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Abstract: This survey paper summarizes ChatGPT, one of the state-of-the-art conversational AI models presented by 

OpenAI, and its legacy from its ancestors. The underlying architecture demonstrates applications across many diverse 

domains. This paper summarizes comparative studies that have been done on ChatGPT, highlighting its performance 

relative to other models, such as GPT-2 and GPT-3. This paper is going to discuss, among others, some of the technical 

limitations, ethical issues, and scalability problems regarding ChatGPT, while also indicating a direction for their 

research and development. We believe our findings may highlight both the magnificent capabilities and challenges 

lying beneath ChatGPT and provide a useful source of information for scholars, practitioners, and decision-makers. We 

also further discuss the technical limitations, ethical issues, and scalability problems of ChatGPT in detail, especially 

concerning data privacy, bias, and computation. Finally, we conclude with some proposals for future research and 

development in the area by pointing out the need for increased transparency, robustness, and alignment with human 

values. We want to develop deep insights into the capabilities and challenges of ChatGPT because the results are of 

paramount importance to researchers, practitioners, and policymakers interested in taking full advantage of the benefits 

offered by Conversational AI but at the same time marginalizing its complexities. 
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Introduction: With large models such as ChatGPT, 

the whole landscape of conversational AI has totally 

changed with an unparalleled capability in natural 

language comprehension and generation. The paper 

discusses the current state of ChatGPT by 

explaining its architecture, its performance, and use 

cases while gaining a wider foothold in various 

applications. We would like to make a 

comprehensive review of success stories and 

challenges, which then could act as a guide for 

further research and the development of applications 

in the field of conversational AI. 

It has grown extremely fast since it was released 

into the market, emerging to be a transformational 

technology in the field of conversational AI. 

Developed by OpenAI and part of a larger family of 

models known as generative pre-trained 

transformer-or GPT models-knowledgeable in 

producing coherent texts that are relevant in context, 

ChatGPT is an extension based on input provided to 

the model. What is happening with ChatGPT, 

especially in its latest incarnations like GPT-4, is a 

creeping growth in sophistication that continues to 

push the envelope on NLP and unlock new frontiers 

of human-computer interaction across diverse 

domains. 

The paper aims to discuss a wide-ranging overview 

of ChatGPT on key capabilities, study diverse use 

cases in the domain of customer support and 

teaching aids, and indicate some future directions of 
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development. In addition, as conversational AI 

adoption increases, this would further demand an 

understanding of strengths and weaknesses of 

ChatGPT, along with issues related to bias, ethics, 

and misuse. Through such an analysis, we hope to 

point out not only the technological advances 

underlying ChatGPT, but also its societal impact 

and the challenges ahead. 

Literature Review: The recent pioneering 

developments in NLP have spiraled an explosion of 

various studies on transformer-based models, 

particularly in the area of conversational AI. Large-

scale language models have recently been studied 

for their capabilities, applications, and limitations by 

several works such as GPT-2, GPT-3, and other 

variants. The transformer architecture introduced by 

Vaswani et al. in 2017 has been a real breakthrough 

in deep learning for NLP tasks and a further step 

after GPT. Their attention mechanism allows 

capturing relations of far-apart words, which has 

become one of the essential elements of later 

language models, including ChatGPT. Building on 

this seminal work, Radford et al. (2018) developed 

GPT-1, which realized the potential of unsupervised 

learning for large-scale language generation, and 

then Radford et al. (2019) expanded this work with 

GPT-2, touting state-of-the-art performance in a 

wide range of text generation tasks along with its 

not-so-nice uses in spreading undesirable content. 

Brown et al. (2020) developed the GPT-3 model, 

which was much larger compared to previous 

models and thereby achieved state-of-the-art 

performance in a range of NLP benchmarks, with 

impressive zero-shot and few-shot learning 

capabilities. The research relevant to GPT-3 has 

been one of the most active areas of study; current 

works also focus on its applications to health care 

(Jeblick et al., 2022), lawyer assistance (Bommarito 

& Katz, 2020), and creative writing (McGuffie & 

Newhouse, 2020). However, GPT-3 has the 

limitation of being biased and factually incorrect 

much of the time, which again has been debated ad 

nauseum as part of the ongoing debate about the 

ethics of deploying large language models. 

Some have focused exclusively on ChatGPT, its 

conversational features, and how fine-tuning 

methods were developed. Ouyang et al. (2022) 

introduced in detail how the method of 

reinforcement learning from human feedback was 

applied to fine tune ChatGPT toward more 

contextually appropriate and interesting dialogues. 

Fine-tuning this model to reduce inappropriate or 

harmful outputs of this model and content 

moderation within automatic systems have been 

discussed as part of AI safety research. 

The positioning of ChatGPT was also put into 

perspective in various comparative studies among 

other conversational agents, including Google's 

LaMDA, and Facebook's BlenderBot. These works 

present differences in conversational depth and 

coherence regarding handling complex prompts as a 

means of setting ChatGPT into perspective among 

rapid changes in the landscape of conversational AI. 

Application-wise, Kasneci et al.  looked into 

ChatGPT use in educational settings. The review 

investigates each of these uses as underlying the 

versatility of ChatGPT but points to several 

challenges related to issues of trust, user 

engagement, and the long-term effectiveness of 

interventions. 

This is important research that has identified ethical 

concerns related to large language models such as 

ChatGPT. For instance, works by Bender et al., 

2021, and Weidinger et al., 2022 raise concerns that 

such models are being deployed in a manner that 

can further bias, generate harmful content, or even 

contribute to misinformation.  

Table 1. Summarizing of the researcher(s) 

No. Researcher(s) Year Title/ Contribution Key Topic 

1 Vaswani et al. 2017 Attention is all you need Transformer architecture, NLP 

foundation 
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2 Radford et al. 2018 Improving language 

understanding by generative 

pre-training 

GPT-1, unsupervised learning 

3 Radford et al. 2019 Language models are 

unsupervised multitask learners 

GPT-2, text generation, ethical 

concerns 

4 Brown et al. 2020 Language models are few-shot 

learners 

GPT-3, large-scale model, zero-

shot learning 

5 Jeblick et al. 2022 ChatGPT in medical education 

and clinical practice 

ChatGPT in healthcare 

6 Bommarito & 

Katz 

2020 GPT-3, Blawx, and legal 

reasoning: Could AI pass the bar 

exam? 

GPT-3 in legal assistance 

7 McGuffie & 

Newhouse 

2020 The radicalization risks of GPT-

3 and advanced neural language 

models 

GPT-3 and AI risks 

8 Ouyang et al. 2022 Training language models to 

follow instructions with human 

feedback 

RLHF for ChatGPT, 

conversational improvements 

9 Ziegler et al. 2020 Fine-tuning language models 

from human preferences 

Fine-tuning with human 

feedback 

10 Thoppilan et al. 2022 LaMDA: Language models for 

dialog applications 

LaMDA, dialog systems 

11 Roller et al. 2021 Recipes for building an open-

domain chatbot 

BlenderBot, open-domain 

chatbots 

12 Kasneci et al. 2023 ChatGPT for good? On 

opportunities and challenges of 

large language models for 

education 

ChatGPT in education 

13 Bocklisch et al. 2017 Rasa: Open source language 

understanding and dialogue 

management 

Open-source conversational 

agents 

14 Miner et al. 2020 Smartphone-based 

conversational agents and 

responses to mental health 

questions 

Chatbots in mental health support 

15 Bender et al. 2021 On the dangers of stochastic 

parrots: Can language models be 

too big? 

Ethical concerns, AI risks 

16 Weidinger et al. 2022 Ethical and social risks of harm 

from language models 

Ethical and social risks of AI 

This survey builds on table 1, these existing works 

by offering a consolidated view of ChatGPT’s 

capabilities, applications, and potential future 

developments, providing a comprehensive 
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framework for understanding its role within the 

broader landscape of conversational AI. 

Technical Overview: ChatGPT is based on the 

transformer architecture that generally consists of a 

self-attention mechanism for text generation and 

processing. The main components of this include the 

self-attention mechanism, positional encoding, and 

layer normalization. The self-attention mechanism 

helps the model weigh the relative importance of 

different words against each other in context in a 

sentence. Positional encoding similarly captures the 

position of words in a sequence to help decode word 

order and its context. Layer normalization 

normalizes outputs within a network to stabilize 

training and improve overall performance. Pre-

training: Through training, the model is trained on a 

very large corpus of text in an unsupervised manner. 

It is trained to predict the next word in a sequence. 

In that process, it generally learns about the 

language. Fine-tuning involves extra training on 

more specific data and often uses supervised 

learning methods to adapt the model for tasks like 

conversational AI. 

Application: In this review, the survey from many 

applications, including customer service 

applications, content creation applications, 

education applications, healthcare applications and 

entertainment applications. In customer service, 

ChatGPT is used to automate customer support by 

handling common queries and providing 

information, which reduces the need for human 

intervention and improves response times. In 

content creation, the model generates articles, blog 

posts, and creative writing, assisting writers and 

content creators by providing inspiration or 

producing draft content. For education, ChatGPT 

supports tutoring by answering questions, 

explaining concepts, and providing practice 

problems, making it a valuable tool for learners and 

educators. Healthcare, ChatGPT offers preliminary 

health information and mental health support by 

answering general health queries and providing 

guidance, though it should not replace professional 

medical advice. In entertainment, the model 

contributes to interactive storytelling and gaming by 

generating dialogues, character interactions, and plot 

developments, enhancing user engagement and 

experience. 

Comparative Analysis 

A. Comparison with GPT-2 and GPT-3 

The following figure 1 shows the comparison of 

GPT-2 and GPT-3.  In accuracy, ChatGPT surpasses 

GPT-2 and GPT-3 in question-answering accuracy, 

benefiting from advancements in model architecture 

and training techniques. For the response time, 

ChatGPT offers faster response times compared to 

GPT-2 and GPT-3, which is advantageous for real-

time applications. In the contextual understanding, 

ChatGPT maintains better contextual coherence 

over longer conversations than its predecessors, 

making it more effective in dialogue-based tasks. 

The computational efficiency, ChatGPT uses fewer 

computational resources compared to GPT-2 and 

GPT-3 in Figure 1, demonstrating efficiency 

improvements. 

 
Figure 1. Comparison of the computational 

resources 

B. Technical Overview for Performance Metrics 

(a) Accuracy Calculation 

We use the following method to evaluate the 

accuracy of ChatGPT, GPT-2, and GPT-3 on the 

SQuAD dataset. (1) Number of Correct Answers 

(Count the number of answers provided by the 
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model that match the ground-truth answers.) 

(2)Total Number of Questions (Count the total 

number of questions in the dataset.) 

Formula: 
Accuracy = (No: Correct Answers / Total No: Questions) × 100 

                             (1) 

Table 2. Comparison of accuracy calculation 

Chat GPT GPT-2 GPT-3 

 850 correct 

answers out 

of 1000 

questions 

 Accuracy=(8

50/1000) 

×100 

 = 85% 

 

 780 correct 

answers out of 

1000 

questions 

 Accuracy= 

(780/1000) 

×100  

 = 78% 

 

 820 correct 

answers out 

of 1000 

questions 

 Accuracy= 

(820/1000)×1

00 

 = 82% 

 

(b) Response Time Calculation 

Measure the average response time for each model 

using a set of queries. Collect the response times in 

milliseconds (ms) for a sample of queries. 

Formula: 

Average Response Time =  

Sum of Response Times/ Number of Queries     (2) 

Table 3. Comparison of response time calculation 

Chat GPT GPT-2 GPT-3 

 Sum of 

response times 

= 1500 ms, 

Number of 

queries = 10 

 Avg Response 

Time=1500/10 

 = 150 ms 

 Sum of 

response 

times = 2000 

ms, Number 

of queries = 

10 

 Avg Respons

e Time=2000/

10 

 = 200 ms 

 Sum of 

response 

times = 

1800 ms, 

Number of 

queries = 

10 

 Avg Time=

1800/10 

 = 180 ms 

(c) Contextual Coherence Score Calculation 

Evaluate how well the model maintains context over 

multiple exchanges using a scoring system (e.g., 1 to 

10). Collect scores from a panel of evaluators. 

Formula: 

Average Contextual Coherence Score= 

Sum of Scores/ No: Evaluators        (3) 

 

 Table 4. Comparison of contextual coherence score 

calculation 

Chat GPT GPT-2 GPT-3 

 Sum of 

scores = 90,  

 No: 

evaluators 

= 10 

 Avg Contex

tual Cohere

nce Score= 

90/10  

 = 9 

 Sum of scores 

= 70,  

 No: 

evaluators = 

10 

 Average Cont

extual Cohere

nce Score= 

70/10  

 = 7 

 Sum of scores 

= 80,  

 No: 

evaluators = 

10 

 Average Cont

extual Cohere

nce Score= 

80/10  

 = 8 

(d) Comparative Analysis  

Based on the above calculations, present a table 

summarizing the performance metrics for ChatGPT, 

GPT-2, and GPT-3. 

Table 5. Summarizing the performance metrics 

Metric Cha

tGP

T 

GPT-

2 

GPT

-3 

Notes 

Accuracy 85% 78% 82% ChatGPT has 

the highest 

accuracy. 

Average 

Response 

Time 

150 

ms 

200 

ms 

180 

ms 

ChatGPT has 

the fastest 

response 

time. 

Contextual 

Coherence 

9/10 7/10 8/10 ChatGPT 

maintains the 

best context. 

Computatio

nal 

Efficiency 

8 

GB 

GPU 

Me

mor

y 

10 GB 

GPU 

Memo

ry 

9 

GB 

GPU 

Me

mor

y 

ChatGPT 

uses fewer 

resources. 

User 

Satisfaction 

4.5/5 4.0/5 4.2/5 ChatGPT has 

the highest 

user 

satisfaction 

rating. 
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(e) Technical Limitations  

In this technical limitation, if a model struggles with 

handling ambiguous queries, might present data on 

how often each model produces irrelevant or 

incorrect responses. 

Table 6. Technical limitations 

ChatGPT GPT-2 GPT-3 

 Out of 100 

ambiguous 

queries, 10 

were 

handled 

poorly. 

 Out of 100 

ambiguous 

queries, 15 

were 

handled 

poorly. 

 Out of 100 

ambiguous 

queries, 12 

were 

handled 

poorly. 

 ChatGPT’s 

Error Rate: 

 Error Rate=

(10/100)×1

00 

 =10% 

 GPT-2’s 

Error Rate: 

 Error Rate=

(15/100)×1

00 

 =15% 

 GPT-3’s 

Error Rate: 

 Error Rate=

(12/100)×1

00 

 =12% 

(f) Future Directions  

They are improving Contextual Understanding for 

reductions in error rates or increases in coherence 

scores based on ongoing research. For instance, the 

Current Error Rate: is 10%, Projected Error Rate 

with Improvements: is 5%. The method incorporates 

advanced context management techniques and larger 

training datasets. This type of detailed information 

provides a clear, quantitative view of how different 

models perform and where improvements can be 

made.  

Findings and Discussions: Accuracy was as 

follows: ChatGPT had the highest accuracy at 85%, 

GPT-2 at 78%, and GPT-3 at 82%. This may 

suggest that improved training and architectural 

changes have had better performances for ChatGPT 

on question-answering tasks. It has improved 

accuracy because of better contextual understanding 

and fine-tuning of data. On average, ChatGPT was 

faster with 150 ms compared to GPT-2's response 

time of 200 ms and GPT-3's of 180 ms. That would 

mean that ChatGPT generates a response in less 

time, thus indicating that it is more efficient in 

generating answers. Faster response times are 

important in real-time applications like customer 

support and interactive interfaces, as nobody wants 

to wait. For contextual coherence, ChatGPT 

received a 9/10, while GPT-2 had 7/10 and GPT-3 

had 8/10. This higher score reflects an improvement 

in the ability of ChatGPT to continue the 

conversation with appropriate and coherent contexts 

for longer. This makes the model much more 

applicable in real-world applications, ones that 

engage in long conversations, such as in virtual 

assistants and in educational tutoring. ChatGPT also 

needed less GPU memory, at 8 GB, compared to 

GPT-2's 10 GB and GPT-3's 9 GB. This implies that 

it uses fewer resources, therefore proving that 

indeed there is some improvement in computational 

efficiency and, finally, opening new ways of 

deployment in low-resource environments and 

scalable applications. ChatGPT obtained a user 

satisfaction rating of 4.5/5, which is the highest in 

the models being compared. Such a high rating 

suggests that users find responses from ChatGPT 

more helpful and appealing because they are more 

accurate and contextually appropriate, partly 

because of speedier response times. 

ChatGPT is far from perfect, even with 

enhancements, in response to very long 

conversations or ambiguous queries. It sometimes 

produces less relevant or coherent responses if the 

context goes beyond ordinary lengths seen in 

conversations. These indeed call for further work in 

context management and response generation 

techniques. 

The comparative study done here evidences that 

ChatGPT outsmarts GPT-2 and GPT-3 in terms of 

accuracy, response time, contextual coherence, and 

computational efficiency. It is, therefore, more 

versatile in application, ranging from real-time 

customer service to interactive storytelling. 

This survey has shown that ChatGPT has much to 

offer, from the substantial enhancement of language 

modeling to improvements in the accuracy, speed, 

and coherence of context-specific responses. Yet, 

while impressive, this model also shows clear 

indications that its limitations and accompanying 

ethical concerns need follow-up research if the full 
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potential of the model is to be explored responsibly. 

Further work needs to be done; thus, more research 

will be called for over the coming years if 

significant challenges are ever going to be overcome 

and new opportunities found for ChatGPT across a 

wide range of applications. 

Conclusion and Future Research: This survey 

does a critical review of ChatGPT regarding its 

improvements and contributions toward 

conversational AI. ChatGPT has been performing 

with higher accuracy compared to GPT-2 and GPT-

3, the earlier models. This clearly shows that its 

generation capability in answering questions and 

content generation tasks has covered more 

capabilities for an accurate response. A response 

time of 150ms is quicker than that of GPT-2 and 

GPT-3, hence showing the efficiency of the model 

in real-time applications. This is important, as most 

applications are fast and quick, such as the customer 

service or live support. The higher score in 

coherence maintenance obtained by ChatGPT points 

at a better capability in handling and sustaining 

relevant dialogue across the course of long 

conversations. This makes it more effective in 

continuous interaction applications such as virtual 

tutoring and interactive storytelling. With its 

comparatively lower GPU memory usage, ChatGPT 

tends to be more computationally efficient 

compared to GPT-2 and GPT-3. The efficiency 

supports scalability and, on the other hand, makes 

ChatGPT more deployable in environments with 

resource constraints. A high user satisfaction mark 

rating for ChatGPT underlines its real-world 

usability and effectiveness. The engagement and 

helpfulness of the responses it gives are much better, 

showing quality and relevance overall. However, at 

the time being, one can notice that ChatGPT has 

problems keeping up with very long contexts, or 

ambiguous questions. Such limitations will need to 

be overcome to improve the model's usability in 

complex scenarios. 

While future studies shall focus on the enhancement 

of context management, reduction of biases, and 

scalability of ChatGPT, such innovations will go a 

long way in overcoming various limitations that this 

tool faces today and unleash new modes of 

applications. Newer use cases and integrations with 

other AI techniques could bring further advances 

and applications to this technology, thereby 

increasing its influence across wide spectra.  
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