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Abstract. Pretrained Large Language Models (LLMs) have achieved
remarkable success across diverse domains, with education and research
emerging as particularly impactful areas. Among current state-of-the-
art LLMs, ChatGPT and DeepSeek exhibit strong capabilities in math-
ematics, science, medicine, literature, and programming. In this study,
we present a comprehensive evaluation of these two LLMs through back-
ground technology analysis, empirical experiments, and a real-world user
survey. The evaluation explores trade-offs among model accuracy, com-
putational efficiency, and user experience in educational and research af-
fairs. We benchmarked these LLMs performance in text generation, pro-
gramming, and specialized problem-solving. Experimental results show
that ChatGPT excels in general language understanding and text gen-
eration, while DeepSeek demonstrates superior performance in program-
ming tasks due to its efficiency- focused design. Moreover, both models
deliver medically accurate diagnostic outputs and effectively solve com-
plex mathematical problems. Complementing these quantitative findings,
a survey of students, educators, and researchers highlights the practical
benefits and limitations of these models, offering deeper insights into
their role in advancing education and research.

Keywords: LLM · Education and Research · STEM Education · AI for
Code · User Survey.

1 Introduction

Natural Language Processing (NLP) has rapidly evolved into one of the most
influential areas of artificial intelligence (AI), driving progress in applications
such as speech recognition, named entity recognition, machine translation, ques-
tion answering, text summarization, and program code generation. Early ad-
vances were shaped by recurrent neural networks (RNNs), whose sequential
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structure enabled them to capture dependencies across tokens. Variants such
as long short-term memory (LSTM) and gated recurrent units (GRU) [24] al-
leviated the vanishing gradient problem and improved context modeling. Nev-
ertheless, RNN-based architectures struggled to scale to extremely long-range
dependencies [25], leading to inefficiencies in training and difficulty in modeling
global semantic relationships. The emergence of the Transformer [21] architec-
ture marked a paradigm shift in NLP by overcoming the fundamental limitations
of RNNs. Transformers utilize a self-attention mechanism that enables efficient
modeling of dependencies across all tokens in a sequence, regardless of their
positional distance [31]. This breakthrough became the foundation of modern
large language models (LLMs), enabling unprecedented fluency and contextual
reasoning in text generation.

The development of ChatGPT by OpenAI, launched in 2022, marks a sig-
nificant milestone in the evolution of LLMs. Initially based on the GPT-3 ar-
chitecture and later enhanced with GPT-4, ChatGPT employs a combination
of supervised fine-tuning, reward modeling, and reinforcement learning from hu-
man feedback (RLHF) [23]. This training approach was developed to address
the unpredictable and undesirable outputs common in earlier models, includ-
ing responses that lacked coherence, contained harmful or biased language, or
presented inaccurate information [11]. By integrating human feedback into its
learning process, ChatGPT effectively improved the safety, reliability, and con-
textual coherence of its responses. Since its release, ChatGPT has become a
widely adopted conversational AI capable of generating fluent, human-like dia-
logue across an extensive range of topics and applications.

In contrast, DeepSeek emerges in the NLP domain with a specific emphasis
on knowledge retrieval, semantic search, and structured question answering. Ini-
tially introduced as an effort to design efficient yet powerful Transformer-based
models and employs a mixture-of-experts (MoE) architecture that dynamically
activates specialized sub-models for different tasks, reducing redundant compu-
tations and improving scalability [20]. This design not only lowers the hardware
requirements compared to conventional large-scale models but also enhances effi-
ciency in training and inference. DeepSeek focuses on precise and context-aware
information retrieval and is well-suited for domain-specific applications that re-
quire accuracy and efficient access to relevant data [22]. Furthermore, DeepSeek
leverages advanced techniques such as reinforcement learning to automate and
refine human feedback and achieves competitive performance on complex rea-
soning and mathematical tasks while keeping computational costs significantly
lower than those of larger generalist models.

Although both ChatGPT and DeepSeek are based on Transformer architec-
tures, they are optimized for different objectives. ChatGPT excels in conver-
sational text generation, enabling applications such as creative writing, code
generation, tutoring, and interactive learning, while DeepSeek prioritizes high-
precision knowledge access, making it valuable for research assistance, infor-
mation retrieval, and technical question answering. Together, they complement
each other: ChatGPT provides conversational adaptability, and DeepSeek en-
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sures factual accuracy, offering a combined toolkit for enhancing educational
and research environments. Both models are increasingly applied in education
and research. ChatGPT supports students and educators by generating lecture
materials, presentations, and problem sets, while DeepSeek improves efficiency
in literature reviews, structured knowledge extraction, and specialized query re-
sponses. These technologies highlight both opportunities, including accessibility,
personalization, and efficiency, and risks, such as misinformation, academic dis-
honesty, and over-reliance on AI.

To the best of our knowledge, no comprehensive study has systematically
compared ChatGPT and DeepSeek across the dual dimensions of technical per-
formance and user perception in education and research contexts. Existing evalu-
ations largely focus on single-model case studies or narrowly defined application
domains. This paper addresses that gap by presenting a comprehensive compar-
ative analysis of ChatGPT and DeepSeek. We benchmark their effectiveness in
programming education, research, and academic tasks; complement these results
with a user survey of students, educators, and researchers; and provide a bal-
anced discussion of opportunities, limitations, and strategies for the responsible
integration of LLMs into educational and research ecosystems.

2 Related Work

Recent research highlights the transformative impact of AI-generated content, in-
cluding text, code, images, and mathematical solutions, across disciplines. Mod-
els like ChatGPT and DeepSeek have emerged as key tools, enhancing task effi-
ciency, enabling innovative workflows, and challenging traditional methodologies,
while demonstrating measurable quality through both quantitative metrics and
human evaluation.

LLMs have revolutionized NLP by setting new performance standards across
diverse benchmarks and tasks while demonstrating unprecedented ability to
learn from massive datasets and generate coherent, contextually relevant text
[3], [16]. Their applications span critical domains such as biomedical research,
where models like ChatGPT have shown potential in tasks including named en-
tity recognition and question answering, but they have limitations in accuracy
compared to specialized models such as Med-PaLM [1], [30]. Similarly, DeepSeek-
R1 offers promising capabilities for healthcare applications through efficient and
interpretable reasoning but faces challenges related to input limitations and eth-
ical considerations [34], [33]. In educational contexts, concerns about the im-
pact of LLMs on academic integrity and learning practices have been raised,
with research advocating for detection methods and stronger safeguards against
misuse [4], [28]. Furthermore, efforts to enhance LLM training through data
augmentation techniques such as AugGPT have shown improvements in model
performance with limited data [6], while evaluations of ChatGPT in text sum-
marization reveal competitive results relative to fine-tuned models and highlight
both its capabilities and differences from human-generated content [32].
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Recent studies have demonstrated notable success of LLMs in code struc-
ture building, repair, classification, generation, and summarization. For instance,
Siam et al. [29] evaluated top AI coding assistants such as ChatGPT, Gemini,
AlphaCode, and Copilot and highlighted their progress across multiple program-
ming languages while stressing the need for improved reliability and ethical use.
Liu et al. [14] analyzed over 4,000 ChatGPT-generated programs and revealed
both the potential and limitations of AI-driven code generation, including no-
table improvements through self-repair capabilities. Zhu et al. [35] introduced
DeepSeek-Coder-V2, an open-source MoE code language model that matches
or surpasses GPT4-Turbo in coding, reasoning, and math tasks, supporting 338
programming languages with extended context length. Complementarily, Lu et
al. [15] presented DeepSeek-VL, a vision-language model capable of processing
high-resolution images for real-world tasks while maintaining strong language
understanding. Additionally, Jalil et al. [9] found ChatGPT generated correct
or partially correct answers for about 44% of software testing questions and
demonstrated its practical utility albeit with some limitations.

Furthermore, LLMs have been applied to mathematical methods, engineering
calculations and questionnaire generation; however, challenges remain in gener-
ating novel mathematical equations and solving complex problems [7], [10], [19].
Recent advancements highlight how generative AI tools powered by LLMs are
transforming education, particularly in STEM fields. Riley et al. [26] demon-
strated ChatGPT’s effectiveness in supporting personalized STEM learning by
solving simultaneous equations, while Koceski [12] showed its capability in ac-
curately solving ordinary differential equations, with performance depending on
problem complexity and prompt clarity. Oh et al. [17] found that structured,
step-by-step prompting enabled ChatGPT to correctly solve quadratic problems
91% of the time and enhanced its potential as a personalized learning tool.
Additionally, Chew [2] introduced the Peter Chew Method and enabled AI to
overcome traditional limitations by directly using roots of quadratic equations
beyond conventional approaches. In comparative studies, Jahin et al. [8] reported
that DeepSeek-R1 outperformed other LLMs in mathematical reasoning bench-
marks, with Gemini 2.0 Flash noted for speed, while [27] revealed DeepSeek-R1’s
superior algebraic manipulation over ChatGPT on complex theoretical physics
problems, although both struggled without visual inputs and required external
tools for full computation.

3 Background Technology Analysis

This section provides an overview of the technological foundations of ChatGPT
and DeepSeek, focusing on their evolution, architectural design, computational
costs, operational mechanisms, and performance characteristics. Table 1 summa-
rizes key distinctions between the two models, highlighting their core architec-
tures, primary objectives, training data emphasis, domain-specific advantages
in coding and mathematics, as well as their accessibility through deployment
platforms and API support.
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Table 1: Comparison of ChatGPT and DeepSeek across key technological dimen-
sions.
Aspect ChatGPT DeepSeek
Core Architecture GPT-based Transformer Customized Transformer (MoE)
Primary Objective Conversational Generation Structured Reasoning
Training Data Focus Broad Web-scale Text Code- and Math-intensive Corpora
Key Strength Fluency and Accuracy Logical Reasoning and Efficiency
Domain Advantage General-purpose + Coding Support Strong in Coding and Mathematics
Deployment Cloud-based, API Access Limited; On-premises Options

3.1 ChatGPT

ChatGPT, developed by OpenAI, represents one of the most widely adopted im-
plementations of the Generative Pre-trained Transformer (GPT) family of LLMs.
The model’s evolution has been marked by progressively larger and more capable
variants: GPT-2 (2019) demonstrated fluent text generation at scale, while GPT-
3 (2020) introduced 175 billion parameters and exhibited emergent few-shot and
zero-shot learning capabilities. ChatGPT, introduced in late 2022, builds upon
GPT-3.5 and later GPT-4, integrating advances in alignment and controllability.
A critical development is its training via RLHF [18], where supervised fine-tuning
on curated datasets is augmented with reward models trained from human pref-
erence annotations. It mitigates the issues of incoherence, factual inaccuracy,
and unsafe outputs that earlier LLMs frequently exhibited. Technically, Chat-
GPT processes an input sequence X = {x1, x2, x3, · · · , xn} by embedding to-
kens into high-dimensional vectors, which are then transformed through stacked
layers of self-attention and feed-forward networks. The model predicts the con-
ditional probability of the next token as: P (xt|x<t; θ) = softmax(Wht), where
ht is the contextual representation derived from multi-head attention and W
is the output projection matrix. From an operational standpoint, ChatGPT’s
training leverages large-scale distributed computing with billions of parameters
optimized across massive internet-scale corpora. Beyond conversational dialogue,
ChatGPT has demonstrated utility in educational content generation, program-
ming assistance, scientific summarization, and creative writing

3.2 DeepSeek

DeepSeek represents a new class of efficient reasoning-focused large language
models designed to balance performance with computational scalability. Its ar-
chitecture integrates a MoE framework with Reinforcement Learning (RL), en-
abling competitive accuracy on mathematics, science, and coding benchmarks
while substantially lowering training and inference costs compared to dense
LLMs [5,13]. DeepSeek uniquely employs a transparent chain-of-thought (CoT)
process, performing step-by-step logical reasoning before answering. The model
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evolved from DeepSeek-V1 (67B parameters, Jan 2024) to V2 (236B parame-
ters, Jun 2024), which introduced multi-headed laden attention and MoE for
efficiency, and then to V3 (671B parameters, Dec 2024), integrating RL and ad-
vanced GPU load balancing. To further enhance scalability, DeepSeek employs
knowledge distillation techniques, producing compact variants such as DeepSeek-
R1-Zero, which transfer reasoning capabilities from larger models to smaller,
resource-efficient versions. This strategy facilitates broad deployment in envi-
ronments with limited hardware resources, without significant loss in accuracy
or reasoning depth.

4 Experimental and User Survey Results

In this section, we present a comparative evaluation of ChatGPT, DeepSeek,
and human-generated content across multiple domains. The experiments com-
bine quantitative benchmarks with expert validation, followed by a user survey
designed to capture perceptions of model effectiveness, challenges, and quality
trade-offs.

4.1 Academic and Research Affairs

Generative AI (GAI) has demonstrated strong capabilities across a wide range of
STEM and applied domains. To systematically evaluate ChatGPT and DeepSeek,
we designed task-specific experiments spanning mathematics, NLP, scientific rea-
soning, medical applications, and programming. Mathematics. Both models
were tasked with solving a classical Fourier series expansion problem. ChatGPT
and DeepSeek independently generated step-by-step solutions, which were subse-
quently reviewed by subject-matter experts. Both models produced mathemati-
cally valid and complete derivations, demonstrating reliability in calculus-based
tasks. Language Tasks. In NLP, both ChatGPT and DeepSeek performed con-
sistently well in grammar correction, paraphrasing, and abstractive summariza-
tion. Their outputs were judged against human-written references and evaluated
using metrics such as ROUGE and BLEU. Scientific Problem Solving. In
physics, chemistry, and biology, both LLMs were tested on structured problem
sets. A chemistry expert validated that both models achieved 100% correctness
on the tested problems, demonstrating their utility in domain-specific reasoning
when clear prompts are provided. Medical Applications. Both models were
further evaluated on diagnostic and reporting tasks. On average, they achieved
approximately 90% accuracy when benchmarked against gold-standard clinical
references. Programming. We evaluated ChatGPT and DeepSeek on a cu-
rated set of Codeforces problems spanning difficulty ratings from 800 to 2200
(Table 2). ChatGPT solved most problems successfully but occasionally failed
due to wrong answers (WA), time limit exceeded (TLE), or compile errors (CE).
DeepSeek, by contrast, achieved a perfect success rate across all evaluated prob-
lems. To quantify output quality, AI-generated solutions were compared with
human solutions using ROUGE-L, BELU, and BERTScore metrics. DeepSeek’s
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code solutions aligned most closely with human baselines, achieving the highest
ROUGE-L (0.55), BLEU (0.51), and BERTScore (0.84) on the 800-rated task,
with strong results maintained on higher-rated problems (900 and 1300). These
findings collectively underscore the versatility of LLMs. ChatGPT demonstrates
strengths in fluency, creativity, and user-centric explanation, while DeepSeek
excels in structured reasoning, computational efficiency, and programming relia-
bility. They highlight the potential of complementary integration for education,
research, and technical domains.

Table 2: Performance comparison of ChatGPT and DeepSeek on Codeforces
programming problems of varying difficulty levels.

Problem
ChatGPT DeepSeek

Success Fail BLEU BERT Success Fail BLEU BERT

Problem-A 5 0 0.34 0.77 5 0 0.51 0.84

Problem B 5 0 0.18 0.71 5 0 0.33 0.79

Problem C 4 1(WA) 0.12 0.71 5 0 0.16 0.78

Problem D 4 1(CE) 0.27 0.77 5 0 0.25 0.81

Problem E 3 2(WA,
TLE)

0.10 0.72 5 0 0.23 0.73

Problem F 5 0 0.23 0.77 5 0 0.33 0.81

Problem G 5 0 0.14 0.72 5 0 0.18 0.73

Note: The difficulty levels of Problems A–G are 800, 900, 1200, 1300, 1500, 1700,
and 2200, respectively. WA = Wrong Answer, TLE = Time Limit Exceeded, CE
= Compile Error.

4.2 User Survey

Fig. 1: Survey participants by academic
background

To complement the experimental eval-
uation, we conducted a user survey
designed to assess how GAI tech-
nologies support core domains such
as education, research, programming,
and practical applications. The survey
sought to capture perceived strengths,
limitations, and expectations from
a diverse set of stakeholders, in-
cluding students, faculty members,
researchers, and professionals. Key
themes included participant demo-
graphics, familiarity with GAI tools,

https://codeforces.com/problemset/problem/2072/A
https://codeforces.com/problemset/problem/2072/B
https://codeforces.com/problemset/problem/2072/C
https://codeforces.com/problemset/problem/2072/D
https://codeforces.com/problemset/problem/2072/E
https://codeforces.com/problemset/problem/2072/F
https://codeforces.com/problemset/problem/2072/G
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frequency and context of usage, perceived effectiveness in teaching and learning,
boundaries of AI support, and satisfaction with specific functionalities.

Of the respondents, 66.7% were undergraduate students, 8.3% postgradu-
ate, and 8.3% doctoral candidates, while the remaining participants represented
academic staff across various ranks (Lecturer, Assistant Professor, Associate
Professor, and Full Professor) as well as independent researchers (Figure 1).
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Fig. 2: Familiarity and usage frequency
of GAI tools

In terms of disciplinary distribu-
tion, 79.2% of respondents were from
Computer Science and Engineering,
8.3% from AI, and another 8.3%
from Science-related fields such as
Mathematics, Physics, and Statistics.
The remaining participants repre-
sented diverse areas including Health,
Business, Medicine, and Agriculture.
All participants reported familiarity
with ChatGPT, while 58.3% were
also acquainted with DeepSeek (Fig-
ure 2). Moreover, over 95% of re-
spondents had used GAI tools for at
least six months, with usage span-
ning up to two years. Among these,
87.5% reported daily interaction with
ChatGPT, compared to 20.8% for
DeepSeek.

The survey was structured in two parts. The first part included multiple-
choice questions designed to capture participants’ current use of GAI technolo-
gies and their corresponding ratings. The second part comprised open-ended
questions aimed at collecting qualitative insights into the strengths, challenges,
and future prospects of GAI.

Table 3: Comparison of ChatGPT and DeepSeek based on the highest ratings
and largest participant share for each aspect.

Aspect ChatGPT DeepSeek
Best Rating Max Participants(%) Best Rating Max Participants(%)

Response Accuracy 4 45.8 3 45.8
Relevance to Education 4 58.3 4 37.5

Helpful in Research 4 41.7 3 33.30
Lecture Preparation 4 36.40 3 45.50
Creative Response 4 41.70 3 45.8

Coding 4 41.70 4 50.00
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Table 3 summarizes user evaluations of ChatGPT and DeepSeek across six
key aspects relevant to education and research. Participants rated each aspect
on a 1–5 scale. For each aspect, we highlight the most frequently selected rat-
ing and the percentage of participants who endorsed it. ChatGPT received its
strongest rating in Response Accuracy, with 45.8% of respondents assigning a
rate of 4, while DeepSeek’s highest concentration in this category was at rating
3, also with 45.8%. In terms of Relevance to Education, ChatGPT was rated
4 by 58.3% of participants, compared to 37.5% for DeepSeek. Similarly, in the
Helpfulness in Research aspect, 41.7% of respondents gave ChatGPT a rating
of 4, whereas 33.3% rated DeepSeek at 3. For Lecture Preparation and Creative
Response, ChatGPT again scored higher (rating 4) than DeepSeek (rating 3).
Interestingly, the trend reversed in the Coding aspect, where 50.0% of partici-
pants rated DeepSeek at 4, surpassing ChatGPT’s 41.7%. Overall, these findings
suggest that ChatGPT is perceived as more accurate, creative, and education-
ally relevant, while DeepSeek demonstrates relative strengths in coding support
and certain lecture preparation tasks. Figure 3 provides a visual comparison of
ratings and participant distributions for each aspect.
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Fig. 3: Comparison of participant ratings across multiple aspects of ChatGPT
and DeepSeek.

To further assess the practical utility of LLMs, participants were asked:
“Which tool do you find more helpful for the following tasks?” Figure 4 summa-
rizes responses across five representative academic activities. For Writing and
Proofreading Assignments, the majority of respondents (17) favored Chat-
GPT, citing its effective phrasing suggestions and grammar correction. By con-
trast, only 3 preferred DeepSeek, largely for its search-oriented support, while 4
indicated that both tools were equally useful. In Coding Help and Debugging,
ChatGPT again led with 12 votes, appreciated for its ability to interpret and
explain error messages. DeepSeek received 3 votes for code snippet retrieval,
whereas 9 participants considered both tools equally effective. When evaluating
Preparing Lectures and Teaching Slides, 13 participants highlighted Chat-
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Fig. 4: Participants’ perceptions of ChatGPT versus DeepSeek in five academic
tasks

GPT’s slide-ready summaries as particularly helpful, compared to 2 who pre-
ferred DeepSeek. Interestingly, 8 respondents indicated that both tools produced
the best results, while 1 found neither helpful. The widest gap was observed in
Literature Summarization: 18 participants favored ChatGPT for its concise
synthesis of research articles, compared to just 1 for DeepSeek and 5 for both. Fi-
nally, in Generating Research Ideas, 14 participants emphasized ChatGPT’s
creativity, none selected DeepSeek alone, 9 recognized both tools as equally use-
ful, and 1 found neither beneficial. Overall, these findings indicate ChatGPT’s
dominant perceived utility across writing, coding, teaching, summarization, and
ideation tasks.

Fig. 5: Participants’ perceived reliability
of ChatGPT and DeepSeek for educa-
tion and research.

Figure 5 illustrates participants’
perceptions of platform reliability in
education and research contexts.
A majority of respondents (58.3%)
identified ChatGPT as the most re-
liable tool. Nearly one-third (29.2%)
emphasized that reliability is task-
dependent, suggesting that different
platforms may excel in different con-
texts. A smaller share (8.3%) rated
both tools equally, while 4.2% con-
sidered DeepSeek the most reliable
option. Notably, none of the respon-
dents selected Neither. These find-
ings highlight ChatGPT’s strong reputation for reliability, while also underscor-
ing that a meaningful proportion of users value the situational strengths of each
platform.

Finally, an open-ended survey revealed key themes regarding the strengths,
limitations, and prospects of ChatGPT and DeepSeek. Regarding the strengths
of ChatGPT, participants consistently emphasized its versatility, fluency, and
speed. Users described it as a “powerful AI tool, helpful for studies and any
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query” and praised its “early and accurate response of any question.” Several
highlighted its reasoning ability, especially after the introduction of the Deep
Research feature, with one noting: “To me, ChatGPT has been the best when it
came to creating a multi-disciplinary research idea.” It was also valued for gener-
ating human-like text, creative content, and programming support. In contrast,
responses on DeepSeek were more mixed, reflecting more limited user experi-
ence. Those familiar with the tool pointed to its technical accuracy, particu-
larly in coding and data analysis, with one participant remarking that “the deep
thought chain, though it takes more time to answer, is high and precise, espe-
cially for code-related issues.” Others emphasized its accessibility, noting that it
“allows users to insert images or documents without requiring any subscription
fee.” Overall, ChatGPT was viewed as a versatile, user-friendly, and general-
purpose assistant, while DeepSeek was recognized for its depth and precision in
specialized technical tasks.

When asked about the limitations of ChatGPT and DeepSeek, participants
reported a range of challenges related to accuracy, usability, and scope. Sev-
eral noted that responses can be unreliable, with one participant cautioning
that “sometimes the answer is made up, in particular for searching papers” and
another adding that both models “failed to include correct references” when ev-
idence was requested. Logical and numerical errors were also common, as re-
spondents observed that “both make mistakes in arithmetic operations” and that
ChatGPT is “very poor for low-level language [and] sometimes makes mistakes
in calculations.” Usability concerns included slower responses during extended
conversations and the tendency to forget context when switching windows, while
others pointed out that “it talks too much; sometimes you would want a short
response.” DeepSeek, in particular, was described as “time consuming” in gener-
ating answers. Broader limitations such as lack of social or emotional intelligence,
difficulty handling less popular questions, and restricted access without premium
features were also cited. Collectively, these comments highlight that while both
tools are powerful, users remain aware of their vulnerabilities in accuracy, effi-
ciency, and contextual understanding.

We also asked, “Do you think these tools will transform education and re-
search in the future? If so, how?”, most participants responded affirmatively,
often noting that the impact is already visible. Several emphasized their role in
enhancing productivity, with one respondent stating that “the research produc-
tivity has already tremendously increased” and another adding that “the future
of education must be combined with AI.” Many highlighted benefits for students,
including immediate access to explanations—“if students get any problem they
can immediately ask it in these tools”—as well as support for generating research
topics and ideas. Others underscored the potential for personalized learning and
more efficient data analysis. At the same time, a few participants expressed cau-
tion, warning that overreliance on AI could diminish critical thinking, as reflected
in the concern that “the more people are getting familiar with them, their own
brain cells are becoming. People are to regret ultimately, no matter whatsoever.”
Overall, the consensus suggests that generative AI is widely expected to play a
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transformative role in education and research, though its long-term impact will
depend on addressing current weaknesses and ensuring responsible use.

5 Conclusion

In this study, we conducted a systematic investigation into the technical foun-
dations, application performances, and user perceptions of two state-of-the-art
GAI models: ChatGPT and DeepSeek. Our research was structured around three
core objectives. First, we performed a detailed comparative analysis of the tech-
nical architectures, capabilities, and design principles underlying ChatGPT and
DeepSeek, highlighting their respective strengths, unique features, and innova-
tions in GAI development. Second, we executed a series of extensive generative
experiments utilizing both models across diverse application domains. The gen-
erated outputs were rigorously validated through assessments by domain-specific
human experts to ensure accuracy, relevance, and practical applicability of the
models responses. Third, we conducted a comprehensive user survey to capture
practical experiences, usability feedback, and satisfaction levels of end-users who
regularly engage with ChatGPT and DeepSeek across various tasks. In addition
to these empirical evaluations, we systematically reviewed and synthesized the
growing body of literature related to ChatGPT and DeepSeek, summarizing
key findings, emerging application trends, and documented challenges associ-
ated with the deployment of GAI systems. Our study contributes to a deeper
understanding of how GAI models are being adopted in real-world settings, pro-
vides insights into their evolving capabilities, and highlights the ongoing need
for responsible development, evaluation, and governance as these technologies
continue to mature and impact society at scale.
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