For instance, AI systems can incorporate 

culturally sensitive art therapies, such as digital art generation or music therapy, which align therapeutic practices with users’ 

cultural identities. Additionally, linguistic nuances should be addressed by training models to understand dialect-specific idioms, 

metaphors, and social norms. Collaborative efforts with anthropologists and linguists could improve contextual awareness, ensuring 

that responses resonate with regional values and cultural experiences. Expanding language support is another critical area of 

development. Leveraging advancements in massively multilingual models like Meta’s Massively Multilingual Speech (MMS) can 

extend support to underrepresented languages. Although current systems cover over 1,000 languages, fine-tuning for low-resource 

dialects remains essential for equitable access. Community-centric design should also be prioritized by partnering with local mental 

health organizations to tailor systems for marginalized groups, including LGBTQ+ individuals and indigenous communities. This 

approach would address unique stressors such as discrimination or acculturation challenges. Predictive behavioral modeling 

presents a promising direction for proactive mental health care[1][14][3]. Real-time risk detection can be achieved by integrating 

data from wearable devices, such as sleep patterns and heart rate variability, along with social media activity to predict emotional 

states. Machine learning frameworks like XGBoost could enable early intervention by identifying behavioral shifts indicative of 

crises. Developing in-depth user profiles using federated learning would allow systems to analyze historical interactions while 

preserving privacy. These profiles could adjust support strategies dynamically, such as recommending mindfulness exercises during 

detected stress spikes or suggesting tailored interventions based on individual needs. Hybrid human-AI support systems represent 

another critical area for future development. Seamless expert referrals can be implemented through API-based pathways that 

connect users to licensed therapists during high-risk scenarios[16]. For example, chatbots could triage severe cases to video 

consultations while providing clinicians with interaction summaries to reduce diagnostic delays. Continuous learning mechanisms 

should also be deployed to refine responses based on user feedback. Such systems could retain context from prior conversations to 

avoid re-traumatization and improve rapport with users over time. Institutional applications of these technologies hold significant 

potential for improving mental well-being in workplaces and educational settings[5]. AI tools embedded into employee wellness 

platforms can address burnout and productivity challenges by mediating conflict resolution or suggesting micro-breaks during high-
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stress periods. Similarly, in universities, AI systems can support students navigating academic pressures by using sentiment 
analysis of journal entries to identify at-risk individuals and provide timely assistance. 

Ethical and technical considerations must also be addressed in the future development of these systems. Bias mitigation is 

essential to ensure that care quality remains consistent across demographic groups[3]. Regular audits should be conducted to 

identify disparities in depression detection accuracy across gender and ethnic cohorts. Furthermore, localized automatic speech 

recognition (ASR) models should be developed to comply with regional data regulations like GDPR, particularly in the European 

Union and Global South regions. These advancements have the potential to transform mental healthcare into a proactive, culturally 

attuned, and universally accessible ecosystem. By bridging technological innovation with human-centered design principles, future 
systems could significantly reduce global treatment gaps while fostering resilience across diverse populations. 
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