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Abstract
Recent advancements in natural language processing (NLP) have catalyzed the development of models capable of generat-
ing coherent and contextually relevant responses. Such models are applied across a diverse array of applications, including 
but not limited to chatbots, expert systems, question-and-answer robots, and language translation systems. Large Language 
Models (LLMs), exemplified by OpenAI’s Generative Pretrained Transformer (GPT), have significantly transformed the NLP 
landscape. They have introduced unparalleled abilities in generating text that is not only contextually appropriate but also 
semantically rich. This evolution underscores a pivotal shift towards more sophisticated and intuitive language understanding 
and generation capabilities within the field. Models based on GPT are developed through extensive training on vast datasets, 
enabling them to grasp patterns akin to human writing styles and deliver insightful responses to intricate questions. These 
models excel in condensing text, extending incomplete passages, crafting imaginative narratives, and emulating conversa-
tional exchanges. However, GPT LLMs are not without their challenges, including ethical dilemmas and the propensity for 
disseminating misinformation. Additionally, the deployment of these models at a practical scale necessitates a substantial 
investment in training and computational resources, leading to concerns regarding their sustainability. ChatGPT, a variant 
rooted in transformer-based architectures, leverages a self-attention mechanism for data sequences and a reinforcement 
learning-based human feedback (RLHF) system. This enables the model to grasp long-range dependencies, facilitating the 
generation of contextually appropriate outputs. Despite ChatGPT marking a significant leap forward in NLP technology, 
there remains a lack of comprehensive discourse on its architecture, efficacy, and inherent constraints. Therefore, this survey 
aims to elucidate the ChatGPT model, offering an in-depth exploration of its foundational structure and operational efficacy. 
We meticulously examine Chat-GPT’s architecture and training methodology, alongside a critical analysis of its capabilities 
in language generation. Our investigation reveals ChatGPT’s remarkable aptitude for producing text indistinguishable from 
human writing, whilst also acknowledging its limitations and susceptibilities to bias. This analysis is intended to provide a 
clearer understanding of ChatGPT, fostering a nuanced appreciation of its contributions and challenges within the broader 
NLP field. We also explore the ethical and societal implications of this technology, and discuss the future of NLP and AI. 
Our study provides valuable insights into the inner workings of ChatGPT, and helps to shed light on the potential of LLMs 
for shaping the future of technology and society. The approach used as Eco-GPT, with a three-level cascade (GPT-J, J1-G, 
GPT-4), achieves 73% and 60% cost savings in CaseHold and CoQA datasets, outperforming GPT-4.

1 Introduction

The advent of Large Language Models (LLMs) has marked 
a paradigm shift in the field of Natural Language Processing 
(NLP) [1–6], transforming how we interact with and under-
stand textual data [7]. Among the pioneers in this domain, 
OpenAI’s Generative Pre-Trained Transformers (GPT) have 
emerged as a prominent force, reshaping the landscape of 

NLP [8]. Comprising multiple transformer layers, GPT mod-
els employ self-attention mechanisms that allow for the intri-
cate comprehension of language patterns within extensive 
datasets [9]. This design allows the models to learn semantic 
meaning from data, thereby achieving remarkable progress 
in textual understanding. Recent research has delved into 
the varied applications of GPT technology across multiple 
sectors, including finance, healthcare, and law. This explora-
tion underscores the wide-ranging applicability and potential 
of GPT models, highlighting their versatility in addressing 
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distinct industry-specific challenges and requirements [10, 
11]. Table 1 presents the list of acronyms used throughout 
the survey.

To illustrate the market penetration of ChatGPT and its 
integration with users, we present statistical details. Figure 1 
demonstrates the efficacy of the ChatGPT website [12] over 
the past seven months. This observation is substantiated 
by the graphical representation, which indicates a notable 
upswing in the utility of ChatGPT. Specifically, in November 
2022, the platform garnered 152.7 million views [13–20]. 
The number of views escalated to 266 million in December 
2022, and then saw a more significant rise to 616 million 
in January 2023. This upward trend persisted, reaching 1 
billion views in February, before surging to 1.6 billion in 
March 2023. Remarkably, by April 2023, user engagement 
reached its zenith at 1.8 billion, continuing its upward tra-
jectory into May with a total of 1.9 billion views. These 

statistics illustrate the increasing integration of ChatGPT 
into daily activities, highlighting the growing necessity 
to enhance the performance of GPT LLMs. Furthermore, 
additional data reveals ChatGPT’s widespread impact across 
various industries, underscoring its broad applicability and 
influence.

Figure 2 illustrates the rapid growth of the chatbot sector 
[12], reaching 100 million users in only two months. This 
remarkable achievement, when compared to other social 
media and entertainment platforms, showcases a stark con-
trast in user base growth. For example, TikTok reached the 
same number of users within 9 months, whereas platforms 
such as YouTube, Instagram, Facebook, and Twitter took 
18, 30, 54, and 60 months, respectively, to achieve similar 
milestones. In the music industry, Spotify required a con-
siderably longer period, taking 132 months to reach this 
mark. Meanwhile, Netflix, a giant in the entertainment sec-
tor, achieved the 100 million user milestone in 216 months, 
further highlighting the unprecedented rapid adoption rate 
of the platform in question. [21–28].

Since their introduction, GPT models have undergone 
swift and significant development, beginning with the launch 

Table 1  Acronyms and their descriptions

Acronyms Description

LLMs Large Language Models
NLP Natural Language Processing
GPT Generative Pretrained Transformers
ML Machine Learning
RLHF Reinforcement Learning Based

Human Feedback
GAI Generative Artificial Intelli

gence
SC Semantic Communication
NLG Natural Language Generation
PTMs Pretrained Models
GAI Generative Artificial Intelli-

gence
ML Machine Learning
ABL Abductive Learning
FOL First Order Logic
FL Federated Learning
NMT Neural Machine Translation
ASR Automatic Speech Recognition
TTS Text-To-Speech
MTL Multi-Task Learning
CV Computer Vision
FFN Feed-Forward Neural Network
ReLU Rectified Linear Unit
API Application Programming

Interfaces
IoT Internet-of-Things
DL Deep Learning
HCI Human–Computer Interaction
GPUs Graphics Processing Unit
TPUs Tensor Processing Units
RL Reinforcement Learning

Fig. 1  Monthly view of the ChatGPT website

Fig. 2  Impact of ChatGPT in Diverse Industries
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of GPT-1, which established the foundation for a ground-
breaking series of models in natural language processing 
(NLP). This evolution has been instrumental in transforming 
the landscape of NLP, setting new benchmarks for language 
understanding and generation. [29]. Following the initial 
model, subsequent iterations such as GPT-2 and GPT-3 have 
significantly broadened the scope and enhanced the capa-
bilities of these systems, pushing the frontiers of Machine 
Learning (ML) and language comprehension to new heights. 
These advancements have paved the way for more sophis-
ticated applications in various domains, showcasing the 
progressive potential of GPT models in understanding and 
generating human-like text. [9]. With the recent unveiling of 
GPT-4 and the anticipation of future models, the GPT series 
continues to push the frontiers of NLP, offering unprece-
dented levels of accuracy and efficiency in language tasks 
[30]. The evolution from GPT-1 to GPT-4 marks an ongoing 
endeavor to refine the models’ complexity, responsiveness, 
and contextual awareness. This journey is pivotal in shap-
ing the future landscape of interactions between machines 
and humans, demonstrating a commitment to advancing the 
capabilities of these models to understand and engage with 
human language more effectively. [31].

Table 2 provides a comprehensive comparison of different 
generations of GPT models, encompassing GPT (or GPT-
1) to GPT-4. The text outlines the evolution of the models 
in terms of their parameters, underscoring the escalation in 
complexity and improvements in self-attention mechanisms. 
Additionally, it traces the incorporation of Reinforcement 
Learning based Human Feedback (RLHF), illustrating a shift 
towards more advanced and nuanced training methodolo-
gies. This progression reflects a concerted effort to refine the 
models’ ability to process and understand language through 
increasingly sophisticated techniques. [32–40]. Furthermore, 
the table illustrates the diversification in applications, dem-
onstrating the growing versatility and adaptability of GPT 
models in various domains. (Fig. 3).

The core of GPT models’ success lies in the self-attention 
mechanism, an innovative technique that has revolution-
ized ML models ability to recognize dependencies across 
sequences in data [41]. The self-attention mechanism allows 

each part of an input sequence to focus on different parts 
of itself, enabling the model to create contextual repre-
sentations. Alongside self-attention, RLHF adds another 
dimension to the model’s training, aligning the generated 
content with human-like reasoning and judgment [42]. By 
fine-tuning models using RLHF, it is possible to guide the 
model’s behavior based on human-generated feedback, 
optimizing performance in specialized domains [43]. This 
dual application of self-attention and RLHF has contrib-
uted to the efficiency of various applications such as text 
summarization, creative writing, and question-answering 
systems [44]. For instance, GPT-3 ability to perform legal 
document analysis has been benchmarked against human 
experts, revealing astonishing parallels in terms of accuracy 
and insight [11, 41]. Moreover, the use of self-attention and 
RLHF has been pivotal in addressing the long-standing chal-
lenge of long-range dependencies in sequence data, leading 
to breakthroughs in machine translation and other complex 
tasks [45].

The training process of these models is both complex 
and resource-intensive, leveraging vast amounts of data 
and specialized computational hardware [46]. By employ-
ing a multi-stage approach that combines pre-training on 
broad data and fine-tuning on specific tasks, GPT models 
are capable of delivering customized performance across a 
wide range of applications [47]. This training architecture 
underscores the adaptability and specialization of GPT mod-
els, whilst also illuminating the considerable infrastructure 
and computational requirements necessary for deployment 
[48]. The synergistic application of self-attention and RLHF, 
combined with an intricate training process, encapsulates 
the scientific innovation and practical challenges inherent 
in the development and implementation of these advanced 
language models [49–56].

Despite these remarkable advancements, the implemen-
tation of GPT models is not without challenges and con-
cerns. The computational cost associated with training 
these models is substantial, often requiring highly special-
ized hardware and vast amounts of energy [44, 57]. This 
raises significant questions about their sustainability and 
environmental impact, with recent studies highlighting the 

Table 2  Comparison of Different Generations of GPT Models

Model Parameters Self-Attention Features RLHF Major Applications Training Data Size Inference Speed Year

GPT 117 million Basic mechanism No Text Completion, Translation 40 GB Fast 2018
GPT-2 1.5 billion Scaled attention, Layer normali-

zation
No Creative Writing, Summarization 570 GB Moderate 2019

GPT-3 175 Billion Adaptive attention, Sparse atten-
tion

Partial Question Answering, Legal 
Analysis

45 TB Slow 2020

GPT-4 1.75 trillion Enhanced features,
Multi-modal capabilities

Yes Diverse Tasks,
Customization, Real-time Inter-

action

240 TB Moderate 2022
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considerable carbon footprint associated with training large-
scale models [58, 59]. Ethically, the deployment of GPT 
models has stirred debate around issues such as bias, mis-
information, and potential misuse. Research has indicated 
that these models can inadvertently propagate stereotypes or 
misrepresentations found within their training data, posing 
serious ethical considerations [60, 61].

Additionally, the complex architecture and extensive 
resource requirements of GPT models may limit accessi-
bility for researchers and organizations with constrained 
resources, raising questions about inclusivity and equitable 
access to this cutting-edge technology [62, 63]. Notably, 
the applications of GPT models extend into areas like real-
time language translation, medical diagnosis support, and 
personalized education, underscoring the potential societal 
impact and the necessity for responsible development and 
deployment [64, 65]. The intersection of ethical considera-
tions, practical constraints, and far-reaching potential paints 
a complex picture of the current state of LLMs, necessitat-
ing ongoing research, collaboration, and critical evaluation.

Therefore, this article aims to demystify the ChatGPT 
model, bridging the knowledge gap and contributing a 
holistic understanding of its architecture, performance, 
and societal implications. In undertaking this endeavor, the 
analysis leverages recent research, empirical evidence, and 
a thoughtful scrutiny of the ethical considerations involved. 
The objective is to furnish scholars, practitioners, and poli-
cymakers with a thorough and groundbreaking examina-
tion of ChatGPT, offering insights that span theoretical 

underpinnings, practical applications, and ethical implica-
tions, elucidating its role in shaping the future of technology 
and society. Through a detailed examination of ChatGPT’s 
complexities, this study not only enriches academic dialogue 
but also acts as a roadmap for future innovations and ethical 
deployment. Combining theoretical insights with practical 
applications, it contributes to the broader endeavor of lev-
eraging AI’s potential responsibly, with an acute conscious-
ness of its intricacies and obligations. The following sections 
will investigate ChatGPT’s architecture, its diverse appli-
cations, ethical implications, and forward-looking views, 
thereby setting the stage for a well-informed and thorough 
grasp of this crucial technology.

1.1  Existing Surveys

This section presents the discussion on existing surveys 
conducted in different research areas by the researchers. 
Mondal et al. [66] surveyed the problems that Generative 
Artificial Intelligence (GAI) and its effects on the economy 
and society. It exhorts companies to modify their tactics in 
order to combine physical and virtual meetings through GAI 
integration. They also provide business managers with a use-
ful foundation for creating successful plans. By identifying 
the potential for businesses to create value propositions and 
customer experiences through digital communication and 
information technology, this also examines the GAIs initial 
deployments in diverse industries aims to inspire future cus-
tomer solutions.

Fig. 3  The evolution timeline of ChatGPT
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Another study by [67], examined the three main areas of 
the ChatGPT, namely, the ChatGPT responses to questions 
pertaining to science education; potential Chat-GPT uses in 
science pedagogy; and the study of ChatGPT as a research 
tool and its utility. This research, which used a self-study 
technique, produced outstanding results, with ChatGPT fre-
quently aligning its outputs with the investigation’s main 
themes. However, this is also important to recognize that 
ChatGPT runs the risk of taking the position of the supreme 
epistemic authority. The analysis presents insights that, 
while unique, lack substantial empirical evidence or the nec-
essary qualifications, a point that is elaborated upon within 
the survey. From an application-oriented perspective, the 
use of ChatGPT across various sectors such as healthcare, 
clinical practice, education, and manufacturing industries is 
examined, highlighting its versatility and potential impact 
in these fields [68–74]. The changes to transformer-based 
LLMs is presented in the article.

In [75], the authors examined the current trends of GAI 
models, and associated integrations with the metaverse for 
precision medicine. The salient advantages and inherent 
drawbacks are highlighted. GAI is a dynamic branch of AI 
that can create different content types on its own, such as 
text, photos, audio, and video. GAI presents fresh oppor-
tunities for content production within the metaverse [76], 
successfully overcoming technological gaps in this rapidly 
developing digital space. Utilizing ChatGPT can markedly 
enhance the generation and presentation of virtual objects 
within the metaverse, potentially steering Industry 5.0 
towards a new era of hyper-customization and individual-
ized user experiences. This advancement underscores the 
technology’s capacity to meet specific user demands through 
personalized and dynamic virtual environments.

Lv et al. [77] provides an in-depth analysis of how Gener-
ative AI (GAI) technologies are employed to create innova-
tive and captivating content in digital and virtual settings. It 
outlines the diverse applications of GAI, such as converting 
text into images, audio, and scientific materials, delivering 
a thorough review of its capabilities in augmenting creative 
outputs across various formats. In the study [78], the authors 
showcased the utilization of Generative AI (GAI) in text-to-
code tasks, revealing its capacity for economic optimization 
and the potential to enhance both creative and non-creative 
endeavors. However, their current framework suffers from 
notable limitations, including prolonged training periods due 
to the unavailability of datasets for certain models like text-
to-text and text-to-audio. Additionally, these models demand 
extensive datasets and substantial computational resources, 
resulting in significant time and expenses for training and 
execution [79–85].

Authors in [86] conducted a survey on the application 
of ChatGPT in education. Initially, the study explores the 
potential of GPT in academic tasks. Subsequently, it delves 

into the limitations of GPT, particularly in terms of provid-
ing erroneous information and amplifying biases. Further-
more, the survey emphasizes the importance of addressing 
security concerns during data training and prioritizing pri-
vacy considerations. To enhance students’ learning experi-
ences, collaborative efforts among policymakers, research-
ers, educators, and technology experts are deemed essential. 
The survey encourages discussions on the safe and beneficial 
integration of emerging Generative AI (GAI) tools in edu-
cational settings.

Xia et al. [87] delved into the potential of Generative AI 
(GAI) technologies in advancing communication networks, 
specifically within the framework of Web 3.0 cognitive 
architectures. Their research emphasized the importance of 
Semantic Communication (SC), a paradigm poised to opti-
mize data exchange efficiency while maximizing spectrum 
resource utilization. However, despite notable advance-
ments, current SC systems face challenges related to context 
comprehension and the integration of prior knowledge [26, 
88–96]. GAI emerges as a viable solution, providing the 
ability to automate various tasks and produce personalized 
content across diverse communication channels. Moreo-
ver, within the architecture encompassing cloud, edge, and 
mobile computing, Semantic Communication (SC) networks 
play a crucial role, as highlighted by Prasad and colleagues 
[97]. The implementation of GAI, both globally and locally 
within these networks, is instrumental in refining the trans-
mission of semantic content, the synergy of source and chan-
nel coding, and the adaptability in generating and encoding 
information. This approach aims to enhance semantic under-
standing and optimize resource allocation.

Another study conducted by [98] examined the diverse 
applications of GPT models in Natural Language Gen-
eration (NLG) tasks. Drawing inspiration from OpenAI’s 
groundbreaking GPT-3 innovation, the article provided a 
comprehensive overview of ChatGPT’s current role in NLG 
applications. It explored potential uses across various sectors 
including e-commerce, education, entertainment, finance, 
healthcare, news, and productivity. A crucial aspect of the 
analysis involved evaluating the efficacy of implementing 
GPT-enabled NLG technology to customize content for indi-
vidual users.

In [99], the authors outlined recent advancements in 
pre-trained language models and their potential to enhance 
conversational agents. Their analysis focuses on assessing 
whether these models can effectively address the challenges 
encountered by dialogue-based expert systems. The article 
examines various underlying architectures and customiza-
tion options. Additionally, it explores the existing challenges 
encountered by Chatbots and similar systems. The emer-
gence of pre-trained models (PTMs) has sparked a revolu-
tion in Natural Language Processing (NLP), significantly 
impacting the field. Qin et al. [100] offered a comprehensive 
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examination of Pretrained Models (PTMs) in Natural Lan-
guage Processing (NLP). They provide insights into apply-
ing PTM knowledge to downstream tasks and suggest poten-
tial research directions for the future. This survey serves as a 
valuable guide for comprehending, leveraging, and advanc-
ing PTMs across various NLP applications.

Authors in [101] delved into the background and tech-
nological aspects of GPT, with a specific focus on the GPT 
model itself. The article explores the utilization of Chat-
GPT for developing advanced chatbots. Within the study, 
interview dialogues between users and GPT are show-
cased across various topics, and subsequently analyzed for 
semantic structures and patterns. The interview underscores 
the advantages of ChatGPT, emphasizing its capability to 
enhance various aspects including search and discovery, ref-
erence and information services, cataloging, metadata gen-
eration, and content creation. Important ethical issues like 
bias and privacy are also covered. Another study in [102] 
discussed the benefits and downsides of using LLMs in the 
classroom while taking into account the perspectives of both 
students and teachers.

They place a strong emphasis on the opportunity for 
creating educational content, raising student engagement, 
and modifying learning environments. However, the use of 
LLMs in education has to be backed with effective prompt 
engineering, to ensure high competency among the students 
and faculties. Table 3 presents a comparitive study of exist-
ing surveys.

1.2  Uniqueness of the Survey

In contrast to previous reviews that predominantly focus on 
foundational architectures, auxiliary model frameworks, and 
specific technical details related to GPTs and LLMs, this 
proposed survey introduces a novel bifurcated methodology. 
It offers a comprehensive examination of ChatGPT by elu-
cidating its architectural intricacies, delineating its diverse 
deployment landscapes, and conducting a thorough evalua-
tion of its training methodologies. Thus, the survey provides 
a holistic perspective on the complex designs and develop-
ment of ChatGPT-centric models tailored for specific appli-
cation domains. By juxtaposing ChatGPT with alternative 
learning frameworks, this study aims to illuminate the dis-
tinctive learning mechanisms employed by AI models under 
various training paradigms and conditions. This addresses a 
gap in existing literature, which often portrays GPTs solely 
as conversational agents, by providing empirical support for 
the utilization of GPT technology in real-time data analysis 
applications.

The survey provides an in-depth exploration of the pivotal 
technologies that form the foundation of ChatGPT’s func-
tionality. It acts as a bridge between strategic architectural 
decisions and the tangible aspects of resource distribution 

and performance enhancement. A noteworthy case study 
EcoGPT by Chen et  al. [103] is examined to highlight 
the economic considerations in optimizing GPT models, 
introducing three principal strategies, namely, the LLM 
approximation, prompt adaptation, and model cascading. 
These strategies demonstrate significant cost efficiencies, 
thereby facilitating the deployment of cost-effective models 
in practical scenarios. Hence, this survey aims to provide 
both researchers and industry professionals with invaluable 
insights to develop superior GPT models. These models are 
not only customized for specific applications but also effec-
tively balance the cost-scalability equation.

1.3  Survey Methodology

In this subsection, we discuss the potential research ques-
tions which the authors brainstormed while preparing the 
survey. Table 4 presents the research questions, and also 
presents its practical importance (why these RQs needs 
to be addressed) Based on the proposed RQs, the authors 
have done a thorough scan of literature works associated 
with GPT models from academic databases. A list of pos-
sible keywords involved in the search include “ChatGPT”, 
“GPT”, “LLM + Training”, “GPT models”, “Security for 
GPT models”, “GPT architecture”, “Model training for 
LLMs”, “Prompts in LLMs”, “Finetuning LLMs”, “Perfor-
mance of LLM models”, “GPT in applications”, and others. 
The search is performed on literary databases like IEEE, 
Elsevier, Taylor & Francis, Springer, ACM, and Wiley, and 
also indexing platforms like Google scholar, and preprints 
like arXiV, bioRxiv, and SSRN were scrutinized.

The initial search yielded a significant pool of approxi-
mately 250 academic articles. These articles were subse-
quently refined using stringent inclusion and exclusion cri-
teria. The first phase involved a thorough review of titles 
and abstracts, resulting in a reduction to 250 relevant pub-
lications. Following this, the introductions of these articles 
were scrutinized to ensure alignment with our established 
research topics, leading to a further reduction of 80 publica-
tions. The third step involved a meticulous content evalua-
tion tailored to our research objectives, resulting in the iden-
tification of 165 papers that met our criteria for academic 
rigor and relevance. The core of our thorough survey is built 
on these chosen works.

1.4  Survey Contributions

The research contributions of the article are presented as 
follows.

• We delve into the fundamentals of Large Language Mod-
els (LLMs) to bolster Chat-GPT models, focusing spe-
cifically on the self-attention mechanism, Reinforcement 
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Learning based Human Feedback (RLHF), and prompt 
adaptation techniques for GPT models.

• Building upon the foundational concepts of ChatGPT, 
we elucidate the architectural and functional components 
of the ChatGPT model. This exploration paves the way 
for intriguing possibilities in task-specific and training 
optimizations, fundamentally reshaping the deployment 
of ChatGPT across various application domains.

• We also examine the underlying technologies that under-
pin ChatGPT. This explo-ration not only satisfies aca-
demic curiosity but also holds practical implications for 
industries aiming to incorporate Large Language Models 
(LLMs) into their operations.

• We explore the open issues and challenges associated 
with deploying Chat-GPT, delving deeper into the secu-
rity and ethical considerations of GPT models. This 
discussion lays the groundwork for ensuring the secure 
utilization of GPT technology.

• Lastly, our case study, EcoGPT, showcases core opti-
mizations aimed at reducing costs and training time for 
GPT models. Through performance evaluation, we iden-
tify practical changes necessary to redesign GPT models 
for large-scale deployment.

1.5  Layout

The rest of the article is divided into eight sections. Sec-
tion 2 discusses the preliminaries (nuts and bolts) to design 
GPT models. Section 3 presents the architectural schematics 
of the LLMs, and then analyses the ChatGPT model, with 
discussion on the key AI models. Section Sect. 4 presents the 
open issues and challenges in GPT model design (in terms 
of training, resource requirements, and model designs). 
Section 5 presents the security and ethical considerations 
to be followed in the GPT design. Section 6 presents the 
case study, EcoGPT, which renders a cost-effective and fine-
tuned LLM design. Section 7 summarizes the key points and 

discusses the future directions of research in generative AI 
and GPT models. Finally, 8 presents the final thoughts and 
concludes the article with potential future scope of work by 
authors.

2  The Nuts and Bolts of ChatGPT

With its exceptional performance across a broad spectrum of 
textual outputs, ranging from scientific publications to crea-
tive works, ChatGPT stands at the forefront of AI language 
models. It offers a reliable approach to content recognition 
by leveraging an AI classifier trained on an extensive cor-
pus of text generated by both humans and AI. Through its 
provision of contextually aware and enlightening responses, 
its advanced Natural Language Processing (NLP) capabili-
ties redefine human-AI interaction. Acting as a versatile 
tool, ChatGPT fosters innovation and enhances efficiency 
across various industries. Thus, in this section, we delve 
into the fundamentals, often referred to as the nuts and bolts, 
of ChatGPT. This lays the groundwork for readers to gain 
a deeper appreciation and understanding of the ChatGPT 
architecture and key components discussed in the subsequent 
sections.

2.1  Evolution of ChatGPT

On November 30, 2022, OpenAI took a significant stride 
towards democratizing AI technology by releasing ChatGPT 
for public testing. In just the first week, user adoption surged, 
with over 200,000 sign-ups, underscoring the immediate 
appeal and utility of the model. Following this, on Decem-
ber 8, 2022, ShareGPT was introduced, encouraging com-
munity participation through shared conversational experi-
ences. This initiative resulted in a notable 15% increase in 
user-generated content, according to metrics published by 
OpenAI. As of February 1, 2023, OpenAI shifted towards 

Table 4  Research questions addressed in the survey and its practical importance

RQ No Research Question Practical Significance

RQ1 What learning paradigms and architectural considerations are 
pivotal in the development and performance of LLMs?

Understanding foundational principles for effective deployment and 
customization

RQ2 What are the specific architectural and operational details of the 
ChatGPT model?

Enables informed integration of Chat-GPT into diverse applications

RQ3 What underlying technologies are crucial for supporting the Chat-
GPT model, and how do they contribute to its functionality?

Facilitates reliability and scalability in real-world settings

RQ4 What are the open issues and challenges in deploying and main-
taining ChatGPT and other LLMs?

Identifies areas for technological improvement and resource alloca-
tion

RQ5 What are the security and ethical considerations when utilizing 
the ChatGPT model in various applications?

Ensures responsible and safe usage in diverse environments

RQ6 What optimization strategies can be employed to design cost-
effective GPT-based solutions?

Lowers operational costs while maintaining or improving perfor-
mance
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a more business-oriented approach with the introduction of 
GPT Plus, a subscription-based service. Garnering an initial 
uptake of 50,000 subscribers, it provided exclusive benefits, 
positioning it as a premium option for professionals and 
enterprises. On February 7, 2023, Microsoft broadened the 
model’s scope of application by integrating it into the Bing 
search engine, resulting in a 20% increase in daily search 
traffic on Bing. Subsequently, OpenAI facilitated more 
extensive platform integrations on March 1, 2023. Then, on 
March 9, 2023, Azure OpenAI Services enabled 300 inter-
API platform integrations.

On March 14, 2023, GPT-4 became accessible to Chat-
GPT Plus members, enhancing the context accuracy of 
the GPT-3.5 model by 10%. Just nine days later, on March 
23, 2023, plugins were launched, offering a broader range 
of customization options. Within a month, subscriptions 
increased by 25% owing to effective user customization, 
which provided personalized and on-the-fly services. Sub-
sequently, on April 4, 2023, chat-integrated services-focused 
firms with Y Combinator backing entered the market, stimu-
lating entrepreneurship activity.

On April 20, 2023, Yokosuka, a Japanese city, began 
utilizing ChatGPT for administrative tasks, showcasing the 
model’s global applicability. The code interpreter plugin, 
which was launched on July 16, 2023, solidified ChatGPT’s 
status as a versatile tool in the contemporary computing 
landscape. Figure 1 presents the timeline of ChatGPT’s evo-
lution, illustrating the multifaceted progression of ChatGPT.

2.2  Learning mechanisms integrated with ChatGPT

Table 5 indicates about the various learning techniques that 
can be compared with the ChatGPT learning mechanism. 
The framework known as Abductive Learning (ABL) [104], 
which aims to link ML and logical reasoning. ABL uses a 
knowledge base that makes use of logical languages like 
First-Order Logic (FOL), in contrast to traditional super-
vised learning techniques. Conclusions derived from knowl-
edge-based reasoning offer alternatives to conventional 
supervised labels. Abductive learning integrates a learning 
model, such as a neural network, capable of learning from 
both labeled and unlabeled datasets. This approach embod-
ies a standard process guided by data induction. In contrast, 
reasoning occurs when predictions from the learning model 
are applied, benefiting from knowledge-based data. The 
effectiveness of the learning model is affirmed when there 
is alignment between the outcomes of the reasoning and the 
information within the knowledge base. The process entails 
iteratively executing two steps: induction and deduction, 
which are akin to learning and reasoning, respectively. These 
steps persist until logical reasoning, based on the predictions 
made by the learner, coincides with the knowledge base. 
However, if achieving consistency becomes unattainable, the 

learning process is halted and terminated. Another training 
method known as “parallel learning” involves running sev-
eral models or learning tasks at once [105]. Parallel learning 
enables the simultaneous training of many models or learn-
ing tasks as opposed to a single model sequentially, which 
may result in a faster and more effective learning process. 
This strategy proves particularly beneficial in scenarios with 
substantial volumes of data. In such cases, learning tasks can 
be subdivided into smaller components and executed con-
currently. To optimize learning effectiveness and leverage 
computational resources efficiently, parallel learning can be 
achieved through distributed computing resources or paral-
lel processing algorithms. The parallel learning framework 
typically consists of three modules: a description module 
that reconstructs the real world into artificial worlds; a pre-
diction module that runs computational experiments with 
the learner in the artificial worlds; and a prescription module 
that applies the prediction (action) to the real world in order 
to manage and control it.

There is another learning technique which is called as 
Federated Learning, McMa-han et al. [115] first put up the 
idea of Federated Learning (FL) in 2016. By creating a 
decentralized federation, where numerous clients only com-
municate with a central server, FL aims to preserve data 
confidentiality and privacy. Each client has a unique dataset 
that is kept private from other clients. The selected group of 
clients receives a global model from the server to use as a 
starting point for training on their individual local datasets. 
The server then compiles the locally trained models from 
each of the chosen clients and updates the global model 
using an average operation. Throughout the FL process, 
these two steps—model distribution and aggregation—are 
repeated iteratively. In order to improve machine translation 
another learning technique was identified and is called dual 
learning, and was first implemented in 2016 [107]. The pri-
mary objective of dual learning is to address the challenge 
of acquiring extensive labeled data. Unlike active learning, 
which depends on manual labeling, dual learning leverages 
the structural resemblance between two tasks, maximizes 
the utilization of unlabeled data, and enables bidirectional 
enhancements in learning performance. In the context of 
dual learning, these two machine learning tasks exhibit 
structural duality, where one task involves mapping from 
space X to space Y, and the second task involves mapping 
from space Y to space X. This inherent duality can be advan-
tageous for various applications, such as Neural Machine 
Translation (NMT) between two languages, Automatic 
Speech Recognition (ASR) versus Text-To-Speech (TTS), 
and picture captioning versus image generation.

Bengio first suggested the idea of curriculum learning in 
2009 [107]. The curriculum learning can be explained using 
an example, where the educational material is constantly 
arranged in a sequential fashion from elementary school 
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to university, beginning with simpler topics and moving to 
more difficult ones. Students who have a firm grasp of the 
fundamentals typically learn more complex material more 
quickly and effectively. This finding served as the inspiration 
for Curriculum Learning, which allows learners to start with 
simpler samples and work their way up to more challenging 
ones. The learning process in Curriculum Learning is broken 
down into T distinct stages, designated as ⟨Q1,..., Qt,..., QT⟩ 
with each step specifying the unique learning criteria for 
that phase. Here, the Qt is the learning criteria for the learn-
ing stage.The criterion in curriculum Learning may include 
a number of ML-related con-cepts, like as samples, tasks, 
model capacity, loss, and others. Most curriculum learning 
frameworks have two components called Difficulty Meas-
urer and Training Scheduler to ensure that each stage, Qt, 
proceeds from easy to tough. These elements help determine 
the degree of difficulty of the learning content so that the 
training process can be scheduled appropriately.

Each sample in the dataset must be given a priority rating 
by the difficulty measurer in order to determine the order 
in which they should be learned. The Training Scheduler, 
meanwhile, decides when and how many difficult examples 
will be delivered into the learning model. The Difficulty 
Measurer’s main responsibility is to rate the difficulty of 
components, such as samples. A number of ways can be used 
to carry out this evaluation, including manual configuration 
prior to learning, assessment by an external teacher model, 
dynamic evaluation depending on the model’s output, or 
even reinforcement learning methods. A useful strategy that 
can improve the performance, robustness, and convergence 
speed of ML models is curriculum learning. The caliber of 
the curriculum’s design and the dataset being used, however, 
determine how effectively students learn from a curricu-
lum. To improve the learner’s capacity for generalization, 
Caruana [109] created Multi-Task Learning (MTL) in 1997. 
This is accomplished by utilising domain-specific data from 
related task training data. MTL can be viewed as an induc-
tive transfer mechanism in which the training signal from a 
second task acts as an inductive bias to speed up learning. 
The NeurIPS workshop “Learning to Learn: Knowledge 
Consolidation and Transfer in Inductive Systems” in 1995 
helped popularise the Pratt [110] notion of transfer learning. 
The observation that people may use the knowledge they’ve 
learned to solve new, related problems more quickly and 
effectively is what drives transfer learning. Transfer learning 
seeks to solve issues with less labeled data by loosening the 
assumption of independent and identically distributed (i.i.d.) 
training and test data. Its goal is to transfer the information 
learned from a source domain—such as task Ts on dataset 
Ds —to a target domain (task Tt and dataset Dt), where there 
is a lack of labeled data. The final objective is to increase the 
prediction function’s ft learning performance in the intended 
domain. Transfer learning can be seen as an extension of 

Meta learning [111], which is a subset of the more general 
idea of Learning to Learn. It involves using many source 
tasks (T1, T2,..., Tn) to help solve a new task, Tt, more 
quickly. Di, the dataset for each task, has two subsets:  Dtr 
for training and  Dts for testing. Depending on how the meta-
knowledge is learned and applied to new activities, there 
are three different types of meta-learning. Model-based, 
optimization-based, and metric-based approaches are some 
examples of these categories.

Thrun and Mitchell [112] first proposed the idea of life-
long learning in 1995. It is based on the notion that the 
experience and knowledge we acquire via ongoing learning 
throughout our lifetimes can improve our capacity to meet 
new difficulties in the future. It is because of this realization 
that lifelong learning is being developed. Lifelong learning 
entails a continuous and incremental learning process where 
the learner has completed a number of tasks (T1, T2,..., TN) 
at a specific period. These tasks may fall under a variety 
of domains and are linked to the appropriate datasets (D1, 
D2,..., DN). A knowledge base is used to store and make 
use of the knowledge obtained from these tasks. The goal 
of lifelong learning is to use the knowledge that has been 
gained within the KB to help complete a new task (TN + 1), 
then to update the KB with the newly acquired knowledge. 
In conclusion, lifelong learning demonstrates a number of 
critical features, including the following: (1) it is a contin-
ual process of learning; (2) it involves the collection and 
updating of knowledge; and (3) it makes use of the collected 
knowledge to support new learning activities. Deep neural 
network learning’s catastrophic forgetting problem has been 
addressed via lifelong learning, and learning in open envi-
ronments has also been studied. Lifelong learning has found 
use in the field of NLP, helping to improve topic modelling, 
information extraction, and chatbots’ ability to engage in 
continuous conversation.

A ML technique known as ensemble learning combines 
the results of various distinct models to produce a single, 
more reliable and accurate prediction. Ensemble learning 
[113] makes use of the variety and combined knowledge 
of numerous models, as opposed to relying on just one, to 
enhance overall performance. Ensemble learning involves 
training multiple base models on the same dataset using var-
ious techniques or data sampling alterations. The ensemble 
method merges the predictions from each individual model 
in a meaningful manner to generate the final forecast. This 
combination can be achieved through techniques such as 
voting, averaging, or weighted averaging. Ensemble learning 
offers several advantages, including improved generalization 
and reduced overfitting by averaging the predictions from 
multiple models to mitigate the impact of individual model 
biases or errors. Additionally, it might be able to capture 
many facets of the data and offer a more thorough insight of 
the underlying trends.
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Ensemble learning encompasses several effective tech-
niques, including bagging, boosting, and stacking. Bagging 
involves combining the outputs from multiple models, with 
each model trained on different bootstrap samples drawn 
from the training dataset. In contrast, boosting adopts a 
sequential approach to model training, where each subse-
quent model is tailored to correct the errors of its prede-
cessor. Stacking, on the other hand, utilizes a meta-model 
that optimally weighs the inputs from various base mod-
els to generate a consolidated prediction. With the advent 
and subsequent success of large-scale pretrained models 
in the realms of Natural Language Processing (NLP) and 
Computer Vision (CV), the concept of contrastive learning, 
which has its roots in the work by Hinton in the early 1990s 
[114], has witnessed a resurgence in popularity, showcasing 
its relevance and applicability in the modern era of deep 
learning advancements.

Contrastive Learning has emerged as a crucial tool in 
unsupervised scenarios, functioning as a form of self-super-
vised learning. Its core tenet posits that similar examples 
should exhibit comparable representations, with the learner 
focusing on discerning distinctive features rather than mas-
tering every aspect of the sample. The objective of contras-
tive learning is to separate the representations of dissimilar 
examples while bringing together those of similar exam-
ples. This is achieved through the design of a contrastive 
loss function and appropriate selection of metrics. Contras-
tive learning has been effectively applied in various tasks, 
including picture-to-image translation, image captioning, 
autonomous driving, and visual positioning.

2.3  Transformers: The ChatGPT base

The base architecture of ChatGPT model is the transformer 
model [8], which is an encoder-decoder structure. The 
designed models on transformers are trained on billion of 
parameters, which are systematically arranged into layers 
and head units. The encoder-decoder fundamentally have 
several layers, where each layers consists of multiple head 
units to focus on different parts of the input text. Figure 4 
presents the transformer architecture.

2.4  A Round of Encoding Operation

Mathematically, an encoder works on an input sequence 
X = {× 1, × 2,..., xn}, where n is the sequence length. Every 
 xi is a d-dimensional input embedding. The input embedding 
is shown mathematically as follows.

where We is the embedding-weight matrix. Next, we have 
positional encoding P added to the input embeddings E, 
which is represented as E′, and thus E = E + P. Next, stage 

(1)E = X ⋅We

is the multi-head self-attention mechanism, where E′ is lin-
early projected into a query Q, key K, and a value V. The 
tuple (Q, K, V) are matrices, and are represented as follows.

The values are split into h different heads and scaled dot 
product attention  Hi on each head is computed as follows

These attention heads are concatenated and one more 
time are linearly transformed, which results in the multi-
head attention output, presented as follows.

Once the multi-head self-attention layer is complete, 
the next step in the encoding process if the Feed-Forward 
Neural Network (FFN), which is applied position wise in 
independent fashion to the output. The FFN is basically two 
linear layers with a Rectified Linear Unit (ReLU) activation 
in between, presented as follows.

Post the FFN, layer normalization is done, and the pro-
cessed sequence is passed to the next encoder layer, which 
applies the same steps of operation. The following encoding 
process is successively repeated for all encoding layers.

2.4.1  A Round of Decoding Operation

The Decoder also consists of layers of multi-head attention 
and feed-forward neural networks but has an additional layer 
of multi-head attention connecting it to the output of the 
Encoder. First, we have the Masked Multi-Head Self-Atten-
tion, which is similar to the Multi-Head Self-Attention but 
with a mask to prevent future positions from being attended 
to. After this layer, we have the encoder-decoder attention 
layer, which takes the output Z of the last Encoder layer and 
the output Y of the Masked Multi-Head Self-Attention layer 
of the Decoder. The details are as follows.

where Q = Y · Wq, K = Z · Wk, V = Z · Wv.
At the final layer, the decoder output goes through a linear 

layer followed by Softmax layer for prediction. It is shown 
as follows.

The data used for training these models usually consist 
of large text corpora that contains websites, books, and 
articles. These are tokenized into subwords or words, fol-
lowed by embedding into continuous vectors. The model is 

(2)Q = E� ⋅Wq, K = E� ⋅Wk, V = E� ⋅Wv

(3)Hi = Attention(Qi, Ki, Vi)

(4)MultiHead (Q,K,V) = Concat (H1,H2, ..., Hh) ⋅W
O

(5)FFN(x) = ReLU(x ⋅W1 + b1) ⋅W2 + b2

(6)Multi Head (Q,K,V) = Concat (H1,H2, ..., Hh) ⋅W
O

(7)Output = Softmax (Y ⋅W)
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trained using optimization algorithms like Adam with cus-
tom learning rates, often employing techniques like learning 
rate warm-up and layer normalization.

2.4.2  Tokenization and Embedding

Tokenization segments a sequence of text into discrete units 
known as “tokens.” These tokens represent words, subwords, 
or single characters, depending on the specific tokenization 
approach chosen. This can be defined as:

Input: A textual sequence, denoted as T = {w1, w2,..., 
wn}, where w1, w2,..., wn are the generated words by the 
token.

Output: A list of tokens, represented as tokens = {t1, t2,..., 
tm}, with ‘m’ indicating the number of tokens generated 

through the tokenization process. The token creation is 
shown as follows.

Initially, T consisted of words w1, w2,..., wn, and the 
tokenization process converts each word into the number of 
tokens. The tokenization splits the text based on the white 
space or punctuation and employs a byte-pair encoding tech-
nique to convert the words into tokes. Word embedding rep-
resents words as continuous vectors in a multi-dimensional 
space while maintaining the semantic relationships between 
words.

(8)Ttoken ← (t1, t2, ..., tm)

(9)Wembedding ← E(Ttoken)

Fig. 4  Transformer Architecture Output
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where E(Ttoken) is a high dimensional vector representing 
semantic information about the tokens, this can be done 
using cosine similarities and an unsupervised learning 
algorithm. Two integrated techniques, the self-attention 
mechanism, and the reinforcement learning strategies to 
the encoding–decoding process is discussed in next section. 
Also, ChatGPT allows a rich set of Application Program-
ming Interfaces (APIs) to allow interoperability with differ-
ent applications, which makes it a gamechanger to connect 
with open-source LLM designs be developers. The details 
are discussed in the next subsection.

2.5  APIs and Interoperability

API is a set of rules that allows one software to interact with 
another application. API makes it easier to utilize the func-
tionality of any application without having implementation 
knowledge by interacting with servers and back-end systems. 
The ChatGPT API is powered by the “gpt-3.5-turbo” model, 
representing OpenAI’s most advanced language model avail-
able for public use, devoid of any subscription requirements. 
This model features an expansive context window of 4096 
tokens, marking an enhancement of 96 tokens compared to 
its predecessor, the Davinci-003 model. Furthermore, there 
exists a “snapshot” iteration named “gpt-3.5-turbo-0301,” 
notable for its exemption from automatic updates. This ver-
sion grants developers the autonomy to integrate OpenAI’s 
latest model enhancements into their systems at their dis-
cretion. OpenAI is committed to the continuous refinement 
of the ChatGPT API, with scheduled updates and improve-
ments slated to commence from April 2023, ensuring the 
API remains at the forefront of technological advancements.

The OpenAI GPT-3.5-Turbo API offers developers a 
multitude of advantages for enriching their applications 
with natural language processing (NLP) capabilities. One 
notable advantage is its capacity to generate text responses 
that closely resemble human language, thereby elevating the 
overall user experience of these applications. This capability 
unlocks avenues for creating diverse content, including blog 

articles, social media posts, and more. Moreover, the Ope-
nAI GPT-3.5-Turbo API is distinguished by its continuous 
learning and improvement. As the model interacts with more 
data, its accuracy and efficacy consistently improve. This 
iterative learning process ensures that developers can depend 
on the API to provide responses that are not only up-to-date 
but also highly precise when addressing user inquiries. This 
dynamic aspect of the API presents a promising trajectory 
for the advancement of language-centric applications.

2.6  Key enablers for ChatGPT

With cutting-edge developments like Big Data, AI, Cloud 
Computing, enhanced networking like 5G and beyond, and 
Human–Computer Interaction, GPT is the culmination of 
numerous technical advancements [116]. Figure 5 provides 
an overview of the technologies that enable GPT working 
with rich interfacing in diverse applications. GPT provides 
the representation of the essential elements of the GPT 
models.

• Bigdata: Big data is the term used to describe the enor-
mous amounts of structured and unstructured data that 
are produced by organizations, people, and machines. 
The emergence of new technologies, like the Internet 
of Things (IoT) [117], has sparked an explosion in the 
production of data from sources like social media, sen-
sors, and transaction-based systems. The advent of big 
data has revolutionized how businesses approach data 
analysis and decision-making. The training it has facili-
tated for the utilization of advanced models like GPT 
in the field of natural language processing (NLP) has 
yielded invaluable insights. GPT models, in particular, 
leverage deep learning (DL) techniques and big data for 
natural language creation. They harness vast amounts of 
data, ranging from millions to even trillions of samples 
sourced from diverse repositories such as books, papers, 
websites, and social media platforms.

Fig. 5  Supporting technologies 
for the ChatGPT
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• An exemplar of this advancement is the sophisticated 
and multimodal GPT-4. With the aid of extensive and 
diverse training data, GPT models, including GPT-4, 
exhibit heightened accuracy and proficiency in NLP 
tasks such as questionanswering, text summarization, 
and language translation. Furthermore, their adaptable 
and versatile nature allows for customization to specific 
tasks and domains, and they can even be extended to 
produce photos and videos.

Big data offers numerous advantages for GPT, such as 
the capability to train with vast amounts of data. However, 
it also presents challenges concerning data accuracy, pri-
vacy concerns, and ethical data usage. Nevertheless, with the 
ever-growing accessibility of data, GPT models are poised 
to advance significantly, heralding a transformative future 
for NLP. To harness the full potential of big data and GPT 
models, organizations must prioritize addressing ethical con-
cerns and ensuring data accuracy as technology progresses.

• Human–Computer Interaction: In the realm of Human–
Computer Interaction (HCI), ChatGPT benefits from 
several key enabling technologies that have significantly 
augmented its capabilities and improved user experience. 
Among these, Natural Language Processing (NLP) tech-
niques stand out as fundamental pillars. Transformer-
based models, in particular, have played a pivotal role in 
ChatGPT’s success within HCI. These models leverage 
attention mechanisms to grasp contextual nuances, result-
ing in more coherent and contextually relevant responses 
that mimic human conversation. Moreover, advance-
ments in pre-training techniques have been instrumental. 
Techniques such as unsupervised learning and large-scale 
language modeling have empowered ChatGPT to gener-
alize effectively across diverse domains. This versatility 
makes ChatGPT a valuable tool for various HCI applica-
tions, enhancing its adaptability and utility in real-world 
scenarios.

Another critical technology for ChatGPT (GPT-4 and 
above) is the integration of multimodal capabilities. Incorpo-
rating multiple modalities such as images, sounds, and vid-
eos alongside text can greatly enrich user interactions. Chat-
GPT leverages techniques from computer vision and audio 
processing to comprehend and generate content across dif-
ferent modalities, resulting in more dynamic and immersive 
user experiences. This multimodal approach is particularly 
relevant in Human–Computer Interaction (HCI), especially 
in the context of virtual assistants. These assistants cater to 
user interactions through a combination of voice commands, 
text inputs, and visual elements, making the ability to handle 
multiple modalities invaluable for enhancing user engage-
ment and satisfaction. Overall, these pivotal technologies, 

grounded in advancements in Natural Language Processing 
(NLP) and multimodal integration, have positioned Chat-
GPT as a robust and adaptable tool for improving user expe-
riences across diverse Human–Computer Interaction (HCI) 
scenarios.

• Cloud Computing: In the context of Cloud Computing, 
key enabling technologies for ChatGPT play a critical 
role in harnessing the potential of AI and NLP on a scala-
ble and efficient cloud-based infrastructure. One essential 
component is cloudbased infrastructure [118], which pro-
vides the computing resources required for training and 
deploying large-scale language models like ChatGPT, 
such as Graphics Processing Units (GPUs), and Tensor 
Processing Units (TPUs). Cloud platforms offer elastic-
ity, enabling enterprises to allocate resources dynami-
cally as required, facilitating the execution of compute-
intensive tasks such as training and deploying advanced 
AI models like ChatGPT. Additionally, containerization 
and container orchestration technologies like Docker and 
Kubernetes are essential for deploying ChatGPT on the 
cloud [119].

Containers serve to encapsulate the program and its 
dependencies, ensuring consistent and repeatable deploy-
ments across multiple cloud instances. Kubernetes, func-
tioning as an orchestration platform, automates container 
deployment, scaling, and management, facilitating the seam-
less and efficient operation of ChatGPT at scale in cloud 
environments. When coupled with robust cloud-based AI 
services, these technologies establish a foundation for inte-
grating ChatGPT into cloud computing ecosystems. This 
integration enables a diverse array of applications, spanning 
from chatbots to natural language interfaces for cloud-based 
services and resources [120]. Cloud providers utilize rec-
ommender systems to optimize resource provisioning and 
service allocation for models like ChatGPT. These systems 
analyze usage patterns, workload characteristics, and perfor-
mance metrics to suggest appropriate resource allocations, 
instance types, and configurations. This proactive approach 
enhances system reliability, scalability, and cost efficiency, 
ensuring that ChatGPT receives the necessary resources and 
services to operate effectively within the cloud environment 
[121].

• 5G and beyond communication networks: The emergence 
of 5G and 6G technologies presents significant poten-
tial for augmenting the functionalities of expansive lan-
guage models like GPT-3.5 and GPT-4 [122]. The ultra-
fast data transfer capabilities of 5G technology provide 
uninterrupted access to cloud-based models [123], result-
ing in expedited retrieval of information and enhanced 
real-time language processing on user devices [124]. The 
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reduced latency observed in these networks also facili-
tates the lightning response of the model, which enhances 
the user experience in applications. The integration of 
6G networks provides the opportunity for localized lan-
guage model processing on user devices, hence ensuring 
privacy and reducing on cloud infrastructure [125, 126]. 
The aforementioned technical improvements have the 
potential to expand worldwide accessibility to LLM and 
enhance the availability of advanced language process-
ing skills. The improved data transfer rates and reduced 
latency associated with 6G technology contribute to 
enhanced efficiency in model training, ultimately refin-
ing the output response to queries. Moreover, the integra-
tion of advanced AI and ML algorithms in 6G networks 
enables models to access more sophisticated algorithms, 
leading to more refined and contextually appropriate 
responses. This transformative capability has the poten-
tial to revolutionize interactions with AI across various 
domains. Additionally, to bolster data privacy, federated 
learning techniques are integrated with 5G networks. 
[127].

• Artificial Intelligence: AI resides at the heart of Chat-
GPT LLMs, and it plays an essential role in these mod-
els and provides services in all area, including health-
care [128] [129], military surveillance [130], and many 
others. Understanding and producing human-like lan-
guage necessitates the use of advanced ML algorithms 
and neural network topologies. ChatGPT can evaluate 
massive volumes of text data, learn linguistic patterns, 
and provide contextually relevant responses thanks to 
AI, particularly DL. Additionally, AI fuels ChatGPT’s 
ongoing evolution through finetuning and transfer learn-
ing, enabling its versatility across diverse domains and 
applications. Nevertheless, fully unleashing AI’s poten-
tial in Large Language Models (LLMs) like ChatGPT 
demands substantial processing capacity. The sheer scale 
and intricacy of these models necessitate robust process-
ing capabilities. LLMs boasting billions of parameters 
rely on access to high-performance GPUs or TPUs for 
effective training and fine-tuning. To mitigate processing 
demands during inference and deployment, model opti-
mization techniques like quantization and pruning come 
into play. These AI-driven optimizations enhance Chat-
GPT’s resource efficiency while preserving its linguistic 
proficiency. Moreover, employing ChatGPT across vari-
ous applications such as virtual assistants, content gen-
eration, and language translation underscores the need 
for scalable cloud-based infrastructure [131]. AI-driven 
solutions such as auto-scaling and containerization guar-
antee seamless deployment of ChatGPT across multiple 
applications, efficiently utilizing computational resources 
as required. In summary, AI empowers ChatGPT LLMs 
to excel in natural language understanding and genera-

tion. However, effective utilization mandates access to 
substantial computational resources, meticulous model 
optimization, and flexible deployment strategies tailored 
to diverse applications.

3  Demystifying ChatGPT: Insights 
into OpenAI LLMs

The advent of Large Language Models (LLMs) has ushered 
in a new era of Natural Language Processing (NLP) and 
comprehension, with ChatGPT emerging as a prominent 
exemplar. This study aims to delve into the intricacies of 
OpenAI’s LLMs, shedding light on their underlying mecha-
nisms, capabilities, and implications. ChatGPT’s develop-
ment marks a significant milestone in AI research, solidify-
ing Ope-nAI’s commitment to advancing AI in a responsible 
and ethical manner. Through an exhaustive examination of 
its architectural design, training methodologies, and ethical 
considerations, this research endeavors to provide a compre-
hensive resource for scholars, practitioners, and policymak-
ers alike. One of the primary distinguishing features of Chat-
GPT is its challenging scale and sophistication. With billions 
of parameters, it demonstrates remarkable prowess in gen-
erating coherent and contextually relevant natural language 
responses. This study will dissect the underlying architecture 
responsible for such capabilities, with a particular focus on 
deep neural networks and Transformer-based models. Fur-
thermore, ethical aspects surrounding ChatGPT’s utilization 
will be scrutinized, encompassing bias mitigation strategies, 
content generation guidelines, and the ethical deployment 
of LLMs in real-world scenarios. This section aims to con-
tribute to the ongoing discourse regarding the responsible 
development and deployment of advanced language models 
by elucidating the inner mechanisms of ChatGPT and tack-
ling the inherent challenges.

3.1  Unveiling the Multifaceted Roles of ChatGPT: 
From Assistant to Innovator

The comprehensive functions of GPT are depicted in 
Table 6, which intricately delineates its various roles, its 
corresponding descriptions, and the pertinent user demo-
graphics it serves.

ChatGPT plays a versatile role, serving a diverse user 
base that includes students, learners, content creators/
developers, and general information seekers. It excels in 
providing clear explanations for complex concepts, facili-
tating learning and content creation. Researchers leverag-
ing ChatGPT’s insights should verify its content against 
established literature and evidence to ensure accuracy and 
impartiality in their research papers. Additionally, ChatGPT 
offers robust support across customer service, education, 
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and entertainment domains, showcasing rapid adaptability 
to emerging information.

Equipped with assistant-like capabilities, ChatGPT stands 
poised to revolutionize industries by generating authentic 
content and making certain professions more accessible. 
This advancement serves a broad spectrum of users, includ-
ing individuals seeking up-to-date information, businesses 
leveraging ChatGPT for enhanced customer interaction, lin-
guists, and those seeking increased accessibility and guid-
ance across various domains and platforms. The content it 
provides upholds scholarly integrity, ensuring the absence 
of plagiarism or AI-induced bias, which resonates well with 
researchers. ChatGPT excels at enhancing knowledge and 
capabilities. It holds a competitive edge in conversational 
AI development by its capacity to learn from interactions, 
adapt, and comprehend diverse topics, delivering contex-
tually appropriate responses. This versatility offers advan-
tages to various stakeholders, including individuals desir-
ing enhanced conversational experiences, conversational AI 
researchers and developers, industry leaders like OpenAI 
and its rivals, as well as content creators and data providers 
enriching ChatGPT’s training data. Such capabilities cater to 
a wide array of needs and interests within the AI landscape, 
fostering innovation and progress.

In addition to these, ChatGPT boasts advantages across a 
myriad of other tasks. Its versatility enables it to undertake 
a diverse range of roles, including code generation, meal 
suggestions, enhancing overall quality of life, completing 
creative tasks, handling user inquiries, offering guidance, 
serving as a virtual assistant, and transforming software 
development. Such versatility proves beneficial for software 
developers, programmers, everyday users seeking assistance 
and advice, researchers, academics, and industry profession-
als within the technology sector. [148].

To effectively address customer inquiries, offer recom-
mendations, predict outcomes, assist in code enhancement, 
foster innovation through personalized bot creation, and 
facilitate content moderation on social media platforms, 
ChatGPT assumes a pivotal role in query resolution, seam-
lessly integrating into business workflows. This feature 
serves a wide array of stakeholders, including companies, 
customer service teams, end users, software developers, 
social media moderators, and administrators, benefiting 
from its capabilities. In corporate settings, ChatGPT finds 
practical application in supporting marketing endeavors, 
fostering audience engagement, and achieving overarch-
ing marketing objectives. However, safeguarding sensitive 
data against potential breaches is paramount, necessitating 
careful consideration of associated risks by policymakers. 
Enterprises, marketers, regulatory bodies, employees, organ-
izational users, and the general public are among the vari-
ous groups poised to reap the benefits of such applications. 
These entities frequently encounter ChatGPT and generative 

AI technologies within the realm of business operations. For 
professionals seeking to enhance their proficiency in digital 
marketing, ChatGPT proves invaluable, assisting in the crea-
tion of content suitable for social media updates, blogs, and 
other online publications, thereby augmenting campaigns 
and promoting engagement with target audiences. Moreover, 
it provides recommendations for tailoring headlines, intro-
ductions, and paragraphs to specific keywords. Customer 
service representatives, seasoned industry specialists, digital 
marketers, comprehensive marketing teams, diligent market 
researchers, and data analysts are just a few examples of 
individuals poised to leverage this technology.

ChatGPT undertakes a multitude of tasks aimed at inter-
preting and effectively conveying thoughts and concepts. 
It excels in generating code, facilitating the translation of 
ideas from natural language to programming languages, 
and assisting programmers in debugging their code. With 
capabilities spanning a wide spectrum of natural language 
processing (NLP) activities, ChatGPT produces outputs 
comparable to those written by humans, owing to its exten-
sive training on a diverse dataset sourced from the internet. 
Programmers, developers, students, learners, and anyone 
interested in programming and NLP stand to benefit signifi-
cantly from these functionalities. As a versatile tool, Chat-
GPT offers functionalities such as programming language 
validation, concept translation, and code generation. Chat-
GPT’s appeal rests on its user-friendliness and its ability to 
generate text that closely resembles human writing. Leverag-
ing a vast dataset of internet content, ChatGPT adeptly han-
dles a myriad of natural language processing (NLP) tasks. Its 
utility extends to various user groups, including enthusiasts 
seeking improved interpretability in chatbots, researchers 
and developers exploring interpretability within AI systems, 
market researchers and data analysts leveraging ChatGPT to 
enhance survey design and extract invaluable insights from 
consumer data, among others. By actively incorporating user 
feedback, Chat-GPT continuously enhances the quality of its 
responses and overall user engagement, thereby elevating its 
interpretational capabilities. This dynamic feature extends 
to intelligent survey creation, facilitating accurate data col-
lection, and analyzing unstructured customer input to unveil 
intricate patterns in consumer attitudes and behaviors. Such 
versatility proves beneficial to diverse user segments, rang-
ing from individuals seeking genuine and meaningful con-
versations to researchers and developers delving into AI 
advancements, technology enthusiasts keen on emerging 
developments, and content creators harnessing the untapped 
potential of dialogue generation.

ChatGPT enhances students’ writing skills by inject-
ing excitement and curiosity into their writing process. It 
offers personalized assignments, real-time suggestions, 
and expert guidance, tailoring prompts to suit each stu-
dent’s unique preferences and skill levels. Leveraging 
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AI technology, this inclusive approach not only bolsters 
writing proficiency but also cultivates an engaging and 
enriching writing experience for various stakeholders, 
including students, educators, and educational institu-
tions. Moreover, when AI models are transparent and 
explainable, they lend meaning to the decisions they 
make, instilling trust in the model and its capabilities 
[149].

ChatGPT’s remarkable linguistic capabilities hold sig-
nificant implications for the education sector. It trans-
forms student interactions, offers valuable instructional 
assistance, serves as a user-friendly search tool, and 
greatly contributes to enhancing writing skills. The edu-
cational benefits derived from ChatGPT’s capabilities 
have the potential to reshape how information is accessed 
and shared, resonating strongly with students, educators, 
and anyone who values a conversational approach to 
searching for information.

ChatGPT fosters the cultivation of outstanding writing 
abilities by prioritizing progress and advancement. It aids 
digital marketers in crafting impactful and compelling 
advertising content, thereby enhancing operational effec-
tiveness, while also delivering precise AI assessments and 
tailored feedback. This functionality caters to a diverse 
range of users, including writers, content creators, educa-
tors, trainers, and professionals in digital marketing. The 
invaluable support provided by ChatGPT in skill refine-
ment and the crafting of impactful communication stands 
to benefit all these stakeholders.

ML serves as the backbone for generative AI systems 
like ChatGPT, enabling them to generate unique con-
tent based on existing information. This transformative 
capability holds the promise of revolutionizing work 
environments and offering invaluable insights for mar-
ket research and relationship-building efforts. A diverse 
array of beneficiaries stand to gain from this innovation, 
including knowledge workers, researchers, developers, 
content creators, market analysts, and everyday consum-
ers seeking insightful and imaginative solutions. Leverag-
ing extensive training on human-generated online content 
and predictive text capabilities, OpenAI’s ChatGPT gen-
erates AI-powered responses spanning a wide spectrum 
of topics and writing styles. This versatile tool appeals to 
a broad audience, including art enthusiasts, poets, crea-
tive writers, authors, content creators, scholars, students, 
and researchers. Through the automation of processes, 
streamlining of workflows, and enhancement of cyberse-
curity via virtual assistants and generative AI technolo-
gies, ChatGPT enhances the execution of routine office 
operations. The beneficiaries of this capability encompass 
office staff and employees who rely on seamless support 
to accomplish their daily tasks effectively.

3.2  ChatGPT Language Generation Model‑Attention 
Model and RL for LLMs

The ChatGPT language generation model is built on a pre-
trained transformer architecture, specifically tailored for 
natural language processing (NLP) tasks, particularly in the 
domain of conversational AI. The core components of this 
generation model comprise:

• Architecture: The architecture of ChatGPT is rooted 
in transformers, which excel at capturing context from 
input queries and establishing relationships with prompt 
sequences. It leverages a self-attention mechanism to 
focus on different parts of the input sequence, facilitating 
the generation of responses. This inherent design makes 
ChatGPT remarkably efficient in producing natural lan-
guage text.

• Pre-training: In this phase, ChatGPT learns to predict the 
next word in the output response by training on a large 
corpus of text data from the internet. This process ena-
bles the model to develop a comprehensive understand-
ing of common language usage and context.

• Finetuning: After the initial pre-training phase, the model 
must undergo fine-tuning on a specific dataset to opti-
mize its performance for that particular domain. This 
fine-tuning process customizes the model’s behavior for 
specific tasks, such as question-answering and chatbots.

• Conversational ability: It is engineered to engage in con-
versations akin to human interactions. With the ability to 
grasp the user’s queries, comprehend context across mul-
tiple exchanges, and generate responses that are contextu-
ally relevant. This makes the system suitable for virtual 
assistants of any business application.

• Deployment: It finds applications in services demand-
ing human-like responses across multiple queries of the 
same context, including virtual assistants and customer 
support, which may be either voice or text-based.

3.2.1  Attention Model

Attention models in transformers play a vital role in captur-
ing dependencies within the input sequence. They calculate 
the weighted sum of the input query, considering both rel-
evance and position in the sequence, achieved through scaled 
dot-product attention. This mechanism enables the model to 
prioritize specific parts of the input data during output gen-
eration by assigning varying levels of attention. The three 
primary attention mechanisms are:

• Self Attention: It identifies dependencies and relation-
ships among tokens in the input query, enabling the 
model to learn contextual information effectively.



Demystifying ChatGPT: An In-depth Survey of OpenAI’s Robust Large Language Models  

• Encode-Decoder Attention: The encoder processes the 
input, while the decoder handles the output sequence, 
aligning the input and output by transferring information 
between them.

• Multi-Head Attention: It executes the attention mecha-
nism multiple times concurrently. This parallel process-
ing involves utilizing learned parameters from distinct 
sub-spaces to perform multiple attention operations 
simultaneously.

The attention score between query Q and key-vector V is 
defined as follows.

where Q is the query vector derived from the current posi-
tion of the words, which can be learned by  xi.Wq where 
x ∈  [t1,  t2,...,  tn] denote tokens of the input query and W is 
the learned value weight matrix. Key vector K is derived 
from the position of the token in the input sequence, which 
is learned by  xi.Wk. 

√

dk is the dimensions of the key vector. 
The attention weight is calculated by the following equation.

The weighted sum of the value vector is calculated as 
follows.

The value vector V contains the information associated 
with each position in the input sequence, which is learned 
by  xi.Wv.

3.2.2  Reinforcement Learning in LLMs

Integration of Reinforcement Learning (RL) in LLMs ena-
bles the model to perform sequential decision-making and 
interaction with the system. It uses a special signal to guide 
the model to make better decisions. The objective function 
of integrating RL in LLM can be defined as follows.

where  MAXθ defines the optimization that optimize the 
parameter function θ, and θ are the parameter of LLM.  Eπ 
represents the expectations of which behavior or policy a 
model would use. 

∑t=0

∞
is summing from time stamp 0 to 

infinite horizons of RL. Y represents the importance of 
reward in the future, which ranges from 0 to 1. R(st,  at) 
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represents the reward function that assigns a scaler value 
to the internal state of the model(st) and action of generated 
text sequence(at).

4  Open Issues and Challenges

In this section, we outline the open issues and research chal-
lenges related to the integration of ChatGPT into various 
domains. The details are as follows:

4.1  Open Challenges

Despite ChatGPT’s major contributions to scientific 
advances, it is critical to recognize and address the research 
challenges that have arisen as a result of its adoption. Table 7 
presents an overview of future research options and prob-
able directions. This part investigates these problems and 
evaluates ChatGPT’s potential in the scientific community 
through emerging developments. The following are com-
mon concerns that arise when using ChatGPT for scientific 
research.

Table 7 indicates the open issues of the ChatGPT. Trust 
in information generated by AI must be maintained by con-
sistency and precision [150]. Despite ChatGPT’s outstand-
ing humanoid writing skills, certain errors and inaccuracies 
have been found. It is crucial to increase the accuracy and 
coherence of AI-generated information in order to guarantee 
the validity of scientific discoveries. Concerns regarding AI-
generated unfairness are raised by the usage of enormous 
amounts of text to train ChatGPT [151]. The AI model may 
unintentionally reinforce biases found in the training data, 
thus affecting subsequent research and studies. In order to 
stop the spread of unfair and biased information, this empha-
sizes the necessity of addressing biases in the training data.

The pervasive reliance on advanced AI models such as 
ChatGPT may potentially compromise researchers’ auton-
omy and critical thinking skills. Therefore, it is imperative to 
strike a balance between leveraging AI technology and pre-
serving researchers’ independence and analytical capabilities 
[152]. While ChatGPT has the capability to generate high-
quality language, there is a risk of producing inappropriate 
or low-quality responses. To ensure consistent production 
of top-notch content, continuous monitoring, learning, and 
improvement initiatives are essential [153].

The biases included in the training data can have an 
impact on ChatGPT’s performance. When utilized to pro-
duce predictions, biased data can have negative conse-
quences in industries including healthcare, manufacturing, 
law enforcement, and employment [154, 166]. It is crucial 
to take into account the volume and variety of data utilized 
for training AI models in order to reduce this risk. Due to 
its massive dataset training, ChatGPT frequently has trouble 
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Table 7  Open issues of the ChatGPT

Future 
research
direction

Description Application Impact

Consistency and precision [150] ChatGPT shows impressive human-like writing, 
but occasional inaccuracies raise concerns for 
trusting AI-generated data in science. Precision 
and consistency are key for reliability

Medical Research and Language Translator

AI-generated unfairness [151] Training ChatGPT on massive text vol- Medical Research, Education,
umes can introduce inherent flaws that and Coding Assistance
the model may unintentionally propagate,
potentially impacting future research

Misplaced faithinAI [152] Excessive reliance on sophisticated AI modelslike-
ChatGPTcanhamper researchers’ autonomy in 
thinking and problem-solving

Education, Medical Research, and NLP

Quality assurance [153] Although ChatGPT can produce great language, 
it can also provide poor-quality or inappropriate 
responses. To guarantee that ChatGPT constantly 
produces top-notch content, continuous observa-
tion, learning, and development are crucial

Medical Research

Biasinthe data [154] ChatGPT’s outcomes are influenced by the 
quantity and diversity of training data, and using 
biased data in fields like healthcare, law enforce-
ment, and employment can lead to detrimental 
impacts on predictions

Medical Research, Education, and Natural Language 
Generation

Generalizability [155] Due to ChatGPT’s dependency on huge datasets, 
its accuracy is frequently ham- pered, and it has 
trouble generalising to new data

Medical Research, Virtual Assistance, and Virtual 
Role Playing in Gaming

Explainability [156] It can be tough to comprehend the intricate Chat-
GPT model, making it difficult to understand its 
decision-making process and spot any errors

Medical Research and Education

Power utilisation [157] ChatGPT models consume significant computa-
tional power due to their information volume, 
potentially impacting the ecosystem. Enhancing 
the power efficiency of ChatGPT models offers 
ample opportunities for improvement

Medical Research, Virtual Assistance, and Virtual 
Role Playing in Gaming

Immediate feedback [158] WhileChatGPTcangeneratetext promptly, its 
response time can be lengthy. Enhancing 
ChatGPT to be faster and more adaptable would 
greatly benefit many users

Medical Research and Virtual Role Playing in Gam-
ing

Security issues [159] When it comes to ChatGPT, it’s critical to prevent 
the emergence of negative content, such as bias 
and misrepresentation. To solve these issues, it is 
crucial to create safeguards

Medical Research, Virtual Role Playing in gaming, 
and NLP

Dataprotectionissues [160] The creation of appropriate regulations and 
laws for ethical data processing is necessary to 
address ChatGPT’s access to substantial user 
information and protect user privacy and security

Medical Research, Virtual Role Playing in gaming, 
and NLP

Language and culture prejudice [161] Addressing potential biases in ChatGPT neces-
sitates the use of culturally and linguistically 
inclusive training datasets and assessment 
measures to mitigate unsuitable or prejudiced 
responses

NaturalLanguageProcessing and Language translator

Explanation in models [162] Enhancinginterpretabilityandtransparency in AI 
language models like Chat-GPT fosters trust, 
empowering users to make informed decisions 
and defend the generated material through trans-
parent decision-making processes and opera-
tional information

Medical Research, Virtual Assistance, and Virtual 
Role Playing in Gaming
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generalizing to new data [155]. In order to strengthen Chat-
GPT’s capacity to generalize and perform better, new train-
ing methods must be created.

Understanding the ChatGPT model’s decision-making 
process and spotting its shortcomings is challenging due to 
its intricacy. Enhancing explainability is crucial to fostering 
confidence in AI models and making it possible to see any 
faults [156]. ChatGPT models use a lot of computational 
resources, which can be harmful to the environment. In order 
to lessen the ecological impact of ChatGPT models, there 
is a need to improve their power efficiency. While ChatGPT 
may produce text quickly, its responses can occasionally be 
delayed [157]. Users that want quick and flexible interac-
tions would benefit from ChatGPT’s increased speed and 
adaptability. It is essential to guarantee the security and 
integrity of content produced by ChatGPT [158]. To stop 
the formation of detrimental or harmful content, such as 
intolerance, precautions must be implemented.

Concerns about the privacy and security are brought up 
by ChatGPT’s access to a significant amount of user data. 
It is crucial to establish the proper procedures and regu-
lations to protect user information and guarantee ethical 
usage [159]. ChatGPT might have prejudices against par-
ticular languages and cultures, which might lead to improper 
or biased responses. More inclusive training datasets and 
evaluation criteria are required to solve this problem in order 
to counteract language and cultural stereotypes [160]. The 
examination of ChatGPT’s security threats reveals several 
potential weaknesses that warrant careful consideration. 
Scholars and experts in the field are actively scrutinizing the 
model’s design to identify and address any vulnerabilities. 
Key areas of concern include susceptibility to adversarial 
attacks, which could manipulate responses and compromise 
the accuracy of information provided. Additionally, privacy 

concerns are being addressed, with a focus on ensuring 
secure management of user data and preventing uninten-
tional disclosure of private information by Chat-GPT.

Ongoing research aims to bolster the model’s defenses 
against potential attacks exploiting its learning capabili-
ties to extract private user information. Efforts are under-
way to integrate robust security measures such as anomaly 
detection, encryption protocols, and reinforcement learning 
approaches into ChatGPT to enhance its security posture. 
These endeavors seek to strike a balance between the mod-
el’s conversational capabilities and the imperative to safe-
guard user privacy and data integrity. As ChatGPT evolves, 
ensuring a secure and trustworthy conversational AI experi-
ence will necessitate continuous vigilance in identifying and 
mitigating security threats.

It is essential to increase the outcomes provided by Chat-
GPT and other AI language models’ interpretability and 
justifiability. If models become more explicable, transpar-
ent in decision-making, and provide information on their 
working, the trust may be maintained and users can make 
better decisions [161]. Despite having a wide range of abili-
ties and information, ChatGPT could not have the special-
ized knowledge required for some activities. To fully realize 
the potential of AI language models in particular domains, 
industries, and use cases, effective adaptation, fine-tuning, 
and its explainability are necessary [162]. Though ChatGPT 
can produce logical and context-sensitive responses, it might 
have trouble understanding larger ideas or staying consistent 
over the course of lengthy chats. The model’s capacity to 
comprehend and hold onto meaning over large information 
chunks has to be improved and enhanced as per the feedback 
[163].

It is imperative to guarantee the accuracy of facts gener-
ated by ChatGPT and other AI language models, especially 

Table 7  (continued)

Future 
research
direction

Description Application Impact

Revising to enhance pro- ficiency in 
a specific domain 163

To fully leverage the potential of AI lan- guage 
models like ChatGPT, they need effective 
adaptation and fine-tuning to spe- cific domains, 
sectors, and use cases, as they may lack com-
prehensive expertise in specialized tasks despite 
their broad skills and understanding.

Medical Research and Virtual Assistance

Knowledge of contex- tualization 164 Enhancing ChatGPT’s ability to maintain consist-
ency, understand the broader con- text, and retain 
meaning in extended con- versations is crucial to 
overcome ongoing challenges in its performance

Natural Language Processing and Language transla-
tor

Correctness in the facts 165 Addressing the challenge of unreliable and 
inaccurate content generated by AI lan- guage 
models like ChatGPT is crucial for enhancing 
their efficiency, accuracy, and utility, enabling 
advancements in the field.

Education, Medical Research, and NLP
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in situations where exact information is essential. A crucial 
problem that needs to be solved is ensuring the accuracy 
and compliance of the created material with the supplied 
data [164]. By addressing these issues, the AI research com-
munity may improve the effectiveness, usefulness, and effi-
ciency of language models like ChatGPT, paving the way 
for the creation of more complex and morally upstanding 
AI-driven applications in a variety of fields [165].

As indicated in aforementioned discussions, the chal-
lenges are directly or indirectly derives from the bias. Hence, 
bias plays an important factor that needs to be observed for 
language generation. Bias significantly impacts the fairness, 
inclusivity, and accuracy of generated content, constituting 
a pivotal aspect of language production. Language models 
like ChatGPT are often trained on extensive datasets that 
inadvertently reflect societal biases, including those related 
to race, gender, and culture. The model’s tendency to rep-
licate biases present in its training data can result in the 
generation of biased or prejudiced responses. The implica-
tions of biased language generation are profound, with the 
potential to perpetuate injustice, prejudice, and inequitable 
treatment across various domains such as healthcare, law 
enforcement, and the workplace. Moreover, biased language 
production may amplify existing prejudices, propagate nega-
tive stereotypes, and further marginalize specific racial or 
ethnic communities.

Biased content not only perpetuates falsehoods and preju-
dices but also erodes trust in AI systems. To foster ethical 
and responsible AI applications, it’s imperative to tackle 
bias in language production. This involves identifying and 
mitigating biases in training data, promoting inclusivity and 
diversity in dataset collection, and establishing objective 
evaluation metrics. Moreover, ongoing efforts to develop 
algorithms and strategies that mitigate bias in language mod-
els and enhance their fairness and inclusivity are crucial. 
Ultimately, the aim is to create AI systems that deliver more 
equitable, accurate, and unbiased outcomes.

A complete analysis of societal biases in language pro-
duction is offered in Table 8, which is motivated by the 
importance of assuring fairness in language generation. It 
is important to evaluate developments in bias analysis and 
reduction since NLG approaches play a role in prejudice 
perpetuation. The two basic kinds of NLG activities are 
converting text from one form to another and creating text 
continuations based on a prompt. An organized summary 
of various research initiatives concentrating on bias in NLG 
tasks is presented in Table 8.

4.2  Natural Language Generation: The Evolution 
and Future Directions

Natural Language Generation (NLG) is a dynamic domain 
within AI that centers on systems capable of producing 

coherent and human-like text from structured data. Its pri-
mary objective is to bridge the gap between raw data and 
understandable narratives, facilitating the conversion of 
complex information into readable and relevant text. NLG 
encompasses various approaches, with two prominent types 
being Data-to-Text NLG and Text-to-Text NLG. Data-to-
Text NLG primarily focuses on transforming structured data, 
such as tables or databases, into understandable narratives. 
Conversely, Text-to-Text NLG involves generating natural 
language text based on existing textual inputs, encompassing 
tasks such as summarization and translation.

1. Data-to-Text NLG: Data-to-Text NLG stands as a spe-
cialized branch within NLG, dedicated to the conver-
sion of structured data, typically presented in tables or 
databases, into natural language text. Its primary aim is 
to produce human-readable narratives that effectively 
convey the information inherent in the structured data. 
The evolution of Data-to-Text NLG owes much to trans-
formative advancements in technology, particularly the 
rise of transformer-based models. Transformer architec-
tures, exemplified by models like GPT, have showcased 
remarkable prowess in comprehending and articulating 
coherent text. The application spectrum of Data-to-
Text NLG spans diverse domains, enriching commu-
nication and comprehension of structured information. 
From financial reporting to weather updates and sports 
commentaries, Data-to-Text NLG systems find utility 
in various fields. However, challenges persist in this 
domain, including the assurance of generating accurate 

Table 8  Demographic Bias Studies in Various NLG Tasks

Keywords NLG outcomes Issues related to the bias 
and its learning

Gender Identity Autocomplete [9, 167–176]
Dialogue [177–180]
Machine Translation [181–200]
Re-writing [201–204]

Occupation, 
Career, Job, 
Employment, 
Profession

Autocomplete [170];[205]

Race, Nationality Autocomplete [167, 169, 170, 174, 206]
Dialogue [177]

Religion, Spiritu-
ality, Devotion, 
Religious belief

Autocomplete [9, 174, 207]

Sexuality Autocomplete [167, 208]
Dialogue [177]

Other Autocomplete [167, 170, 205, 209, 210]
Dialogue [211]
Re-writing [212, 213]
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and contextually relevant text, as well as the handling of 
ambiguous data.

2. Text-to-Text NLG: Text-to-Text NLG stands at the fore-
front of advancing language-centric tasks, enabling sys-
tems to comprehend and generate coherent text based 
on existing textual inputs. This approach harnesses the 
power of advanced deep learning architectures, with 
transformer-based models like the GPT series emerg-
ing as key players. These models leverage self-attention 
mechanisms to capture intricate contextual dependen-
cies within the input text, thereby facilitating the gen-
eration of high-quality outputs. Further enhancements, 
including fine-tuning on task-specific datasets and the 
implementation of diverse decoding strategies, con-
tribute to the overall performance of Text-to-Text NLG 
systems. The impact of Text-to-Text NLG spans across 
various domains, with notable advancements witnessed 
in abstractive summarization, paraphrasing, and the 
generation of diverse linguistic outputs while preserv-
ing original meaning. Applications in content creation, 
information retrieval, communication, and translation 
have witnessed significant breakthroughs due to Text-to-
Text NLG innovations. However, despite its numerous 
advantages, Text-to-Text NLG encounters challenges 
related to controllability, domain adaptation, and ethi-
cal considerations.

NLG tasks can be broadly categorized into two groups: 
those that transform text from one form to another and those 
that generate text continuations based on a given prompt. 
Tasks such as autocomplete and dialogue creation belong to 
the latter category, focusing on generating coherent and rel-
evant text in response to a prompt. Autocomplete generation 
involves producing text directly from language models while 
adhering to specific constraints. Evaluating biases in these 
models is crucial for quantifying their impact, particularly in 
NLG and NLU tasks involving language models.

On the contrary, dialogue generation relies on user inputs 
and can be tailored to specific domains (such as healthcare 
or customer service) and functionalities (such as behavior 
intervention or flight booking), or it can simply involve 
casual conversation. Any biases present can directly impact 
user behavior and actions because these dialogue systems 
interact directly with users. Additionally, when translating 
text into another language using machine translation, it’s 
essential to maintain the intended meaning. Gender biases 
in machine translation have garnered significant attention, 
with studies revealing biases in both academic and commer-
cial systems. Gender associations, such as those with certain 
professions, may inadvertently arise during translation due 
to the presence or absence of grammatical gender in different 
languages. Rewriting tasks involve editing specific words 
and phrases from the original content to better align with 

the desired attribute. Often, these tasks rely on specialized 
encoder-decoder models.

5  Security and Ethical Considerations

The section delves into the security and ethical consid-
erations surrounding ChatGPT. Through carefully crafted 
prompts, the GPT model can be manipulated into generating 
security-related vulnerabilities, which could potentially be 
exploited by malicious actors. Furthermore, ethical concerns 
regarding the utilization of GPT are subject to frequent ques-
tioning. These considerations are explored in detail below.

5.1  Security Considerations

One of the foremost concerns regarding the potential misuse 
of ChatGPT revolves around various cybersecurity risks and 
challenges it poses. These include activities such as fabricat-
ing false information, spreading misinformation, or imper-
sonating individuals. The model’s remarkable proficiency in 
generating text that closely mimics human language poses 
a significant challenge in distinguishing authentic content 
from fake, thus increasing the likelihood of disinformation 
and fraudulent activities. Moreover, significant privacy 
concerns arise due to the extensive and sensitive nature of 
the data utilized in ChatGPT’s training process [214]. The 
extensive dataset used in training ChatGPT may include pri-
vate data, which, if compromised, could be exploited to the 
detriment of users. Therefore, there is an urgent need for 
robust security measures to safeguard both the model itself 
and the confidential data upon which it relies.

The risk of ChatGPT-generated outputs being exploited 
to disseminate false information and deceive individuals is 
a pressing cybersecurity concern. Such manipulation could 
empower malicious actors to craft convincing phishing 
emails or impersonate others, leading to severe repercus-
sions like data breaches or unauthorized access to sensi-
tive information. Consequently, there is a critical need to 
devise strategies for detecting and thwarting such malicious 
activities. Particularly, businesses are deeply concerned 
about ChatGPT’s potential to generate persuasive phishing 
emails capable of deceiving individuals into divulging per-
sonal data or clicking on harmful links. Moreover, as Chat-
GPT and similar AI technologies gain traction, they become 
prime targets for cybercriminals and fraudsters aiming to 
exploit them for nefarious purposes. While it’s challenging 
to pinpoint whether particular malware has been directly 
created using ChatGPT, there have been reports of cyber-
criminals leveraging the platform to generate code for illicit 
activities on underground web markets. This underscores 
the potential for ChatGPT to inadvertently facilitate cyber-
crime and illicit conduct, prompting concerns regarding its 
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responsible use and security safeguards. While ChatGPT 
may offer benefits for security tasks and streamline the work 
of security specialists, it’s imperative to address the cyber-
security implications it presents. This entails implementing 
stringent security protocols, promoting responsible and ethi-
cal usage, and maintaining vigilant oversight over its capa-
bilities through regular updates. These proactive measures 
are essential for mitigating risks and safeguarding against 
potential threats. Table 9 summarizes the most significant 
cybersecurity threats connected with ChatGPT. One signifi-
cant concern surrounding ChatGPT is its potential to gener-
ate private or sensitive information due to its extensive data 
learning capabilities. This raises the risk of generating unau-
thorized sensitive data, including the creation of convincing 
yet fraudulent content like realistic fake conversations and 
emails, which could be exploited for fraudulent activities 
or impersonation. Moreover, there’s the possibility of gen-
erating sensitive information such as medical diagnoses or 
financial transactions, posing risks to individuals’ well-being 
and identity security. To mitigate these potential risks, it’s 
crucial to enact stringent privacy regulations and maintain 
ongoing oversight.

Another significant risk associated with ChatGPT is its 
potential for tailored fraud and deceptive tactics. It could 
be used to craft messages that appear to be from reputable 
sources, such as banks or trusted acquaintances, with the 
intent of gathering sensitive information or financial gain. 
Moreover, there’s the concern that ChatGPT may generate 
inflammatory or inaccurate content, leading to the spread of 
misinformation and potential incitement of violence. From a 
technical perspective, there’s the issue of the model’s capac-
ity to retain and reproduce personal information from the 
data it has learned, as evidenced in past instances involving 
models like GPT-3 and GPT-2. These instances underscore 
the importance of exercising caution when deploying such 

models with sensitive data to mitigate privacy breaches and 
data security risks, emphasizing the necessity for meticulous 
data handling and ongoing model supervision.

Analyzing the relationship between security issues and 
ChatGPT underscores the critical importance of real-time 
monitoring in safeguarding the integrity of the model. Real-
time monitoring encompasses a suite of surveillance mecha-
nisms meticulously designed to swiftly detect and address 
potential security risks that could compromise ChatGPT’s 
functionality or user privacy. These surveillance methods 
are finely tuned to identify various anomalies, including 
potential privacy breaches endangering sensitive user data 
and adversarial attacks aimed at manipulating the model’s 
responses. A detailed examination of ChatGPT’s real-time 
monitoring mechanisms reveals their capacity to detect 
anomalies such as inconsistencies in model output, devia-
tions from expected user interactions, or irregularities in 
input patterns. Moreover, a comprehensive overview of the 
proactive security measures integrated into the system out-
lines the corresponding response tactics for each identified 
anomaly. Real-time monitoring is indispensable for promptly 
identifying potential security breaches, thereby facilitating 
risk mitigation and ensuring swift and effective response 
measures. By employing dynamic surveillance methods, 
ChatGPT demonstrates its commitment to adhering to strin-
gent security standards and adapting to evolving threat land-
scapes. Emphasizing the value of real-time monitoring not 
only underscores the model’s resilience against diverse secu-
rity threats but also enhances user confidence by providing 
reassurance regarding its robust security posture. Providing 
users and stakeholders with a comprehensive understand-
ing of the real-time monitoring protocols fosters trust in 
ChatGPT’s security mechanisms and bolsters confidence in 
its ability to navigate complex security environments effec-
tively. However, certain security issues with ChatGPT can 

Table 9  ChatGPT security risks

Risks associated with the Cybersecurity Description

Unsecured information The data that ChatGPT uses might have sensitive information, and if someone gains access to the 
model or the data, they could misuse it

Malicious takeovers Cybercriminals might try to take control of ChatGPT and use it for bad things, like spreading false 
information or causing harm

Malicious software contamination People could utilize ChatGPT to construct appealing fake messages which deceive people into down-
loading or running malicious malware

Inappropriate access If the security checks or safeguards aren’t strong enough, unauthorized people might get into ChatGPT 
and use it inappropriately

Brute force attacks Cybercriminals might try to figure out passwords or access controls for ChatGPT, which could let 
them get in without permission

Availability ChatGPT’s ability to function properly could be disrupted by attacks
like DDoS or spam attacks

Overload of information ChatGPT might have trouble dealing with a lot of information, which
could make it work slower or make mistakes
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be mitigated. Table 10 provides a quick overview of the tech-
nological actions we may take to reduce the possibility of 
ChatGPT producing personal data when fine-tuned with this 
sort of information. It’s vital to remember that the effective-
ness of these processes varies based on the situation and data 
employed. A combination of technological, organizational, 
and legal efforts is the most effective strategy to reduce risks.

5.2  Discussion of Ethical and Societal Implications

LLMs have affected the general fairness and ethical con-
siderations associated with these models by providing rise 

to a variety of ethical concerns around employment, mis-
information, privacy, bias, power dynamics, transparency, 
and intellectual property [215]. The primary concerns are 
mentioned in the Table 11

As a language model within the realm of AI, ChatGPT 
is engineered with the primary objective of leveraging pat-
terns and probabilities derived from extensive data analy-
sis to comprehend and generate responses to user inputs. 
However, the utilization of this technology may inevita-
bly give rise to significant ethical considerations [216]. In 
order to clarify this, Table 13 mentions few examples of 
these issues.

Table 10  Technical safeguards to reduce the possibility of ChatGPT creating personal information

Technical Standards Explanation

Differential Privacy To obscure an individual’s identify, add noise to the data
Multiparty computation security Do calculations with private data without showing what the data is
Federated Learning Train models to learn from data on different devices or in different organizations without giving away 

the actual data
Encryption Keep data safe from unauthorized access
Detection of the anomaly Identify and mark whenever the model creates private or sensitive information
Access control Make sure that only the right people who are allowed to do so can use the model and see what it 

produces
Monitoring and review on a regular basis Keep a close eye on how well the model is doing its job and what it’s producing. Look out for any 

privacy problems, and if you find any, make sure to fix them

Table 11  Ethical Concerns of the LLMs

Ethical Concerns Description

Privacy LLMs need vast data for training, including sensitive information, which, if mishandled, can harm individuals’ privacy
Bias LLMs can amplify biases from their training data, perpetuating and worsening societal biases, such as racial and gender 

discrimination
Transparency LLMs are often seen as”black boxes,” making it hard to understand their predictions and address biases or ethical issues
Power LLMs can shape public discourse and decision-making, granting significant power and responsibility to their creators and 

users, with potential risks of misuse for opinion manipulation or dissent suppression
Intellectual property A debate on intellectual property rights revolves around LLMs, focusing on data and model ownership, with potential far-

reaching implications for intellectual property law
Employment Large language models, in their ability to automate tasks once carried out by humans, raise concerns about potential job 

displacement and the necessity for workforce retraining
Misinformation LLMs can create false information, swiftly spreading through online platforms, leading to harmful consequences like 

election interference or incitement of violence

Table 12  Potential ethical issues of the ChatGPT

Potential Issues Description

Bias ChatGPT can inherit and perpetuate biases from its training data, reflecting and sustaining those biases
Misinformation ChatGPT may respond with erroneous or misleading information, especially if it isn’t trained on trustworthy sources. When 

users rely on ChatGPT for direction or counsel, this could be dangerous
Privacy User information, maybe including personal information, may be gathered and stored by ChatGPT for unforeseen uses such 

targeted advertising or monitoring
Responsibility Because ChatGPT is morally impotent, it cannot be held responsible for its deeds. However, it is the responsibility of those 

who developed and implemented ChatGPT to guarantee its moral application and guard against user harm
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It is crucial to identify and acknowledge these ethi-
cal issues in order to demand aggressive steps to address 
them and ensure that ChatGPT is used responsibly and 
ethically. LLMs, like ChatGPT, can use a variety of 
approaches and tactics to start a path toward maintaining 
equity in their responses. The Table 12 follows few tactics 
that ChatGPT can use to actively promote equity in the 
responses it generates.

5.3  ChatGPT Applicability and Penetration Towards 
Future NLP Model Designs

As ChatGPT underwent extensive training on a large 
dataset of online text (approximately 570 GB in total), 
it signifies a significant milestone in the advancement of 
Natural Language Processing. The model has acquired 
the ability to comprehend intricate linguistic patterns and 
probabilities through this rigorous training, enabling it 
to generate responses that are contextually logical and 
appropriate. With a low perplexity score of approximately 
35, indicating its accuracy in predicting the next word in a 
sentence, ChatGPT demonstrates a notable improvement 
over previous models and reflects a deeper understanding 
of language context.

This enhanced capability, offering more precise and 
context-aware language generation, marks a notable 
advancement in NLP technology. ChatGPT has made a 
substantial impact on Conversational AI, leveraging the 
advantages of NLP. For instance, GPT-4 demonstrates 
improved context comprehension, enabling chatbots to 
provide more contextually relevant responses. It is worth 
noting that the model’s training data is derived from a 
diverse set of internet text sources [217] and the same has 
been depicted in Table 14.

5.3.1  Influence of ChatGPT on NLP Models

NLP models such as BERT-2 [218] have been inspired 
directly by ChatGPT’s effectiveness in generating coher-
ent and contextually relevant text responses. While Chat-
GPT excels in generating human-like conversation, models 
like as BERT-2 concentrate on improving specific parts of 
NLP tasks such as information retrieval. This effect is most 
noticeable in BERT-2’s pre-training method, which lays a 
high emphasis on enhancing the model’s comprehension of 
language in order for it to succeed at information retrieval 
tasks. As an example influenced by ChatGPT, BERT-2 is 
developed with a strong emphasis on pre-training. The initial 
step in which a language model learns from a large cor-
pus of text is referred to as pre-training. What distinguishes 
BERT-2 is its commitment to improving the pre-training 
phase, ensuring that the model fully understands linguistic 
nuances and context.

By understanding the nuances of language usage, this 
rigorous pre-training prepares BERT-2 to succeed in dif-
ferent NLP tasks, particularly information retrieval. The 
BERT-2 approach systematically selects training data 
from diverse sources to achieve its pre-training objec-
tives. This diversity is crucial for exposing the model to 
a wide array of linguistic styles, domains, and usage con-
texts. The training data for BERT-2 includes extensive 
corpora sourced from various mediums such as internet 
text sources, books, Wikipedia articles, and news stories. 
These diverse data sources play a crucial role in enhancing 
the model’s understanding of language patterns, enabling 
it to proficiently comprehend and generate text across a 
broad spectrum of themes and genres. BERT-2’s extensive 
corpora encompass text sourced from the internet, render-
ing it a vast and comprehensive repository. This corpus 
comprises user-generated content, news articles, academic 

Table 13  Imposing fairness in the ChatGPT responses

Addressing Bias and Promoting
Fairness in Chat-GPT Responses

Description

Data Diversity and Inclusion in Training ChatGPT reduces bias by diversifying its training data, aligning it with a more diverse 
range of human communication patterns and usage scenarios

Counterfactual Data Augmentation By creating instances that oppose training data biases, counterfactual data augmentation 
helps ML models become less biased and makes it easier for ChatGPT to identify and 
lessen these biases

Debiasing Methodologies ChatGPT can decrease biases by employing debiasing strategies, which entail changing 
training data or the model itself to reduce response bias. These methods range from 
simple data manipulation to advanced pattern detecting systems

Constant Monitoring and Assessment By routinely assessing and analyzing its responses for bias and obtaining user feedback to 
correct flaws, ChatGPT can uphold fairness

Instructions for Human Editors Reviewers are advised by OpenAI to steer clear of prejudice, such as hate speech and 
discriminatory model replies

Feedback from Users and Community Participation To encourage continuous changes in the behavior and performance of AI models, such as 
ChatGPT, OpenAI invites user feedback on problematic outputs
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papers, and various other textual forms. Additionally, the 
inclusion of books and Wikipedia articles enriches the 
model with domain-specific knowledge and terminology, 
thereby augmenting its linguistic capabilities. BERT-2 is 
specifically engineered to address NLP tasks that neces-
sitate domain-specific information and context, leveraging 
the richness of these diverse sources. In essence, BERT-2’s 
focus on pre-training and meticulous curation of training 
data reflects the influence of ChatGPT’s advancements in 
NLP. These methodologies empower BERT-2 and similar 
models to excel in their respective NLP domains, facili-
tating nuanced language comprehension and enhanced 

performance, particularly in tasks such as information 
retrieval where contextually rich understanding is para-
mount. Few examples for the same has been depicted in 
Table 15. The challenges and ethical Considerations in 
ChatGPT and future NLP Models are shown in Table 16. 
These difficulties and ethical considerations are critical. 
To mitigate bias, for example, diversified training data and 
regular bias checks are required. Encryption and access 
restrictions protect data privacy, while content monitoring 
and clear standards ensure ethical usage [219]. Chat-GPT 
and similar NLP models present promising opportunities, 
but their responsible and meaningful utilization requires 

Table 14  LLMs influenced by ChatGPT evolution

LLM AI Model Description Application Limitations& Future Scope

GPT-4 OpenAI Multimodal large language model 
with improved reliability and 
creativity

Conversational AI, creative writ-
ing, image input processing

Addressingbiases, enhancing 
efficiency, expanding multimodal 
capabilities

PaLM-2 Google Multitasking language model 
excelling across languages

Machine translation, multitask 
learning

Improving data diversity, extending 
to more languages and tasks

Claude Anthropic Focuses on userligned language 
understanding for per- sonalized 
interactions

Personalized assistants, content 
moderation

Enhancingpersonalization,ensuring 
ethical AI practices

LLaMA Facebook AI Efficient language modeling aimed 
at sustainability

Knowledge extraction, summari-
zation

Reducingcomputational costs, 
ensuring data privacy

BERT- 2 Google Enhanced context understand ing 
for better information retrieval

Information retrieval, sentiment 
analysis

Deepening contextual understand-
ing, adapting across domains

T5- Next Google Advanced in contextual text sum-
marization

Content summarization, dataan-
notation

Improving summarization accuracy, 
devel oping advanced techniques

Jais 30B, Core42 Arabic LLMs Arabic language applications, cul-
tural content generation, regional 
language understanding

Focus on a singlelanguage may-
limit broader applicability

Expansion to include moreregional-
languages and dialects

Embodied AI Apple EmbodiedAIindevices, context-
aware computing, user interac-
tion

Integration withphysicaldevices, 
contextcomprehension

Enhancingdevice interaction, 
expanding embodied AI applica-
tions

Table 15  Information retrieval based LLMs

Model Name Key Features Application Training Data Uti- lized

GPT-4 Improved context understanding Chatbots, Content generation Diverse internet text data
BERT-2 Enhanced pre-training Information retrieval Large-scale corpora and books
T5-Next Contextual text sum- marization Contentsummariza- tion Wikipedia, news articles, books

Table 16  Challenges and Ethical Considerations in ChatGPT and Future NLP Models

Challenge/Ethical
Concern

Description Mitigation Strategies

Bias Mitigation Ensuring reduced biases in responses and training data Diverse and inclusive training data, bias audits
Data Privacy Safeguarding user data and maintaining privacy during training Encryption, data anonymization, and strict access controls
Ethical Usage Preventing misuse for harmful purposes, such as misinformation Content moderation, ethical guidelines, and user reporting 

mechanisms
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collaboration among researchers, developers, and ethical 
stakeholders. Continuous monitoring of advancements in 
model design, training data sources, and ethical standards 
is essential to ensure responsible usage. Chat-GPT’s sig-
nificance in advancing NLP is underscored by its extensive 
training data and improved contextual understanding, serv-
ing as inspiration for subsequent NLP models tailored to 
specific purposes. However, addressing ethical considera-
tions and challenges is imperative for the future responsi-
ble and ethical use of these models [220].

6  Eco‑GPT: A Cost‑effective and Scalable 
LLM Design

In the rapidly evolving landscape of information and tech-
nology, Language Models (LLMs) have emerged as promi-
nent tools in both research and practical applications. These 
models have surpassed their original purpose of understand-
ing natural language and generating text. Their capacity 
to analyze extensive textual data and produce human-like 
responses has revolutionized our interactions with machines 
and our access to information. These models find applica-
tions across diverse domains, including language transfor-
mation, medical research, and scientific discovery. A notable 
trend is the creation of human-like text through LLMs, often 
seen in chatbots. Users typically subscribe to interact with 
such models, with popular examples being ChatGPT and its 
various versions developed by OpenAI. In this section, we 
analyze the different pricing structures and strategies users 
can employ to reduce the inference cost while using LLM. 
The pricing structure can vary from specific use case and 
the providers.

• Subscription plane: Providers provide monthly and 
annual subscription fees to access LLM using API. These 
plans include a certain number of requests per day or 
tokens in the request.

• Pay as you go: Providers offer a pay-as-you-go strategy, 
where the bill will be generated based on actual usage. 
These flexible usage works well when you are in varying 
workloads.

• Number of tokens: The Pricing model is based on the 
number of tokens in the request query that is processed 
by the model. You will be charged for both input and 
output tokens, but some complex queries can increase 
the cost.

• Request-based pricing: Provider will charge you based on 
the number of API calls you made and billed accordingly.

• Geographical pricing: Prices can vary by region, the geo-
graphic location from which you access the service may 
impact your costs of using LLM.

• Extra add-on: Plugins that are developed by the third 
party are integrated to offer tons of different features such 
as instaCart, FiscalNote, Speak openTable, and others.

In Large Language Models (LLMs), estimating query 
costs involves a multifaceted approach. The primary factor in 
computing the cost is the length of tokens, which measures 
both input and output text. Additionally, the frequency of 
API calls is a crucial factor; the more calls made, the higher 
the incurred cost. However, utilizing batch API calls, where 
multiple small queries are combined into a single batch, can 
potentially lower the cost estimation.

Estimating query costs in Large Language Models 
(LLMs) involves considering various factors such as the 
number of tokens used, pricing per token, data transfer costs, 
batching practices, and the inclusion of special tokens. These 
parameters collectively determine the overall cost of inter-
acting with an LLM. The cost of querying such a model 
API mainly comprises three components: (1) the length of 
the input query, (2) the length of the output generated, and 
(3) a fixed cost for each query. In our analysis, we examined 
six different commercial LLMs, including ChatGPT, GPT-3, 
and GPT-4 from OpenAI, as well as J1-Grande, GPT-J, and 
X-large from AI21, Textsynth, and CoHere, respectively. To 
mitigate costs, three strategies are discussed below:

• Prompt Adaptation: It is a process of customizing the 
prompt i.e. instructions given to LLM to get the desired 
response. The main objective of the prompt adaptation 
is to make your query more accurate and specific by 
defining the context. Optimizing the prompt can lead to 
obtaining responses in fewer queries, thereby reducing 
computational costs and improving response time. This 
refinement facilitates obtaining responses with fewer 
iterations, reducing the total number of tokens in the out-
put. By obtaining specific responses to our queries, we 
can write more precise and focused prompts, minimizing 
irrelevant responses that are later filtered out. Prompt 
adaptation in automated systems leads to the generation 
of accurate and less irrelevant data, thereby reducing the 
need for human interventions and lowering the overall 
operational costs.

• LLM Approximation: LLM models have high computa-
tional overhead due to size and complexity. LLM approx-
imation aims to offer an approximate solution to queries, 
reducing computational costs. This is accomplished by 
developing smaller models derived from fully complex 
LLMs. Although these models require less computation, 
they retain the capability to generate correct and approxi-
mate responses. Reducing model size can be achieved by 
pruning less important parameters, thereby decreasing 
computation requirements. Knowledge distillation offers 
another approach, shrinking model size while retaining 



Demystifying ChatGPT: An In-depth Survey of OpenAI’s Robust Large Language Models  

the ability to generate similar results by training with the 
same data. Converting model weights from floating point 
to fixed point integers can also decrease computation 
while maintaining acceptable performance levels. Cach-
ing frequently queried data reduces the need for recom-
putation, saving both time and computational resources. 
Additionally, augmenting hardware resources, such as 
incorporating graphics processing units, enhances infer-
ence speed and reduces overall costs. However, it’s 
important to note that LLM approximation involves a 
trade-off between performance and computational cost, 
as reducing computation may result in some loss of accu-
racy.

• LLM Cascade: It entails organizing multiple models in 
a hierarchical structure according to their size and com-
plexity. This hierarchy ranges from simpler, less com-
pute-intensive models at lower levels to more complex 
and capable models at higher levels. As such, straight-
forward queries are directed to lower levels, requiring 
less computation, while intricate queries are forwarded to 
higher levels. Employing lower-level models for simple 
queries doesn’t demand the full computational power of 
the LLM model, thereby reducing resource consumption. 
This tiered model can be tailored to organizations’ needs, 
enabling them to flexibly adjust the number of models at 
each layer. The LLM cascade improves response time by 
directing simpler queries to lower levels, thereby reduc-
ing the time needed to generate an acceptable response 
and saving costs. If the lower level fails to produce an 
acceptable response to a query, a fallback mechanism is 
employed, rerouting the query to a higher-level model, 
ensuring that queries are adequately addressed.

6.1  The LLM Cascade Architecture

The “LLM Cascade Architecture,” an advanced natural lan-
guage processing (NLP) method, orchestrates a series of lan-
guage models (LLMs) in a layered fashion. To grasp its inner 
workings, it’s crucial to understand the functions of each layer, 
the gradual enhancement in language understanding, and its 
overall significance to the topic at hand. At the foundational 
level sits a core language model like GPT-J, designed to cap-
ture general language patterns, grammar, and semantics. Act-
ing as the initial filter for incoming queries, its output is evalu-
ated against a predetermined threshold, often set at 0.95 for 
models like Eco-GPT. If the score exceeds this cutoff, a precise 
response is generated promptly. However, if the score falls 
below the threshold, the architecture triggers the next layer, 
J1-G. This secondary layer enriches contextual awareness 
and domain-specific knowledge to better understand the input 
question. Another threshold, typically around 0.35, determines 
whether J1-G’s response meets the criteria or requires further 
refinement. If neither GPT-J nor J1-G provides a satisfactory 

response, the architecture proceeds to the third layer, GPT-4, 
the pinnacle of complexity. Employing increasingly sophisti-
cated models based on the input’s complexity, this sequential 
cascade structure ensures a dynamic and adaptive approach.

The significance of the LLM Cascade Architecture lies in 
its ability to address the limitations of relying solely on a sin-
gle, monolithic language model. By employing a cascade of 
models, the system can effectively handle a broad spectrum 
of queries, ranging from simple to complex. This adaptability 
proves crucial in real-world conversational scenarios, where 
user inputs exhibit significant variability. The architecture’s 
dynamic nature, capable of adjusting complexity in real-time, 
enhances its effectiveness and efficiency in delivering contex-
tually appropriate responses. Thus, the deliberate stacking of 
language models within the LLM Cascade Architecture serves 
to elevate the level of complexity and flexibility in natural lan-
guage processing. Its sequential design and threshold-based 
decision-making ensure a sophisticated and contextually aware 
process for generating answers, ultimately enhancing language 
model performance across diverse applications.

Figure 6 presents the architectural diagram of LLM cas-
cade where Qk is the input query that needs to be processed. 
The reliability score rs n of model Mn is checked against the 
threshold Th and based on complexity and resource availabil-
ity, Qk is forwarded to the appropriate Mn i.e. simpler Qk is 
routed to M1 and complex Qk is forwarded to a higher level 
that generates response equal to the R. The concept of LLM 
cascade allocates the queries to different models based on the 
level of complexity and resource requirement. The allocation 
can be represented as follows.

where  Li denote the cascading level,  Qk denotes the 
requested input query and  Mn are the model available at 
that layer,  M1 is the smallest and  Mn is the largest model. To 
monitor the utilization of resources at each level, organiza-
tions need to manage the model at each level.

where U  (Li) denotes allocated computation resources at 
level  Li and M onotor(Li) monitors the resource utilization 
at level  Li the function dynamically adjust the resource to 

(14)Li ← allocate(Qk,M1,M2,M3...Mn)

(15)U(Li) ← Monitor(Li)

Routing Mechanism

rs1< Th                              rs2< Th                          rs3<= ThQk M1                                 M2                                 M3                                 Mn                        R

R                             R                              R R

Fig. 6  LLM Cascade Architecture
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lower the cost and utilization of model  Mn. At each level, 
it is to be decided whether to route the query to other level 
based on the complexity.

where M  (Qk) denote the new model on which the query is 
routed route() function routing the query based on the char-
acteristics and resource requirement. The overall cost can be 
evaluated based on the Ru resource utilization,  Rt response 
time, reliability of the query score of Qk, and response of 
the model API  MAPI.

The main cost of LLM cascade depends on LLM router 
and scoring function. The scoring function is defined as:

This function computes the reliability score between 0 
and 1, the function can be obtained by training the regres-
sion model that learn itself by the correct answer and the 
generated response.

6.2  Prompt Engineering

Language models like LLM are trained on vast corpora 
of textual data, enabling them to generate text that closely 
resembles human language. Prompt engineering involves 
crafting precise instructions to elicit desired responses from 
these models. It serves as a strategic approach to harnessing 
the full potential of LLMs and ensuring they grasp the task 
at hand. The fundamental aspects of prompt engineering 
include:

• Job Specification: Well-designed promts are essen-
tial when Job or task is specific. The prompts need to 
be given with the specific task, such as a”concluding 
remark” that summarizes the output text.

• Information context: To generate meaningful responses, 
the context of the prompt needs to be set that depends on 
the complexity of the input query i.e. you need a response 
as a “business analyst”.

• Fairness: Ethical consideration while generating prompt 
is very important. Practitioners should know the biases of 
the response and are advised to design the prompts that 
handle the bias.

• Safety and control: To ensure appropriate and safe 
responses, prompts need to be engineered in such a way 
that it follows the constraints and behavior of the LLM.

• Adaptation: Based on the domain on which these models 
are applied needs to adapt specific terminologies of that 

(16)M(Qk) ← route(Qk,M1,M2,M3...Mn)

(17)cost ← Cal(Ru, Rt, Qk,MAPI)

(18)G ∶ QkXMAPI → [0, 1]

domain. This helps the model to respond in the context 
of the input query.

• Iteration: The practitioner needs to experiment with 
different input prompts to optimize the output of the 
query. This is an iterative process to achieve the desired 
response from the LLM.

• Feedback: Evaluation of the feedback is important from 
the user that helps fine-tune the model and improve the 
reliability of the response.

6.3  Performance Evaluation

In this section, we discuss the details of the results obtained 
from the experiments. For the implementation, 6 different 
commercial LLM are identified.

6.3.1  Experimental Setup

We have analyzed 6 different commercial LLM from Ope-
nAI, CoHere, TextSynth and AI21. We have considered 
ChatGPT, GPT-3 and GPT-4 LLM from OpenAI [221], 
J1-Grande, GPT-J and X-large from AI21 [222], Textsynth 
[223], CoHere [224], respectively. Eco-GPT has been imple-
mented on top of these API and evaluated on CaseHold 
[225] and CoQA [226] dataset. CaseHold dataset consists 
of 53,000 questions to check the holding of the legal deci-
sions i.e. goal is to check whether a given verdict is rejecting 
the previous legal case, where CoQA is a conversational 
question-answering challenge dataset consisting of 127,000 
questions with answers collected from different conversa-
tions of different domain. For analysis, we kept the cascade 
length as 3 and dataset is randomly split into training and 
test set for evaluation [103].

6.4  Performance and Cost

The three levels of cascade consist of GPT-J, J1-G and GPT-
4. The Eco-GPT invokes GPT-J, J1-G and GPT-4 sequen-
tially one by one. For any input query, first, it gets the answer 
from GPT-J, and the output response will be accepted only 
when a certain threshold value is cleared, for this analysis, 
we considered 0.95. if the generated score of the response 
is less than the threshold, J1-G is invoked; if the response 
score is greater than 0.35, the answer is accepted otherwise, 
GPT-4 will be invoked to get the final response of the input 
query. In over observation, this approach performs better 
than GPT-4 alone in several cases. Figure 7a represents the 
trade-off between performance and cost, and it is clear from 
the results obtained that is approximately ≈73% cost saving 
in CaseHold dataset similarly Fig. 7b represents the trade-
off between performance and cost on CoQA dataset and we 
observed that there is approximately ≈60% cost saving.
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7  Discussions and Summarized Findings

7.1  Key Findings

A pivotal discovery from the survey reveals that the sys-
tem adeptly produces responses akin to those crafted 
by humans across a diverse spectrum of inquiries and 
prompts. This proficiency significantly heightens user 
involvement and overall satisfaction levels.

An additional significant discovery underscores 
ChatGPT’s capacity to acquire and adjust to novel sce-
narios and contexts, thereby enhancing its ability to fur-
nish nuanced and refined responses as time progresses. 
Research indicates that ChatGPT demonstrates compe-
tence in delivering precise and beneficial answers to intri-
cate inquiries spanning various domains such as medicine, 
law, and finance. Such findings hold considerable signifi-
cance for these respective industries.

Yet another pivotal discovery underscores the system’s 
adeptness in crafting responses customized to individual 
users, drawing from their prior interactions with the sys-
tem. This tailored approach fosters more personalized 
and efficacious communication channels. Additionally, 
research has unveiled ChatGPT’s capability to discern and 
interpret idiomatic expressions and figurative language—a 
fundamental aspect of human communication that poses 
challenges for AI systems. Studies conducted on ChatGPT 
underscore the critical significance of continual develop-
ment and enhancement of NLP systems. This ensures their 
continued relevance and utility in an ever-evolving tech-
nological environment.

Another significant discovery is that the evolution of 
ChatGPT has been facilitated by advancements in machine 
learning (ML) and deep learning (DL) techniques.

These advances have empowered researchers to devise 
progressively sophisticated language processing algorithms. 
Additionally, research has demonstrated that ChatGPT can 
produce responses that are not only more engaging but also 
more interactive compared to those generated by alternative 
AI systems. This capability has the potential to enhance user 
adoption and satisfaction levels.

Finally, an important discovery from research on Chat-
GPT is its ability to generate contextually relevant responses, 
considering the broader context of the conversation or query. 
This capability leads to more effective communication, as 
the system can tailor its responses to fit seamlessly within 
the ongoing dialogue or discussion.

Other studies emphasize the significance of assessing 
the performance of NLP systems like ChatGPT across 
various metrics, including accuracy, response time, and 
user satisfaction, to ensure they effectively meet user 
requirements. Additionally, research on ChatGPT under-
scores the challenges associated with designing and 
implementing user interfaces for AI systems, particularly 
in conveying complex information to users in a clear and 
comprehensible manner. Another significant discovery is 
that the advancement of ChatGPT has been facilitated by 
the accessibility of extensive datasets containing natural 
language data. These datasets have empowered research-
ers to train and enhance the system’s language processing 
abilities effectively. Additionally, studies have demon-
strated that ChatGPT possesses the capability to discern 
and interpret sentiment and emotion expressed in human 
language—a critical facet of successful communication. 
Such capabilities hold promise for various applications 
in domains like customer service and marketing. A sig-
nificant discovery from research on ChatGPT is its ability 
to generate responses that are contextually appropriate, 
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considering the social and cultural norms inherent in the 
conversation or query. This capability leads to more effec-
tive and respectful communication, acknowledging and 
adapting to the nuances of various contexts.

Other studies emphasize the crucial role of continuous 
research and development in the field of NLP to ensure the 
ongoing improvement and evolution of systems like Chat-
GPT. This dedication results in enhanced performance 
and user experiences over time. Furthermore, research on 
ChatGPT underscores the significance of prioritizing user 
privacy and data security, especially concerning the applica-
tion of AI in sensitive domains like healthcare and finance. 
A key revelation from investigations into ChatGPT is its 
capacity to generate responses that surpass the accuracy and 
helpfulness of those produced by traditional keyword-based 
search engines. This enhanced capability holds the poten-
tial to significantly improve information retrieval processes, 
offering users more effective access to relevant information 
[227]. Other studies have highlighted the importance of user 
feedback in refining and improving AI systems such as Chat-
GPT, in order to ensure that they are meeting the needs and 
preferences of the clients.

7.2  Future Research and Development

As research and development in NLP continue to evolve, the 
future of ChatGPT would be driven by ongoing improve-
ments in language understanding capabilities. One key area 
of focus for the future development of ChatGPT will be 
the ability to interpret complex queries and requests more 
accurately. The ongoing use of DL techniques will be an 
essential component of the future research and development 
of ChatGPT, allowing for more nuanced and sophisticated 
language processing capabilities. Given the computational 
demands of Large Language Models (LLMs), there is a sig-
nificant emphasis on improving efficiency and scalability. 
As these models become more complex, optimizing their 
training processes becomes paramount. Techniques such as 
model distillation, mixed precision training, and asynchro-
nous gradient updates are being explored to enhance training 
efficiency, reduce computational costs, and minimize energy 
consumption. In various application domains, LLMs find 
utility in tasks such as machine translation, sentiment anal-
ysis, chatbots, text summarization, and serving as natural 
language interfaces for databases. However, it’s imperative 
to address the challenges posed by misinformation and mali-
cious use, particularly considering LLMs’ ability to generate 
realistic and coherent text. Strategies to mitigate these risks 
include implementing robust content authentication mecha-
nisms, promoting digital literacy, and establishing ethical 
guidelines for AI-generated content. The potential avenues 
for research and development are as follows.

• Zero-shot learning: It is an emerging paradigm that 
enables LLMs to perform tasks for which the model is 
never explicitly trained. The current study explores the 
methodologies, difficulties and use of zero-shot learn-
ing in LLM, emphasizing the potential of improving the 
understanding of natural language and the acquisition 
of knowledge across several modalities. Potential future 
prospects in the field of AI encompass the vital role of 
resolving ethical issues, enhancing the efficiency of met-
alearning techniques, and fostering effective collabora-
tion between humans and AI entities. These endeavors 
are expected to facilitate the development of AI systems 
that are more versatile and adaptive in nature.

• Multimodal LLM: It is a groundbreaking frontier in the 
field of AI research and development. These models 
seamlessly integrate text and visual information, allow-
ing for a comprehensive understanding of content in a 
unified approach. They hold the potential to bring pro-
found changes in various domains, spanning from com-
puter vision to NLP, by enabling robust cross-modal 
interactions. Ongoing and future research in Multimodal 
LLMs will be focused on enhancing their capacity to 
extract insightful knowledge from diverse data sources, 
thereby rendering them indispensable for an array of 
applications, including content generation, autonomous 
systems, and tailored user experiences. As these models 
continue to advance, they are set to redefine the limits of 
AI’s capabilities.

• Few-shot learning: It involve training LLM to perform 
task with minimum exam-ple. It entails the training 
of LLMs to swiftly comprehend and generalize from 
exceedingly scarce examples, enabling them to adapt to 
a diverse array of tasks with minimal data. By leveraging 
methodologies such as meta-learning, attention mecha-
nisms, and fine-tuning, Large Language Models (LLMs) 
can assimilate new knowledge and perform a multitude 
of tasks with minimal examples. This advancement 
effectively closes the gap between pre-trained models 
and task-specific applications, providing a remedy for 
the issue of data scarcity. This research domain holds the 
promise of enabling LLMs to thrive in specialized and 
niche domains characterized by severely limited training 
data.

• Controllable generation: It is a dynamic research fron-
tier focused on granting users precise command over the 
output of these models. This involves the modulation 
of various aspects, including style, tone, and content, 
with the ultimate goal of enhancing LLM versatility and 
adaptability to specific applications. This innovative 
research provides users with a tool for customizing gen-
erated outputs according to their specific needs and at the 
same time, preserving the exceptional language genera-
tion capabilities inherent to LLMs. As these techniques 
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continue to advance, they hold the potential to revolu-
tionize a multitude of industries, from content creation to 
customer service, through the facilitation of fine-grained 
control over the generated text.

• Multilingual LLMs: It serves as a critical component 
in the field of language under-standing and generation. 
These models play a vital role in changing linguistic bar-
riers and facilitating effective cross-cultural communica-
tion, which makes them important in international diplo-
macy and global business. LLMs are instrumental in the 
preservation and promotion of endangered languages. Its 
utility extends to machine translation, sentiment analysis, 
and content localization, revolutionizing the accessibil-
ity and engagement with digital content on a worldwide 
scale. Ongoing research and development in this sphere 
promise to enhance global connectivity and enrich cul-
tural exchanges even further.

• Specialized domain adaptation: We can fine-tune GPT for 
specific domains such as healthcare, legal, and technical 
support to enhance accuracy and relevance within those 
domains. Transfer learning enables GPT to leverage 
knowledge from one domain to enrich its understanding 
in another. Furthermore, maintaining longer conversa-
tions fosters greater coherence in responses. This can 
be achieved by implementing a memory augmentation 
mechanism to extend the model’s capacity for retaining 
context over extended dialogues.

• Bias Mitigation and Explainability: To foster fair and 
inclusive interactions with diverse users, it’s crucial to 
develop strategies for identifying and mitigating bias in 
training data. Additionally, researchers are investigat-
ing methods for providing explanations alongside each 
response to offer insights into user interactions, thereby 
enhancing understanding and trust.

• Ethics and personalization: GPT models must be trained 
to generate outputs responsibly, integrating mechanisms 
to prevent and detect harmful or malicious content. 
Researchers should focus on adopting response strate-
gies tailored to users’ preferences, history, and context. 
This entails developing techniques for constructing and 
maintaining models that facilitate personalized interac-
tions.

• Privacy: A diversified strategy is pivotal for the future 
direction of research aimed at addressing privacy con-
cerns and ensuring secure interactions for AI models 
like ChatGPT. A critical avenue involves exploring and 
enhancing state-of-the-art privacy-preserving techniques. 
Researchers are actively investigating secure multiparty 
computing, encryption protocols, and differential pri-
vacy methods to bolster ChatGPT’s privacy capabili-
ties and empower it to offer supportive conversational 
assistance while safeguarding user data. Simultaneously, 
efforts are underway to enhance the interpretability and 

transparency of ChatGPT’s decision-making processes. 
By providing users with a clearer understanding of how 
the AI model manages information, researchers aim 
to strengthen the commitment to user confidentiality 
and foster a sense of control and confidence. Ongoing 
research is dedicated to fortifying the security measures 
embedded within the architecture of chat-based AI mod-
els, alongside privacy-preserving safeguards. Techniques 
such as adversarial training, anomaly detection, and rein-
forcement learning for secure decision-making are under 
close scrutiny to enhance ChatGPT’s resilience against 
potential adversarial attacks. Federated learning remains 
a focal point for research as it enables models to learn 
from user interactions in a decentralized manner, ensur-
ing that private data remains on users’ devices and miti-
gating the risk of data breaches or unauthorized access. 
In conclusion, research efforts surrounding ChatGPT are 
aimed at cultivating a robust and secure conversational 
AI experience that aligns with evolving privacy stand-
ards.

8  Final Thoughts

ChatGPT is an outstanding example of how far AI technol-
ogy has progressed in recent years. Its ability to compre-
hend and synthesise human language has made it a valu-
able tool for a variety of applications. ChatGPT is poised to 
revolutionize the way we engage with technology and each 
other, extending its impact across various domains includ-
ing chatbots, customer support systems, and educational and 
research applications. One of its standout features is its abil-
ity to generate coherent and contextually relevant responses, 
made possible by its sophisticated algorithms. These algo-
rithms enable ChatGPT to ingest extensive datasets and con-
nect seemingly disparate pieces of information. As ChatGPT 
and similar language models progress and enhance their 
learning mechanisms, they are anticipated to tackle more 
complex tasks with greater proficiency.

However, despite the promising advancements, con-
cerns arise regarding the potential drawbacks associated 
with adopting AI language models such as ChatGPT. Chief 
among these concerns is the issue of bias within the training 
data used for these models. Should the data contain any form 
of distortion, such as societal preconceptions or stereotypes, 
there’s a risk that the AI model will learn and perpetuate 
these biases. To mitigate this risk, developers must take 
meticulous care to ensure that the training data is diverse, 
representative, and free from bias. Another significant con-
cern revolves around the potential impact of AI language 
models on employment. As these technologies continue to 
advance, there’s a possibility that they may replace human 
labor in various roles, such as customer support or data 
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entry. This could lead to job losses and economic instability, 
particularly among individuals with lower skill levels. It’s 
imperative for policymakers and corporations to collaborate 
in ensuring that the benefits of AI technology are distributed 
fairly and equitably across society.
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cil of Thailand (NRCT), Project no. N42A660902.
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