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ABSTRACT 

Large language models LLMs, have revolutionized the field of natural language 
generation NLG model by exhibiting human-like text generation capabilities. This 
paper explores the development of an advanced the NLG model for mental health 
support using the GPT-2 language model. The paper aims to overcome the limitations 
of pre-trained models in domain-specific applications by implementing fine-tuning 
strategies and memory augmentation techniques. The methodology involves 
reprogramming the GPT-2 model using a dataset of mental health conversations with 
a focus on Alzheimer's disease. The model incorporates an (archive technique) array-
based storage method for maintaining context across interactions, enabling more 
coherent and personalized responses. Evaluation metrics include BLEU scores, cosine 
similarity, and training loss to assess the quality and relevance of generated 
responses. Results demonstrate the model's ability to generate contextually 
appropriate and informative text on complex medical and social topics related to 
mental health. The paper highlights the potential of combining large language models 
with specialized memory approaches to enhance e-service of mental health 
interventions. Future work suggestions include expanding the training dataset, 
implementing the proposed system in other and different e- services fields. This 
paper contributes to the ongoing efforts to improve the accessibility and quality of 
mental health support through AI-driven conversational agents. 

Keywords: Artificial Intelligence in Healthcare, Chatbot, GPT2, Mental Health, 
Natural Language Processing, NLG model. 

 

1. Introduction 

Natural Language Processing (NLP) has undoubtedly enabled machine learning 

systems to understand and communicate with users in natural languages by increasing 

the number of applications such as mental health support. More recently, the work of 

Large Language Models (LLMs), typically in the form of transformers such as 

Generative Pre-trained Transformer 2 (GPT-2), has shown that these can write text 

almost at the human level and be engaged in conversations [1]. These models have 

proved incredibly flexible despite being trained with much more extensive and varied 

data, and they can handle a range of language tasks without needing task-specific 
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training. For the past few years, significant interest has been acknowledged in using 

NLP and LLMs in the mental health domain reported [2]. This technology has 

contributed to portable all-time chatbots or virtual support for mental health. They can 

help with Triage coping skills and act as the first line of defence to get someone linked 

with mental health resources. 

Based on LLMs ability to grasp the context, formulate empathetic replies and 

provide academic information, this application is well suited for these highly sensitive 

fields [3] Yet, while they have potential, there are challenges in using LLMs for mental 

health [4] The challenge is that pre-trained models, e.g., GPT-2, are not well-suited to 

a specific domain, such as mental health conditions. They require substantive fine- 

tuning or customization, even though they perform excellent language tasks [5]. This 

paper aims to overcome these challenges by implementing a more advanced the NLG 

model architecture for mental health support based on a modified GPT-2 model. This 

paper seeks to create an open the NLG model that independently provides 

conversational explanations relevant to mental health conversations. Therefore, we 

aim to refine the GPT-2 language model by developing a fine-tuning strategy 

specifically for mental health and feeding output knowledge generation of GPT2 and 

input prompts to retraining. We are also working on functionality to allow the chatbot 

to remember conversations and recall necessary details during prolonged 

engagements. The ultimate goal of this paper is to help develop a more efficient, 

contextually grounded and niche-focused the NLG model for mental health support. 

As part of the broader objective to use advances in NLP technologies for improving 

access and quality resources generated in real-time. 

This research addresses two interconnected challenges: a scientific-technical 

problem in natural language processing and an application issue in mental health 

support within healthcare. The scientific-technical problem concerns the limitations of 

pre-trained language models like GPT-2 in maintaining context and personalization in 

domain-specific and determining the efficiency and effectiveness of GPT-2. We 

propose an innovative approach to improve the GPT-2 model by fine-tuning it on 

mental health data, specifically Alzheimer's disease conversations [6]. As for an 

application issue, it lies in the extent to which pre-trained language models such as 

GPT-2 can be applied while maintaining context and customization in order to 

generate a coherent text capable of providing electronic services in multiple fields. Our 

method implements an array-based storage for short- term context retention and a 

mechanism for periodic retraining by seed reprogramming technique, effectively 

creating a long-term memory for the NLG model. This approach combines transfer 

learning with continuous learning, enhancing the model's performance in mental 

health-related dialogues over time. The application problem addresses the need for 

accessible, personalized, and context-aware e-service of mental health interventions. 

We apply our enhanced model to create a chatbot system providing support related to 

Alzheimer's disease. The system engages in contextually coherent conversations, 

offering information and support to patients, caregivers, and family members. By 

continuously learning from interactions, the chatbot aims to improve the quality of 

mental health support over time [5],[6]. 
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2. Related Work 

2.1 Overview of the NLG Model in Mental Health 

Mental health interventions are now utilizing the NLG model to extend the reach 

of mental health care within existing populations, leveraging NLP for efficient and 

effective tech-enabled support. Work such as G. Rosario and D. Noever in 2023 [7] an 

evaluation and analysis of the responses generated by large language models chatgpt3, 

which presented 60 questions and recorded the responses based on several metrics, 

including BLEU and its comparison with human texts. It obtained excellent results in 

machine generation but doesn't mimc text appears human. More recently, Researchers 

S. Priccilia and A. Girsang (2024) [8] presented a service that provides academic 

information resources in the field of education for Indonesian university students 

through the process of digitizing the answer to questions between students and student 

service staff. They implemented a generative dialogue system to answer their inquiries 

using the GPT2 model with three sizes and showed good performance quality but 

complexity in understanding the context. 

A. M. Hasani et al. 2024 [9] presented a comparative study of the quality of content 

of clinical diagnosis and decision-making reports for radiology reports generated from 

the GPT4 model and compared with radiology specialists, where the reports generated 

by artificial intelligence for similarity quality were high, but they suffer from clear 

brevity and variation in sentence length. Also study by X. Zhang and Z. Luo 2024 [10] 

addressed the limitations of many traditional dialogue system s in maintaining context 

across multiple interactions, leading to repetitive responses. In addition, dialogue 

systems rely on text-based dialogues and lack the ability to refer to previous 

conversations, which reduces their efficiency and often exposes sensitive user 

information to the risk of disclosure. The researchers presented the dialogue system 

SOULSPEAK, a new conversational agent that has a dual memory system that 

distinguishes between short-term and long-term memory, works to retain key 

information from previous interactions and use it in subsequent interactions and 

contains a privacy module to hide sensitive user information. The responses were 

contextually similar to human responses but less readable. Additionally, Guntuku et 

al. [11] study has shown that it can capture user experience based on prior inputs of 

users and identify their mood with machine learning algorithms for mental health 

monitoring. 

2.3 Recent Advancements in LLM Fine-tuning and Memory Augmentation 

During the past few years, there has been considerable success in developing 

mental health the NLG model, and new ideas spring up every year. In 2020, L. Athota 

et al. [12] proposed AI-driven chatbots in healthcare, focusing on patient engagement 

and satisfaction. Through their solution, they built an NLP and machine-learning-

enabled AI chatbot that provided customized support to users for improved healthcare 

processes. This work signposted the path for the future and showed that AI chatbots 

could be a great opportunity in mental health care. Two important works in the field 

were published in 2022; the first was conducted by Noble et al. [13], who and his team 

responded to the challenges resulting from COVID-19. Where his work developed and 

tested a mental health chatbot for medical staff and their families. The proposed 

Mental Health Intelligent Information Resource Assistant aimed to navigate the 

mental health system and provide personalized support during crises. 
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The second work was also published in the same year (2020) by Rathnayaka et al. 

[2]. He and his team implemented a conversational agent combining Cognitive 

behavioral Therapy (CBT) with personalized Behavioral Activation (BA), advancing 

this concept further. The chatbot was provided in terms of emotional support, 

personalized or customized assistance, and remote monitoring, which is very effective, 

showing that AI integrates with BA therapy within a chatbot setup. In 2023, Arriba- 

Pérez et al. [14] designed an intelligent conversational system for elder cognitive 

impairment monitoring, utilizing NLP techniques to entertain and conduct cognitive 

assessments. Field tests demonstrated that the technology was able to identify 

cognitive impairments. Researchers N. Calderon et al. 2024 [15] presented a general 

description of compressing NLG models by distilling knowledge for specific NLG 

models to address the bias problem with the challenge of maintaining performance 

efficiency by proposing a co-teaching method by distilling knowledge at the word 

level implemented in different tasks. They evaluated the computational performance 

and the performance results were average as it depends on the task, model and model 

setup which in turn depends on the batch size and does not depend on the dataset also 

It didn't take into account the computational costs of training time memory 

mechanisms add computational overhead. In 2024, Kulkarni et al. [16] created a mental 

health support chatbot using the LSTM and BERT for analyzing guided open-ended 

conversation data, concluding how promising AI tools could be in transforming the 

landscape of providing help with mental health while suggesting their application as 

an ad hoc tool to accompany conventional clinical practices. In 2023, researcher A. 

Ouyang [17] studied the challenges associated with the growth of large language 

models in size and complexity and their increasing resources, which leads to high 

computational power costs and difficulties in deployment. He proposed performance 

engineering efforts aimed at improving access time, deployment efficiency, and cost 

effectiveness. The results indicate that larger models perform better. The results 

indicate that while larger models achieve advanced performance in various natural 

language processing tasks, the associated computational costs pose significant 

challenges. The research emphasizes the need for improved performance engineering 

to mitigate these problems and enhance the feasibility of deploying large models. One 

of the newest works in 2024, conducted by Jain et al. [18], reviewed the use of 

AI in developing chatbots for mental health, focusing on Machine Learning (ML) and 

Deep Learning (DL) methods such as NLP and sentiment analysis that relieved 

symptoms like anxiety or depression. 

In the same year (2024), Jo et al. [19] evaluated the effects of Long-Term Memory 

(LTM) information in affecting user engagement and self-disclosure concerning a 

chatbot powered by LLM, examining perceptions towards CareCall, concluding that 

provision of appropriate health domain-contextualized long-term memory can enhance 

quality interactions. Still, it also poses challenges associated with personal health data 

privacy concerns . Zhong et al. [20] MemoryBank proposed a novel memory 

mechanism aimed at LLMs to provide long-term correspondence in chatbots for 

maintained interaction scenarios. This demonstrates its ability to provide long-term 

companionship and mental health fulfilment but limiting real-time application and 

challenges in balancing memory retention and forgetting for dynamic tasks. D. Gu in 

2024 [21] proposed developing a GPTHF model based on the GPT transformer to 

improve the performance efficiency of LLMs in terms of response speed and 

computational power resources, as traditional generation models require time and 

large floating point operations (FLOPs). The aim is to reduce the number of FLOPS 

while maintaining and improving performance compared to the standard. The results 
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indicate achieving good performance in faster generation time but but the 

computational costs of the algorithm are large, may limit the actual speedup achieved. 

Another work in 2024 was done by Guo et al. [22] introduced Low-rank Prompt 

Tuning (LoPT), a non-traditional type of so-called prompt engineering for language 

generation models, such as GPT-2. Guo et al. aim to optimize low-rank prompts, 

critically cutting down the trainable parameters compared with full prompt tuning. 

This method has competitive results and is more efficient than current methods; it 

could change how we transfer large language models to various tasks but Prompt 

tuning methods are limited in domain-specific customization reduced effectiveness in 

contextually dynamic dialogues. 

Y. Wu., Z. Wang, et al. in 2024 [23], introduced PIM-GPT, a process-in-memory 

architecture for efficient GPT inference. It uses DRAM and memory to carry out 

multiply-accumulate operations directly inside the memory chips, which can 

dramatically reduce data transfers. Optimal mapping disperses matrix operations to 

different DRAM channels and banks to parallelize the data. This allows for vastly 

improved performance and energy efficiency when running GPT-2 or other large 

language models compared to traditional CPU and GPU implementations but 

challenges of performance efficiency with limits on coherence or contextual relevance 

in the output. 

Finally, Berrezueta-Guzman et al. [24] published their work in 2024, tested 

ChatGPT for supporting Attention Deficit Hyperactivity Disorder (ADHD) therapy, 

and demonstrated that the empathy-driven adaptation of this system could have a 

substantial impact in enhancing ADHD care while simultaneously recommending 

more significant improvements regarding privacy and cultural sensitivity to enable 

deployment into healthcare. The journey of AI support for mental health takes place 

from 2020 to 2024, and the reviewed works show how fast the field of AI-driven 

solutions has evolved by year with more understanding and technologies that can help 

change the approach towards access barriers. 

 

3. Development Aspect Highlighted in a Scientific Manner 

The NLG model's development centers on fine-tuning the GPT-2 model for mental 

health conversations, particularly those related to Alzheimer's disease. This process 

involves optimizing the model parameters θ to minimize cross-entropy loss L over a 

domain-specific dataset 𝐷 = {(𝑥𝑖, 𝑦𝑖)}𝑖=1
𝑁  (1), where 𝑥𝑖 is the input prompt and 𝑦𝑖  is 

the corresponding response: 
                        𝜃∗ = argmin

𝜃
ℒ(𝜃;𝐷)                                             (1) 

The loss function for each pair (𝑥𝑖, 𝑦𝑖) is defined as: 

ℒ(𝜃; 𝑥𝑖, 𝑦𝑖) = −∑  𝑇
𝑡=1 𝑦𝑖,𝑡 log⁡𝑃(𝑦𝑖,𝑡 ∣ 𝑥𝑖, 𝜃)                        (2) 

To maintain context in conversations, the system uses an array 𝐴𝑡 = {(𝑝𝑗 , 𝑟𝑗)}𝑗=1
𝑡−1

 

that stores recent prompts and responses. This array is updated at each interaction: 

                                      𝐴𝑡 = 𝐴𝑡−1 ∪ {(𝑝𝑡 , 𝑟𝑡)}                                  (3) 

This approach ensures the model retains context, improving the coherence and 

relevance of its responses. Additionally, the NLG model's continuous learning 

mechanism allows it to adapt over time by periodically reprogramming to retraining on 

new user interactions, further enhancing its ability to provide contextually appropriate 

mental health support. 
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4. Algorithms Used in the System - Mathematical Modeling 

4.1 Fine-Tuning of GPT-2 Model 

The fine-tuning of the GPT-2 model is formulated as minimizing cross-entropy 

loss ℒ over a specialized dataset 𝐷 = {⁡⁡⁡(𝑥𝑖, 𝑦𝑖 ⁡)⁡⁡}𝑖=1
𝑁   where 𝑥𝑖 represents the input 

prompt, and 𝑦𝑖  is the corresponding response [32]: 

                            𝜃∗ = argmin
𝜃

ℒ(𝜃;𝐷)                                           (4) 

The loss (2) for each example is defined as [33]: 

                      ℒ(𝜃; 𝑥𝑖, 𝑦𝑖) = −∑  𝑇
𝑡=1 𝑦𝑖,𝑡 log⁡𝑃(𝑦𝑖,𝑡 ∣ 𝑥𝑖, 𝜃)                      (5) 

where: 

• 𝑇 is the length of the target response sequence. 

• 𝑃(𝑦𝑖,𝑡 ∣ 𝑥𝑖, 𝜃) is the predicted probability of word 𝑦𝑖,𝑡 given the 
input 𝑥𝑖 and model parameters. 

• Parameters 𝜃 are iteratively updated using gradient descent until 
convergence [31]. 

4.2 Array-Based Context Storage 

To maintain context after several rounds of dialogue, the NLG model uses an array 

𝐴𝑡 = {(𝑝𝑗 , 𝑟𝑗)}𝑗=1
𝑡−1

 that stores recent prompts and responses, where 𝑝𝑗 is a prompt, and 

𝑟𝑗 is the corresponding response. The array is updated at each interaction [32]: 

                       𝐴𝑡 = 𝐴𝑡−1 ∪ {(𝑝𝑡 , 𝑟𝑡)}                               (6)  

This ensures the model generates contextually relevant responses by referencing 

recent interactions. 

4.3 Response Generation and Ranking 

     - Response generation by Top-K and Top-P Sampling: The model applies 
sampling techniques to choose the most suitable response after generating potential 

ones. It is essential to balance diversity and relevance in the response. Two primary 

sampling techniques are used: Top-K and Top-P (nucleus). As in the equation is among 
the top-k (7): 

                                           𝑆𝐾 = {𝑣𝑗: (𝑦𝑡 = 𝑣𝑗 ∣ 𝑦<𝑡, 𝑥; 𝜃)                          (7) 
Mathematically, for each time step t, the model sorts the vocabulary of possible 

next tokens V= {𝑣1, 𝑣2, … ,𝑣n} by their conditional probabilities 𝑃(𝑦𝑡 = 𝑣𝑗 ∣ 𝑦<𝑡, 𝑥; 𝜃) 

and selects the top-K  tokens. The model then samples from this restricted set, where K 
is chosen to balance coherence and diversity (8).  

                    𝑆𝑃⁡ =⁡ {𝑣𝑗 :⁡∑ 𝑃(𝑦𝑡 = 𝑣𝑖|𝑦<𝑡⁡, 𝑥; 𝜃) ≤ ⁡𝑃𝑗
𝑖=1 }                 (8)       

Mathematically, Top-p sampling defines a set of possible next tokens 𝑆𝑃. 

Additionally, the BLEU score is calculated to assess how closely the response 𝑟𝑡
𝑘 

matches a reference response 𝑦𝑡  (9): 
                                      𝑆BLEU(𝑟𝑡

𝑘 , 𝑦𝑡) = BLEU⁡(𝑟𝑡
𝑘 , 𝑦𝑡)                    (9) 

- Ranking Prompt: The model ranking prompt 𝑃𝑡 = {𝑝𝑡
1, 𝑝𝑡

2 , … } for a given input 
prompt. Each prompt 𝑝𝑡

𝑘  is evaluated using cosine similarity (10): 
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                                         𝑆cos(𝑝𝑡 , 𝑞𝑡
𝑘) =

𝑣(𝑝𝑡)⋅𝑣(𝑟𝑞𝑡
𝑘)

∥∥𝑣(𝑝𝑡)∥∥∥∥𝑣(𝑞𝑡
𝑘)∥∥

                      (10) 

where 𝑣(𝑝𝑡) and 𝑣(𝑞𝑡
𝑘) are the vector representations of the prompt and the prompt 

in dataset, respectively.  
The highest-ranked prompt is selected from the exact sine similarity after 

comparing it with the ideal prompt which is determined using mean Last Hidden State 
technique then determined the best vector of embedding that used to find the highest-

ranking prompt as in equation (11). 

                                     𝑃ℎ𝑖𝑔ℎ𝑒𝑠𝑡 = ⁡𝑎𝑟𝑔⁡max
𝑝𝑖∈𝑃

𝑆(𝑉𝑖⁡, 𝑉𝑚𝑒𝑎𝑛)              (11) 

- Final Response Selection: The response corresponding to the highest rank 

prompt is selected from among the candidate responses through the mathematical 

equation (12). 
                                   𝑅𝑠𝑒𝑙𝑒𝑐𝑡 = 𝑎𝑟𝑔⁡max

𝑟𝑖∈𝑅
𝑆⁡(𝑃ℎ𝑖𝑔ℎ𝑒𝑠𝑡⁡, 𝑐𝑖)                (12) 

Where 𝑃ℎ𝑖𝑔ℎ𝑒𝑠𝑡 represents the prompt with the highest rank and 𝑐𝑖 represents the 
responses that selected from candidate responses which they can be represented by the 

new hybrid prompt technique then stored in archive technique (array). 

5. Methodology 

In this section, the details of the methodology are discussed. Figure 1. This General 

framework represents a comprehensive and iterative methodology designed to fine-

tune a GPT-2 model, interact with users, and continuously improve based on ongoing 
data and feedback. Python programming language and its libraries have been used to 

conduct the work in this paper. 

 

 

Figure 1: General Framework of Methodology Flowchart Steps. 
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5.1 Model Architecture 

The basis of this paper is built on GPT-2, the pre-trained large language model by 

transformer architecture. This model is a strong baseline for understanding and 

generating various NLG tasks. Fine-tuning is the process that adapts GPT- 2 to a 

specific domain (mental health in our case). For instance, transfer learning is used here 

when we use that pre-trained GPT-2 model and fine-tune it as training using data 

tailored to mental health field requirements. Different hyperparameters, such as 

learning rate, batch size, and number of epochs, can be tuned for an optimized training 

process. The project addresses the challenge of maintaining information across 

interactions by implementing an array-based storage method. This includes specifying 

an array to accumulate candidate prompts and generated responses. This array serves 

as a storage context (Archive), enabling the model to reference recent interactions for 

more coherent conversations. Instead of a complex long-term memory system, this 

method balances maintaining relevant context and computational efficiency in mental 

health support scenarios. This includes specifying a list to accumulate the candidate 

prompts, generated responses, and concatenation in DataFrame. This data frame will 

train the model again by seed reprogramming technique, enabling it to effectively 

(remember) and apply past-built knowledge for future interactions. Instead, this 

creative method can be considered as long memory for a NLG model. Table (1) 

Hyperparameter of the GPT-2 language model. table (2) represents an example of 

configuring the tokenizer tool used in the proposed work. 

Table 1: Hyperparameter of The GPT-2. 
Hyperparameter GPT-2 

Epochs 5 

Batch size 32 

Learning rate 0.0001 

Epsilon 1e-05 

Optimizer Adam 

Table 2: Configuration of The Tokenizer Tool Using The GPT-2 Model 
Tokenizer Tool of GPT-2 Configuration 

name_or_path gpt2 

vocab_size 50257 

model_max_length 1024 

fast-False, padding side right 

truncation_side right 

special_tokens ['bos_token": 

"<(endoftext", 

"eos_token': 'clendofte 

xt/>', 'unk_token': 

'</endoftext]>'} 

added tokens decoder 50256 

Added Token ("<endoftext/>", rstrip- 

False, stripalse, single 

arabe, ormalized-true, 
special=True), 

5.2 Data Processing and Training 

First, loading and cleaning our initial dataset kicks us off into data processing. 

Then, it is taken in, tokenized with the GPT-2 tokenizer, and formatted correctly for 
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model use (block size of 1024, batch size of 32). The model training is accelerated 

using GPUs via Unified Device Architecture (GPU T4×2) for faster computation and 

CPU (RAM max 29 GiB). A training loop is created here for a specific number of 

epochs. For every five questions, we reprogram or retrain the model, in this case, to 

monitor and log specific metrics at regular intervals for performance evaluation during 

the training phase by the loss function or renderer. One of the highlights of this system 

is its continuous learning capabilities. This is done by adding functionality to add new 

questions and responses generated in the test set back into the training data. Over time, 

this updated dataset is fed back to the model for retraining it periodically, allowing the 

system to learn and include new knowledge. This way, with every interaction, the 

knowledge base of the NLG model will be constantly updated and growing over time. 

Table 3 illustrates the structure information of the metadata. 

Table 3: DataFrame Metadata Structure Information 

Range Index: 25177 entries, 0 to 25176 

Data columns: total 2 columns 

Data types: total 2 objects 

Memory usage: 393.5+ KB 
Column Non-null count Dtype 

Questions 25173 object 

Answers 25154 object 

5.3 Response Generation and Ranking 

The response generator leverages the GPT-2 model fine-tuned around typing an 

answer on an input prompt. Techniques such as top-k and top-p sampling are used here 

to generate better quality, more diverse text. The system then uses an advanced 

sampling methods to decide the best response. This requires us to encode a given input 

prompt and available responses by the GPT-2 model for further calculating coherence 

scores between them through BLEU score. Then, used the exact sine similarity to sort 

the prompts in descending order and choose the highest ranked prompt and store it in 

an archive. The Bilingual Evaluation Understudy (BLEU) score evaluates the 

generated text and ensures its quality. A comprehensive evaluation is performed using 

both the sentence-level BLEU score and corpus-level BLEU scores. This provides 

deep insights into how well NLG model accurate responses in a linguistic and context-

guaranteed manner. The last part of this methodology is seed reprogramming 

technique that maintains domain specificity and the interactive system. This enables 

users to input questions via direct text or choose from a list of randomly generated 

questions. The question pool is automatically updated. For example, it features a 

different number of questions each time to keep users in touch with the app and offers 

an array-based context storage (archive) from which they can choose one - creating 

diverse conversations throughout. In conclusion, mixing advanced NLP features with 

bespoke implementations produced a mental health NLG model that can provide 

context-specific responses and remember them for much longer, making the NLG 

models suitable to support or inform in the Mental Health domain. 

 

6. Experimental Setup 

This paper tests the NLG model specific to mental health using a reprogramed 

GPT-2 model. The setup consists of data preparation and definition of evaluation 

measures to obtain a solid analysis of the system's capabilities.  
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6.1 Dataset Description 

The conversational dataset is published by the American Mental Health 

Association [25] and is associated with government agencies. The dataset consists of 

FAQ about Mental Health that are conversations between users and experts in the field 

of psychology about mental health and its relationship to Alzheimer's disease 

(Alzheimer's chat dataset, Alzhimer_chat_Leader, Mental_Health_FAQ.csv, NLP 

Mental Health Conversations). It was carefully collected and anonymized and included 

two columns, a question column and an answer column, to train the transformer, thus 

providing users or patients with appropriate guidance in answering their questions. The 

dataset is essential as it will be the base to fine-tune the pre-trained GPT-2 model, 

making responses auto-context relevant and personalized for mental health 

conversations. 

6.2 Evaluation Metrics 

To evaluate the performance of the fine-tuned GPT-2 model, several key metrics 

are used: 

• Training metrics: are the metrics that give an idea about the progress and 

performance during training and provide an understanding of how well the model 

learns, scientific analysis, identifying potential problems, and improving the model, 

such as the global step, training run time, training samples per second, training steps 

per second, and floating point operations per second (FLOPS). 

• BLEU Score: This metric is used to assess the quality of the generated text 

by comparing it with reference sentences. It evaluates how well the model-ranked 

prompts align with expected answers. 

• Cosine Similarity: This metric measures the similarity between the 

input prompt and the prompts in dataset, ensuring the NLG model's 

responses are customized and contextually relevant. 

• Training Loss: It is the meaning of the entropy-cross loss. Monitoring the 

training loss over epochs provides insights into how well the model learns from the 

data and whether it converges towards an optimal solution. 

 

7. Results and Discussion 

In this section, we present and analyze the results of our GPT-2 based NLG model 

for mental health and its relationship to Alzheimer's disease support, focusing on 

model performance, quality of generated responses, the effectiveness of our array 

storage approach and seed reprogramming. 

7.1 Data Preprocessing and Training Results 
During preprocessing and training, some analyses were done to understand how 

data was structured within our dataset and what had to be prepared for on the model 

side. Figure 2 shows the successful installation of essential libraries such as pandas, 

numpy, Torch and transformers, indicating a complete setup for data manipulation and 

model training. Table 3 depicts the examination showing that this dataset has 25177 

entries and covers two columns, namely prompt (questions) and answers. The dataset's 

memory usage was measured at around 393.5 KB, suggesting a compact yet sufficient 

corpus for fine-tuning. These findings demonstrate the successful preparation of a 

specialized dataset for mental health and Alzheimer's disease conversations, laying the 

groundwork for subsequent model training and evaluation processes. 



994 

Chatbot in the E-Service of Mental Health Using the Reprogramming of the GPT-2 Model 

 

 

 

Figure 2: Calling Necessary Libraries and Setting up The Environment. 

7.2 GPT-2 Model Fine-tuning and Metrics Results 
Table 4 Training Metrics for the proposed fine-tuned GPT-2 model. The global 

step count of 4105 and epoch number of 5.0 indicated the extent of model training. A 

train runtime 2123.9143 was recorded, with both train samples and steps per second 

measured at 3.863. The total Floating Point Operations (FLOPs) were calculated at 

42,878 TFLOPS, demonstrating the efficient performance and high speed in 

generating responses. Notably, the training loss was observed at 1.0506, this losses is 

good for the text generation task., suggesting room for further optimization in the 

model's performance on the mental health conversation dataset. These metrics 

provided valuable insights into fine-tuning and the model's adaptation to the 

specialized domain. 

Table 4: Training Metrics for Fine-Tuned GPT-2 Model 

Metrics Training 
Result 

Epoch 5 

Global step 4105 

Train runtime 2123.9143 

Train samples per 

second 

3.863 

Train steps per second 1.933 

Train loss 1.0506 

Total FLOPS 4287802245120000.0 

Table (5) presented BLEU score calculations for the model's output at both 

sentence and corpus levels. The BLEU values corresponding to the reference 

sentences A and G represent the BLEU value of reference sentence A = 0.176 which 

is bad and the BLEU value of sentence G = 0.549 which is very good for the text 

generation task. The BLEU scores achieved 0.534 for both single sentence and corpus 

scores perform uniformly across the dataset its very good.  

Table 5: BLEU Score Calculations at Sentence and Corpus Levels 

BLEU score Result 

  BLEU score for A 0.1768 

  BLEU score for G 0.5495 

BLEU score for a single sentence 0.5345 

BLEU score for a corpus 0. 5345 
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7.3 Evaluation Prompt of Similarity Scores 
     Table 6 shows a data frame containing the cosine similarity scores for the prompt 

order. By calculating the cosine similarity between the input prompt and the prompt in 

the training dataset, they are arranged in descending order. The prompt with the highest 

rank is selected and the corresponding response is selected according to a specific 

mechanism to be stored in the archiving technique that helps to preserve and recall texts 

in previous rounds, especially complex rounds. Then, they are returned to the training 

dataset using the seed reprogramming technique to customize the model and keep the 

responses from hallucination. 

Table 6: Ranking of Prompts Based on Similarity Scores 
 Answers Rinked 

0 Could you explain what causes Alzheimer's 

dis..... 

1.000000 

 

1 What are the early brain changes associated 

wi..... 

0.999714 

2 What causes Alzheimer's disease, and how much 0.999695 

3 Can you explain the difference between 

Alzheim... 

0.999687 

….. …… ….. 

195 How can dementia manifest, and are there 

diffe... 

0.998509 

196 Is there a distinction between Alzheimer's dis... 0.998286 

197 Are there non-medication approaches before 

con ... 

0.998252 

198 Is there an increase in the diagnosis of Alzhe.. 0.997960 

199 What is dementia, and how does it vary in seve... 0.997849 

 

     7.4 Evaluation of Model Performance  

The text coherence quality values of the Blue scale that we obtained from tuning 

large language models GPT-2 to perform NLG tasks on a mental health dataset 

(Alzheimer's chat dataset, Alzhimer_chat_Leader, Mental_Health_FAQ.csv, NLP 

Mental Health Conversations) , we did not find any previous studies that applied their 

study to it, so we made the comparison on the results of generating pre-trained LLMs 

only and some of which used the fine-tuning technique, and our study achieved 

satisfactory results for the health dataset (BLEU = 0.5345) compared to the results 

achieved by G. Rosario and D. Noever, 2023, which used ChatGPT for generation and 

obtained results ranging between (0.50 -0.65), as our model is considered to have 

achieved good quality because this study was not subjected to the fine-tuning 

technique. While A. M. Hasani et al. who achieved a score of (BLEU = 0.5008) and 

relied on the GPT-4 model and Prompt engineering also considered our text quality 

slightly higher, which is a good result, in addition to S. Priccilia and A. Girsang, 2024 

who achieved a good score (BLEU = 0.565) and used the fine-tuning method on data 

similar to our data consisting of a pair of questions and answers to adapt the GPT-2 

model, but the application in the field of education and with several sizes of the GPT-

2 model achieved a result very weak according to our results. 

Table (7) shows that the proposed work shown as for the FLOPS measure of model 

performance and computational requirements for training neural networks and 

response generation speed, which is comparable to the trillion TFLOPS level, the 
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results of our proposed model on health data with 12 baselines (layers), batch size 32, 

and generated sequence length = 100 for the text generation task, the FLOPS value is 

(4287.8 trillion), which represents excellent performance, When comparing our 

proposed model with A. Ouyang 2023 who used an input sequence length of 201 and 

no batch size for the transformer-based OPT model and for the text generation task, 

the TFLOPS value was (49.0993), indicating average performance compared to our 

results. As for D. Gu's study, he used a baseline of 12 (layers), batch size of 32, and 

generated sequence length = 100 for the text generation task of the GPT2 model, and 

the TFLOPS value was (2.46), which represents a below-average performance rate. 

Nitai Caldero obtained TFLOPS metrics for a batch size of 32, a baseline of 12 layers, 

and a GPT2 model for three sizes GPT2 = 0.0136, GPT2-M = 0.0388, and GPT2-L = 

0.084, which are very weak values compared to our work and obtained BLEU metric 

values for the three models GPT2 = 0.078, GPT2-M = 0.097, and GPT2-L = 0.119, 

which is a very weak constraint. 

Table 7: Performance Comparison of Proposed Work with Existing the NLG 

Model 

 

Metrics 

 

BLEU 

Score  

 

TFLOPS 

 

Dataset 

Response 

Generation 

Technique 
Proposed 
work 

 
0.5345 

 
4287.8 

American 
Mental Health 

Association 

GPT-2 Top- 
k and top-p 

sampling 

G. Rosario and D. 

Noever, 2023 

0.50 - 

0.65 

Not 

reported 

Quora ChatGPT 

A. M. Hasani et al., 

2024 

0.5008 Not reported Set of Medical 

radiology reports 

Prompt 

engineering 
+ GPT-4 

S. Priccilia & 

A. Girsang, 

2024 

0.565 Not reported Pair of question-
answer collected 

online 

GPT-2 

 

Nitay C. & s. m. 

2023 

0.119 0.084  
XSUM40K 

GPT2-L 

0.097 0.038 GPT2-M 

0.078 0.136 GPT-2 

D. Gu, 2024 Not 

reported 

 

2.46 

Wikipedia, 

ArXiv, 

OpenWebText 

GPTHF based-

GPT 

A. Ouyang, 2023 Not 

reported 

49.09 Not specified GPT-style 

decoder-only 

 

Figure 3 shows an example of generating a text response for the NLG model based 

on a large language model (LLM) pre-trained and fine-tuned on mental health data. 

The GPT-2 model was retrained on the resulting knowledge and the input prompt and 

ranked in the highest order to maintain specificity in the mental health domain. 
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Figure 3: Example of Generated Text 

 

8. Conclusion and Future Work 

The NLG model contributes to contextually coherent generative text, providing 

information and support to patients, caregivers, and family members. By continuously 

learning from interactions, the NLG model aims to improve the quality of mental 

health support over time. Our research demonstrates the potential of combining the 

language understanding capabilities of the GPT-2 model pre-tuned to mental health 

data with a novel long-term memory-like storage array approach (archive technique) 

to support mental health. The developed system showed promising results in 

maintaining context, generating empathetic responses, and personalizing interactions 

across extended conversations by selecting the highest-order prompt. These 

improvements address key limitations of traditional The NLG model in mental health 

applications, enhancing the quality and effectiveness of e-service for mental health 

interventions. 

Future work should focus on several areas to further develop this technology: 

1- Work on applying the proposed the NLG model to a local dataset and testing it 

instead of a global dataset. 

2- Work on applying the proposed system to other areas of e-services in addition 

to the e-health service area. 

3- Investigating the potential of combining the NLG model and human therapists 

in a hybrid support model. 

These developments could lead to more effective, accessible, and personalized 

mental health support tools, potentially revolutionizing e-services or digital 

interventions for mental health. 
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