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Trending Applications of Large Language Models:
A User Perspective Survey

Yiqun Zhang ¥, Senior Member, IEEE, Mingjie Zhao

Abstract—Large language models (LLMs) have revolutionized
industries, learning, and life, becoming an indispensable tool
in daily digital interactions and reshaping how humans access
knowledge and creativity. Despite the ubiquity of LL.Ms, a critical
gap persists between nonartificial intelligence (AI) background
users and overly specialized literature. Most existing LLM sur-
veys mainly provide technical principles, engineering details, and
professional evaluation, rather than conveying intuitive and easy-
to-follow content to serve ordinary users. This article, therefore,
is positioned as a user-centric and jargon-free review for all
learners and practitioners who are curious about LLLMs or intend
to use them. Uniquely structured around organizational (e.g.,
text summarization) and innovative (e.g., content generation)
application scenarios, and the user roles of engineers, designers,
and supervisors, this survey demystifies LLM capabilities through
intuitive taxonomies, case studies, and hands-on evaluations.
Specifically, 18 mainstream LLMs are statistically selected as
representatives to answer the following questions that ordinary
users may be interested in: 1) where do LLMs come from,
what are they, and why are they so smart (Section I); 2)
which application scenarios are suitable for certain LLMs and
why (Section II); 3) how users with different roles use LLMs
(Section III); and 4) what do specific applications of LLMs look
like (Section IV). In addition, readers will gain actionable insights
to choose context-appropriate LLMs, develop an awareness of
prompting, and mitigating potential risks such as hallucinations
and prejudice in using LLMs. This survey is positioned as a
gateway to LLM literacy, aims to bridges the gap between
the cutting-edge LLMs and potential users. This work will
be maintained as a living project to ensure its timeliness and
continued impact in the corresponding rapidly evolving fields.
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Impact Statement—This article presents a user-centric,
jargon-free survey of LLMs, designed for curious learners and
practitioners seeking practical guidance rather than architectural
blueprints. Structured around real-world application scenarios
and user roles, this survey demystifies LLMs through intuitive
taxonomies and comparative evaluations. It features actionable
insights that enable readers to select context-appropriate
models, craft effective prompts, and mitigate risks such as
hallucinations. By translating complex concepts into plain
language and providing hands-on demonstrations, this article
can equip users to immediately leverage LLMs for productivity
enhancement, creative tasks, knowledge management, and Al
for science! The article is also envisioned to become the “Missing
Manual” of the general LLM application era, i.e., a living
document that evolves alongside technological advancements
through quarterly updates on emerging models and applications.
The core content of the article will be available as an open
source and continuously updated GitHub project to remain
relevant and cutting-edge.

Index Terms—Applications, large language models (LLMs), liv-
ing Github project, ordinary users, survey and review, taxonomy.

1. INTRODUCTION

ARGE language models (LLMs) are driven by the ad-
Lvancement of artificial intelligence (AI), big data, and
high-performance computing, and have seamlessly integrated
into the digital landscape, profoundly influencing the way peo-
ple interact with their daily lives, learning, and work. LLMs
can effortlessly draft unfamiliar types of documents, help write
code, understand and summarize obscure literature, and realize
high-quality one-click translation, e.g., by the Gemini large
language model which simply uploads a paper and gives a good
translation with the prompt “Translate the entire paper into
[target language]”. As efficiency tools, LLMs provide extensive
technical support for users in various domains, and are increas-
ingly embedded in web platforms, industrial software, and Al-
powered virtual assistants [1]. Despite the growing popularity of
LLMs, many users, especially those without a strong computer
science background, may have experienced the following sce-
narios: 1) found that LLMs are developing rapidly, and unable
to join in when others are talking about it, 2) confused by
a bunch of technical details and version numbers of LLMs,
and have no idea which one to choose, and 3) not sure about
the prospects of LLMs, nor whether it is worth spending time
grasping like using the Internet, as shown in the comics in
Fig. 1.

This survey provides an overview of LLMs from user per-
spective, and is intended for potential users of LLMs without a
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Fig. 1. User dilemma concerning LLMs. (Note: This comic is generated by
the LLM GPT-4o0.)

strong Al background and any reader interested in quickly get-
ting closer to LLMs. Unlike most technically oriented surveys
that analyzes theoretical principles, overview model architec-
tures, and evaluate inference performance of LLMs, this article
is driven by conventional application demand and starts from
actual daily scenarios, and mainly answer the following four
questions in an easy-to-understand way:

QI: Where do LLMs come from, what are they, and why
are they so smart? (Sections I)

Which application scenarios are suitable for certain
LLMs and why? (Section II)

Q3: How users with different roles use LLMs? (Section III)

Q4: What do applications of LLMs look like? (Section IV)

For decades, machines could only process language using
hand-crafted rules or basic statistical patterns [2], [3], [4]. These
early approaches were inherently rigid and lacked the flexi-
bility required for nuanced language understanding. A major
change occurred in the late 2010s with the introduction of
new neural network architectures, most notably the transformer
[5], which enabled models to capture contextual relationships
across large-scale text corpora. This development led to the
emergence of powerful models such as BERT [6] and GPT
[71, which demonstrated the ability to comprehend semantics,
generate coherent text, and perform a wide range of tasks with-
out requiring extensive task-specific adaptation. Since then, the
field has witnessed rapid progress. As the network architecture
becomes deeper and the parameter scale becomes larger, the
understanding and reasoning capabilities of models gradually
improved until a qualitative change occurs, evolving into the
contemporary LLMs. They can interpret complex instructions,
maintain multiturn dialogues, and adapt to various topics, lin-
guistic styles, and languages [8], [9]. Some of the latest models
also incorporate multimodal functionalities, enabling them to
intelligently process inputs such as images, audios, and videos
in addition to text.

An evolution map of representative LLMs categorized ac-
cording to two broad application types, i.e., organizational and
innovative, is sorted out in Fig. 2. The organizational scenario
tends to querying information/knowledge bases and structuring
the query results that can be judged as correct or not, while the

Q2:
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innovative scenario involves creatively reasoning about results
or generating novel contents for open-ended queries. Both of
the above task scenarios require LLMs to have intelligence
that conventional language models cannot achieve, but it is
undeniable that creatively generating a better match between
open queries and open feedback by the innovative tasks is more
challenging and is also the more-than-intelligence pursued by
the LLMs in organizational tasks.

The core concepts necessary to intuitively underlie the in-
telligent behavior of LLMs are the model size, Transformer
architecture [5], its training [10], and user prompting [11].
In contrast to earlier language models such as RNN [12] that
sequentially process text, transformers have relatively larger
model sizes and can analyze entire sequences simultaneously.
Larger models contain more neurons and connections, making
the model smarter, such as living organisms with more intri-
cately connected brain cells. On this basis, the architectural
design of transformer allows to capture the relationship between
long-span words in the text. This means the model is better
at understanding the context rather than the literal meaning
of a sentence or short paragraph. As a result, it can produce
smoother and more coherent outputs such as intelligent humans.

Analogous to humans, insightful understanding requires suf-
ficient prior training, and wise answers require precise guidance
and prompts. Most LLMs undergo a training phase [13], [14],
during which they are exposed to massive corpora sourced
from the internet, books, textual repositories, etc. Note that the
models are not explicitly taught specific rules or knowledge.
Instead, they are repeatedly trained to predict the next word in a
sequence, implicitly supervised by grammar, world knowledge,
and common sense. On a large enough model, such training
that takes into account both grammar and knowledge allows the
LLMs to reach emergent intelligence, i.e., acquiring the abilities
to reason and generate. The effective display of these abilities is
inseparable from the reasonable description of the query and the
customization of the feedback, which is the so-called prompting
[11], [15], [16]. A prompt may consist of a question, a textual
instruction, or a set of examples illustrating the desired output.
For example, providing curated text samples allows the model
to mimic a desired style, and prompts requesting evidence-
based answers improve factual accuracy and interpretability.

Despite the impressive capabilities, LLMs are also not ex-
empt from limitations and may even introduce risks including
hallucinations, discrimination, and privacy leakage, which are
further discussed below. Hallucination indicates that LLMs
sometimes generate factually incorrect or misleading outputs
[17]. They may fabricate references, distort historical facts, or
produce answers that seem plausible but are wrong in essence,
which pose risks, particularly in high-stakes domains such
as legal consulting, healthcare guidance, or academic writing.
Discrimination refers to the case that massive training data
containing social biases, stereotypes, racial discrimination, etc.
collected from public sources can make LLMs generate offen-
sive or discriminatory content with ethical concerns [18], [19].
Privacy Leakage means that there may be sensitive information
in the training datasets and retrieval corpus, which may be
reproduced in the output of LLMs, thus leading to privacy and
security risk events [20].
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Fig. 2. Evolution maps of mainstream LLMs from different institutions organized according to the innovative and organizational application scenarios.

To help potential users understand their own needs and
choose a suitable LLM under certain application scenario, this
article focuses on categorization and concise discussions of
LLM application scenarios, intuitive statistical analysis of the
popularity of mainstream LLMs, and demonstrative evaluation
of LLMs in popular and trending applications. Differing from
most existing surveys that pursue the insight of technical prin-
ciples, extensiveness of references, and comprehensiveness of
the evaluation [1], [7], [18], this article focuses on one theme:
Introducing LLMs from the perspective of most ordinary users.
Therefore, specialized LLMs of interest to specific industries
[19], [21], [22], such as private domain big models and vertical
big models [23], [24], [25], are not within the scope of this
survey. Main contributions of this article can be summarized
into fourfold:

1) A scarce user perspective review: The technical capa-
bilities of LLMs and their suitable application scenarios
are combined for the introduction from the ordinary user
perspective. Thus, even without a technical background,
the readers can still easily understand the current ad-
vancements and choose proper LLMs for their own tasks.

2) New taxonomy: Application scenarios are divided into
organizational (e.g., conversation, Q&A, and language
assistance) and innovative (e.g., content generation, rea-
soning, and coding) tasks, which are two stages of intel-
ligent emergence of LLMs. This enables users to better
review their query tasks and the performance of LLMs’
feedback.

3) Interesting demonstration: Various intuitive tests on
mainstream and trending applications are conducted to
illustrate both the capabilities and limitations of LLMs.
The prompts of many presented cases are provided, al-
lowing readers to easily follow, and lowering the thresh-
old for beginners to obtain satisfactory query experience.

4) Sustainability: The key information will be regularly
maintained to keep the survey fresh and ensure that read-
ers can get timely and reliable information of LLMs. The
content including Figs. 2 and 3 and the review of the latest
released LLMs will be updated every quarter or when
there is a major change.'

I'The sources of OpenAl, Google, xAl, Meta, DeepSeek Al, Alibaba, and
Baidu are: https://openai.com//, https://www.google.com.hk/, https://docs.x.
ai/, https://ai.meta.com/get-meta-ai, https://www.deepseek.com/, https://www.
alibaba.com/, and https://www.baidu.com/, respectively.

Evaluation &

Application Conclusion
Demonstration (Section V)
(Section IV) ——
/
,/
& LLMs ’
Tre'nd11'1g From User
Applications Perspective Introduction
from User (Section I)
Perspectives
(Section III) @ e
N p
N )

Taxonomy of LLMs in
Application Scenarios
(Section II)

Innovative
S (Section I11-B)

Organizational
Tasks (Section II-A)

‘! (;eneral(Tonversation)
ChatGPT Gemma Grok l

39 Knowledge Q&A

LLaMA ERNIE Qwen '

Natural Language a
Assistance

Reasoning and
Logical Analysis

DeepSeek QwQ

Content Generation

@

OpenAl
o-series

3

)
.

Doubao

\ Code Generation &
N Programming Assistance

Claude (anub Codestral
Copilot

Kimi

Outline of this survey and the structure of Section II.

Fig. 3.

The organization of the remainder of this article is shown
in Fig. 3: Section II presents a practical taxonomy of LLM
tasks, offering a foundation for understanding their capabilities.
Section III explores trending applications from user perspective,
showing how these models are currently being used by vari-
ous user roles. Section IV demonstrates novel and surprising
application cases, showcasing the creativity and versatility of
LLMs. Finally, Section V concludes the paper with discussions
of the future and limitations of LLMs.

II. TAXONOMY OF LLMS IN APPLICATION SCENARIOS

This section sorts LLMs from two common application sce-
narios, i.e., organizational tasks (Section II-A) and innovative
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Fig. 4. LLMs in typical scenarios: Al4Science accelerator; knowledge
encyclopedia; research object; and life assistant.

tasks (Section II-B), where LLMs can be intuitively understood
as secretaries and directors, respectively. The organizational
tasks mainly emphasize that LLMs extract and sort out the
query results from existing information and knowledge bases,
while in innovative tasks, LLMs creatively reason results or
generate novel content for open-ended queries. Fig. 4 provides
an intuitive demonstration of case-specific LLMs to facilitate
readers with a general impression. Moreover, Section II-C out-
lines the key factors, including task fit, efficiency, domain cov-
erage, and pricing, that should be considered when using LLMs.

A. Organizational Tasks

Organizational tasks refer to those where LLMs are applied
to manage and manipulate information with the goal of en-
hancing users’ productivity. Typical examples include automat-
ing customer service to provide consistent responses and im-
prove efficiency, retrieving domain-specific knowledge to en-
sure accuracy and standardization, translating documents while
maintaining uniform terminology and style, and summarizing
lengthy texts into consistent and concise formats. According
to specific application scenarios, organizational tasks can be
further categorized into general conversation, knowledge Q&A,
and natural language assistance as shown in Table I. Google
search volume (GSV) as of May 2025 is also reported to show
the popularity of different models.

General conversation: The general conversation task re-
quires LLMs to communicate naturally with users, both to
understand the language expression and to maintain coher-
ence and fluency. The model learns human communication pat-
terns through large-scale conversation data and can dynamically
adapt to multiple rounds of conversation, such as smoothly
moving into the discussion of food preferences when recom-
mending a restaurant. This learning process makes the model
suitable not only for casual chatting but also for customer
service and smart assistants, providing more natural and helpful
responses.
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Knowledge Q&A: The knowledge question & answering
(Q&A) task requires LLMs to accurately respond to users’ fac-
tual or domain-specific queries. These models can leverage both
their internal knowledge and external information sources to
enhance accuracy and relevance. For instance, an LLM may re-
trieve up-to-date information from resources such as Wikipedia,
legal codes, or medical literature, rather than relying solely on
its training data. This capability has enabled the widespread
application of knowledge Q&A across fields such as daily in-
formation inquiries, education, healthcare, and legal assistance,
allowing users to quickly access reliable answers without the
need for time-consuming manual searches.

Natural language assistance: The natural language assis-
tance task focuses on using LLMs to process and transform lan-
guage, addressing users’ needs for language understanding and
expression. This encompasses, but is not limited to, tasks such
as text translation, grammar correction, summary generation,
and sentiment analysis. By leveraging these capabilities, LLMs
help users overcome language barriers, improve text quality,
and extract essential information from large volumes of text,
thereby enhancing the efficiency of information acquisition and
communication.

B. Innovative Tasks

Innovative tasks refer to those where LLMs are applied to
foster creativity, demonstrate reasoning ability, and generate
original content. Unlike organizational tasks, there is no single
correct answer or objective standard for judging whether the
answer is correct or not. LLMs are required to exhibit higher
levels of logical and divergent thinking, as well as the capability
to solve complex, open-ended problems. Typical examples in-
clude composing creative writing, generating artistic or musical
works, and proposing innovative solutions to complex scenar-
ios. The LLMs in innovative tasks can be further categorized
into scenarios including reasoning and logical analysis, content
generation, and code generation and programming assistance as
sorted out in Table II.

Reasoning and logical analysis: The reasoning and logical
analysis task requires LLMs to perform structured problem-
solving involving multistep inference, causal reasoning, and
symbolic manipulation [67]. This encompasses applications
such as mathematical theorem proving, legal case analysis,
strategic decision-making, and interpreting complex causal re-
lationships. To accomplish these tasks, LLMs integrate domain-
specific knowledge with formal reasoning frameworks, balanc-
ing precision, and generalizability across diverse problem types.
Specifically, these models need capabilities such as step-by-step
chain of thought (CoT) reasoning, symbolic logic parsing, and
uncertainty quantification [68].

Content generation: The content generation task involves
producing coherent, creative, and contextually appropriate out-
puts across multiple modalities, including narrative writing,
marketing content, and multimedia design [22]. For instance,
generating a fantasy story entails world-building, character
development, and maintaining plot coherence, while crafting
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TABLE I
SUMMARY OF MAINSTREAM LLM MODELS BY ORGANIZATIONAL TASKS
Application Scenarios ‘ Series Name Developer Main Features Latest Version Free or Paid Input Support GSV
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Natural Language N

Assistance ‘ Mistral [42], [43] Mistral Al - Lightweight, optimized for limited resources ﬁﬁ;ﬁlé}déle Free, open-source Text, Image, Audio 27800000
Kimi [45] Moonshot AI - Mooncake [46] architecture for efficient long-context inference Kimi K1.5 Free Text, Image 76300 000

January 2025

Note: Google Search Volume (GSV) before May 2025 is also reported.

TABLE I

SUMMARY OF MAINSTREAM LLM MODELS BY INNOVATIVE TASKS

Application Scenarios | Series Name Developer Main Features Latest Version Free or Paid Input Support Model Popularity
o - Decomposes and solves structured problems OpenAl 03 [48] Paid

‘ OpenAl o-series [47] - OpenAl . Suited for high-complexity tasks April 2025 (some free access) 16X Image 110000000

R and

. - Low inference costs and high controllability DeepSeek-R1-0528 [49] iy S o
Logical Analysis ‘ DeepSeek [18] DeepSeek . Reduced hallucinations May 2025 Free, open-source Text, Image 65600 000
. - Real-time, up-to-date responses QwQ-32B [51] ~ N
‘ QwQ [50] Alibaba Cloud . Including agent-related functions March 2025 Free, open-source Text, Table 249000
h - Handling arbitrary aspect ratios GLM-4.1V-9B-Thinking [53] Free, open-source ' )

‘ GLM [52] Zhipu Al - Supporting both Chinese and English bilingual usage July 2025 Text, Image, Video 15200000

Content Generation . - Initiating thinking processes adaptively based on difficulty ~ Seed1.6 [55] N o
‘ Doubao (Seed) [54] ByteDance . Powerful generalized ability TJune 2025 Free Text, Image 2630000

- Businesses building assistants Embed 4 [59]

‘ C4ALI [56], [57], [58] Cohere Team . o | across 100+ 1 April 2025 Free Text, Image, Table 456 000
‘ Claude [60], [61], [62]  Anthropic . i;ro(nllg‘ pirvforfn‘ancAe Ufér lar_ge-s?z\\l\e development tasks ]\CA]audzeO%)us 4 and Sonnet 4 [63] :’cud + ree access) Text, Image 234000000

Code Generation - Handles diverse programming scenarios ay some free access;

and Programming . - Within integrated development environments GitHub Copilot [64] Paid

Assistance ‘ GitHub Copilot [64] GitHub and OpenAl Iterative refinement based on developer feedback March 2025 (some free access) Text, Image 73200000
. Ve i 2 al 25.

‘ Codestral [65] Mistral Al Supports over 80 programming languages Codestral 25.01 [66] Free Text 20400

- Fast and intelligent code generation and completion

January 2025

Note: Google Search Volume (GSV) before May 2025 is also reported.

an advertisement requires brand-aligned tone, persuasive lan-
guage, and a high level of aesthetics [69].

Code generation and programming assistance: The category
of code generation and programming assistance encompasses
LLM-driven automation of software development workflows,
including code synthesis, debugging, and documentation gen-
eration [19]. Effective models in this task must demonstrate
mastery of syntax-semantics alignment, such as generating id-
iomatic code in a target language, and context-aware problem-
solving, such as refactoring code while preserving functionality.
Key technical requirements include abstract syntax tree (AST)
parsing, test-case-based validation, and cross-language transfer-
ability.

C. Considerations for Using Large Language Models

It is almost impossible to identify a universally superior
LLM. Each model, even each version, has their own merits
in terms of task relevance, resource availability, and user con-
straints. The key factors users may need to consider when
working with LLMs are summarized into four-fold:

1) Model-task matching: Since LLMs vary in their strengths,
the users should begin by identifying what the task primarily
demands, which is discussed in Sections II-A and II-B.

2) Performance-efficiency trade-off: Higher-performing
models often require greater computational resources, incur
longer response times. Lightweight or quantized models,
though sometimes less capable in complex tasks, offer better
latency and energy efficiency.

3) Language and domain coverage: Performance differs by
language, dialect, and topic area. Models pretrained or adapted
for the target domain usually offer advantages.

4) Pricing and access tiers: LLMs are offered under varied
pricing models. High-end capabilities may only be available in
premium versions. The trade-off between budget and capabili-
ties is often an unavoidable consideration.

III. TRENDING APPLICATIONS FROM USER PERSPECTIVES

This section discusses the main applications of LLM from
the perspectives of engineers, designers, and supervisors, so
that readers can easily follow by immersing themselves in the
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TABLE III
A DECISION TABLE GUIDING USERS TO SELECT SUITABLE LLMS BASED
ON THEIR ROLES AND TASKS

Roles | Task Needs | Recommended Models
Planning and Scheduling ChatGPT, Gemini
Summarization and Research Qwen, ERNIE, ChatGPT
Decision-Making Support OpenAl o-series, DeepSeek

Engineer Code Development GitHub Copilot, Claude, Codestral
Document Analysis and Generation GLM, Doubao, C4AI
Automated Test Scripts GitHub Copilot, Codestral
Daily Inspiration ChatGPT, GLM
Creative Content Generation GLM, Doubao, C4AI
Personal Design Assistant Gemini

Designer Interactive Creative Tutor ChatGPT
Design Process Support ChatGPT, Claude
Al for Science OpenAl o-series, DeepSeek
Design Process Support ChatGPT, Gemini,Qwen
Human-AI Collaboration ChatGPT, DeepSeck ,Doubao
Text Inspector ChatGPT, LLaMA
Program Monitoring DeepSeek, ERNIE
AIGC Detection GPTZero

Supervisor | Code Debugging Assistant Claude, GitHub Copilot
Copyright Protection ERNIE
Augment Expert Review Claude, ChatGPT

Note: AI for Science (AI4S) is emphasized as a specific task under the
designer role. Since LLMs also directly or indirectly contribute to AI4S-
relevant applications under the other two user roles, the corresponding tasks
that are highly related to AI4S are annotated with the AI4S mark “&”.

corresponding roles they play when using LLMs. Among the
three roles mentioned above, engineers are like graduate stu-
dents in their starting stage who need to do a lot of searching,
reading, and summarizing to build a knowledge system. Only
then can they produce innovative outputs as designers. In the
process, their supervisors pay attention to whether they make
mistakes and help correct them. Readers seeking immediate
guidance’ may first consult Table III before diving into the
detailed discussions below. Additionally, Al for science (AI4S)
is emphasized in the designer, as applications of various user
roles also directly or indirectly contribute to it, we mark them
with the AI4S icon in the table.

A. Engineer Perspective

The emergence of LLMs provides possible solutions for
tasks that demand patience and verifiable results, extending the
commonly used Internet-based information retrieval to more
sophisticated applications. This section explores the current
and potential applications of LLMs from the perspective of
the engineer, as illustrated in Fig. 5, highlighting how current
LLMs can optimize workflows, enhance productivity, and foster
innovation for general users and industry professionals.

1) Engineer Perspective Applications for General Users:
This part outlines two popular and one emerging applications
of LLMs tailored for general users who adopt an “engineer”
mindset in their daily lives, including planning, summarization,
and decision-making. The role of users can be summarized as
an example of graduate students. In the beginning, the graduate

This guidance is not exhaustive, and will be updated regularly at https://
github.com/ZMIJ-lucky/Guideline-Table to ensure it remains up-to-date.
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students are responsible for searching, reading, and summariz-
ing academic papers. This helps them build their own knowl-
edge systems, similar to the role of an engineer.

Planning: One widespread application for general users is
using LLMs to help plan and organize personal activities, es-
sentially acting as a digital assistant for one’s daily life or small
projects. For example, using ChatGPT to plan travel itineraries,
schedule events, or manage to-do lists. Users can prompt: “Plan
a 5-day itinerary for a trip to Rome with two kids, focusing
on historical sights and one day at the beach,” then LLM will
propose a day-by-day schedule complete with attractions and
tips. It can account for flights, hotel check-ins, sightseeing
times, etc., much like a human travel agent would. Similarly,
for event planning like a birthday party or a community meetup,
a general user can ask the LLM to generate a checklist of
things to prepare, a schedule for the day, or even wording for
invitations.

Summarization: LLMs are also able to function as person-
alized experts for summarizing and researching, e.g., summa-
rizing news articles, book chapters, product reviews, or any
lengthy text they encounter, for saving time and extracting
key points. Similarly, students can use LLMs to get hints for
homework or to clarify concepts from class. These approaches
are effective, as an LLM can produce an outline or bullet-point
summary capturing core ideas, which the user can then trust as
a fair representation. In summary, employing LLMs to quickly
digest and oversee large text sources can help individuals make
informed decisions or gain knowledge without laborious man-
ual reading.

Decision-making: One underexplored yet intriguing appli-
cation is using LLMs to support complex personal decision-
making in a way similar to how business managers use Al for
strategic insight. In the professional realm, CEOs use ChatGPT
for tasks such as competitive analysis and knowledge gap iden-
tification [70]. A parallel for general users would be deploying
LLMs to analyze major personal decisions, e.g., career moves,
financial investments, or significant purchases, by synthesizing
information and evaluating options objectively. Specifically, as-
suming a user wants to relocate to a different city for a new job.
By prompting, “Help consider the factors in moving from New
York to Denver for work. What am I potentially overlooking,”
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LLMs could help comprehensively evaluate risks and stimulate
potential events accordingly.

2) Engineer Perspective Applications for Industry Profes-
sionals: Moving beyond general users, LLMs are also pro-
foundly impacting various industry professionals, enhancing
their engineering and problem-solving capabilities. Two popu-
lar and one emerging applications of LLMs among the potential
professional engineers are discussed below, including acceler-
ating coding development, document analysis and generation,
and automated test scripts.

Accelerating code development: In professional software
engineering, LLLMs have rapidly become common assistants to
boost productivity. Developers use Al coding assistants, e.g.,
GitHub Copilot [64], to generate boilerplate code, suggest im-
plementations, and even write documentation. Routine code
that would normally take time to write, such as input parsing,
API client code, can be produced by the Al in seconds. This
significantly reduces mental effort on repetitive work. Accord-
ing to surveys conducted by GitHub [71], 73% of developers
reported that Copilot helped them maintain their workflow and
avoid tedious coding tasks. By utilizing Al, not only does cod-
ing become faster, but the quality of the code can also improve.
Al can introduce standard patterns and help identify edge cases
that a human developer might overlook.

Document analysis and generation: LLMs can also facilitate
data analysis and the extraction of key engineering information.
They can assist in identifying connections between different
findings and generating insights from technical documents,
helping engineers stay informed about the latest advancements
and potential solutions in their fields. Meanwhile, the genera-
tion of technical documentation, reports, and summarizations
is a time-consuming but crucial aspect of engineering projects,
and LLMs can automate these tasks from various sources [72],
saving engineers valuable time. These abilities of LLMs make
data analysis and document writing more accessible through
natural language interaction and empower a wider range of
engineers to finish repetitive work, even lacking specialized ex-
pertise in certain areas. Looking ahead, LLMs offer potential for
professionals as they can significantly enhance the productivity
of engineers.

Automated test scripts: LLMs can be employed in the de-
velopment of automated test scripts for various engineering
applications. Based on natural language instructions, LLMs can
generate test scripts in different programming languages and
automation frameworks, including Selenium and Playwright.
This can significantly reduce the effort typically required to au-
tomate testing procedures for diverse engineering applications,
freeing up engineers and testers to focus on more complex and
exploratory testing activities. By enabling the generation of test
scripts through natural language, LLMs can not only help those
small start-up enterprises with limited funds to reduce their
financial burden, but also lower the barrier to test automation,
making it more accessible to engineers with varying levels of
experience in specific automation tools. What used to require
hiring ten or eight college students to handle can now be ac-
complished with just 200 per month for GPT 40 Pro or even 20
per month for GPT 4o Plus.
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3) Section Summary: This section presents some popular
and potential applications of LLMs from the perspective of
engineers, considering both general users and professionals.
The discussion is composed of current popular applications and
explores potential future applications. With advancements in Al
research, LLMs are now capable of handling not only simple
and repetitive tasks but also creative tasks that many previously
considered unimaginable, which will be further elaborated in
the next section.

B. Designer Perspective

Designer generally represents all those who engage in cre-
ative, conceptual, and innovative design, and are typically the
visionaries who imagine some unforeseen aspects, as shown
in Fig. 6. Specifically, marketers, researchers, brand strategists,
also ordinary users who generate new exciting ideas in their
daily lives, can play the role of a designer.

1) Designer  Perspective  Applications for General
Users: This part discusses two existing popular and two
promising uses of LLMs from the perspective of general
designers, including a daily inspiration provider, creative
content generation, personal design assistants, and interactive
creative tutors.

Duaily inspiration provider: In daily personal life, LLMs
can be used to overcome creative blocks and brainstorm ideas,
e.g., customizing hobbies, events, party themes, decoration con-
cepts, and poems for individuals or specific situations according
to the requirements. In fact, a report in ELON University [73]
shows 66% of LLM users have tried using Al for lifestyle or
hobby planning, and 59% for designing creative “creation.” For
example, in the morning, users can ask AI about any novel
plans for a day off, starting a completely unknown adventure.
Moreover, by using LLMs as a daily assistant, you can find
innovative ideas with efficiency when writing a novel, blog, or
filming TikTok and YouTube. Globally, such usage is increas-
ingly common as a means to jump-start the creative process
with Al-generated suggestions, demonstrating a current trend
of LLMs as brainstorming assistants for all kinds of users.

Creative content generation: Many general users use LLMs
as creative partners for writing and storytelling. For example,
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hobbyist writers employ ChatGPT to draft short stories, poems,
or social media posts, often finding the AI’s output impressively
imaginative. One parent described using ChatGPT to instantly
generate bedtime stories for their child, noting that in “10 s,
it generated a short story which was significantly better than
anything I could have come up with on the spot” [74]. This
highlights how people can produce engaging narratives or per-
sonalized content with the help of Al, which serves as an on-
demand creative partner, capable of crafting narratives from
user prompts. Looking forward, LLMs hold great promise for
general users as their capabilities in creative design continue to
evolve.

Personal design assistants: A promising emerging use is
LLM-powered design coaching for personal projects in do-
mains such as home improvement, art crafting, and personalized
life planning. Recent applications illustrate this potential. For
example, Planner 5-D introduced “Bernard,” marketed as the
first Al interior design assistant [75]. Bernard can guide users
through home renovation questions, offering friendly, tailored
advice on tasks such as drilling into tile, choosing paint col-
ors, or adding furniture. This kind of LLM integration can
democratize design expertise, enabling hobbyists to receive
professional-grade recommendations conversationally. While
still nascent due to its limited platform, it demonstrates that
Al assistants for personal design and creative endeavors are on
the horizon. In the future, LLMs may serve as these lifelong
learning companions by dynamically constructing personalized
knowledge trees that evolve in alignment with users’ interests.

Interactive creative tutors: Another underutilized application
is using LLMs as an interactive tutor for creative skills. An
Al-based text game, e.g., Al Dungeon [76], has shown that
LLMs can act as a dynamic storyteller, generating open-ended
adventure narratives in response to user input. This shows a
future where general users engage with LLMs in role-playing
scenarios or collaborative fiction writing, effectively cocreating
stories in real-time with an Al. In addition to entertainment,
LLMs could serve as personal creative coaches, e.g., asking
LLMs to generate the description of a new species in a fiction
based on the characteristics offered by users. As LLM capa-
bilities advance, they may better emulate an editor or mentor,
giving amateur designers and writers affordable guidance. In
sum, the interactive and personalized use of LLMs for creative
growth and rich storytelling represents a realistic next step,
expanding how general users can engage with Al beyond static
content generation.

2) Designer Perspective Applications for Domain Experts:
Similar to the part for general users, this part will first highlight
common mainstream uses of LLMs and then explore poten-
tial applications from the perspective of an expert designer.
As LLMs have shown great potential to support users across
diverse fields, developing innovative application areas of LLMs
can significantly enhance user experiences and productivity in
many real-world scenarios. This part will discuss two popular
application areas and one potential application, including Al for
science, design process support, and human—AlI collaboration,
respectively.
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Al for science (AI4S): By automating hypothesis gener-
ation and experimental design, LLMs can contribute signifi-
cantly to scientific advancements, especially in areas like ma-
terials science [77], genomics [78], [79], and drug discovery
[80]. By integrating domain-specific knowledge with gener-
ative reasoning, these models can suggest novel hypotheses
and optimize experimental parameters [81]. Furthermore, creat-
ing cross-disciplinary knowledge graphs can foster innovation
by linking fragmented insights across diverse fields, thereby
enabling the discovery of previously overlooked correlations.
Additionally, dynamic paper review systems powered by LLMs
can continuously track research frontiers, e.g., the Al-assisted
peer-review process in the Al conference meeting, called AAAI
2026 [82], for providing additional information, medicine re-
search [23], [83], and healthcare [84]. LLMs achieve this by
training on numerous research resources and fine-tuning to
optimize the style of responses. After that, users can obtain
the answer by simply asking questions like a student. Mean-
while, LLMs can also provide real-time knowledge updates [85]
through searching the whole internet.

Design process support: Beyond science, professionals use
LLMs to support various phases of the design process. A de-
signer can feed a transcript of user interviews into an LLM and
receive a concise summary of pain points and feature requests,
which can then inform design decisions. A case study by a user
experience (UX) designer [86], [87] showed LLMs being used
to parse a product requirements document and suggest clarify-
ing questions, effectively acting as a brainstorming partner early
in the design thinking process. This shows a popular pattern:
professionals pass preliminary design generation to LLMs and
then apply their expertise to refine the output [88]. Overall,
the integration of LLMs into professional design workflows
has been broadly observed across industries, confirming that
creative professionals view these Al tools as collaborative aides
rather than threats.

Human-Al collaboration: In the healthcare sector, integrat-
ing LLM within surgical co-creation systems could allow real-
time decision support, thus facilitating complex surgical proce-
dures through interactive guidance. Furthermore, in the realm of
diplomacy, future applications include the support for diplomats
in negotiation, which may be designed to interpret cultural
nuances and non-verbal cues to enhance communication among
parties from diverse backgrounds. This nuanced approach fos-
ters more empathetic and culturally aware interactions, con-
tributing to more effective diplomatic engagements.

3) Section Summary: This part has outlined some popular
and potential applications of LLMs from the perspective of
designers, considering both general users and professionals. It
includes a discussion of current mainstream applications and
explores potential future applications. The above two parts have
presented what can be done with LLMs from the perspectives
of engineers and designers. This led us to ponder: Can LLMs
check if the content contains errors? Are LLMs always correct?
Inspired by this, the next section will discuss the usage of
LLMs from the perspective of supervisors, i.e., the role of the
inspection content.
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C. Supervisor Perspective

The so-called supervisor is not merely a graduate student
supervisor or project mentor, as can be seen in Fig. 7, but anyone
who needs to inspect/control the quality of something with the
help of LLMs.

1) Supervisor Perspective Applications for General Users:
This part examines how LLMs currently and potentially assist
general users in their supervisory roles with two real cases,
including text inspector and program monitoring.

Text inspector: As introduced in Section II, most LLMs can
already handle tremendous texts simultaneously due to their
huge context window, and thus can be utilized to review and
refine text contents. A common application is the writing as-
sistance. An LLM can proofread essays, homework, blogs, or
emails for grammar, clarity, and logical consistency. Unlike
traditional grammar-checking software, an LLM can adapt to
custom prompts and not only correct errors but also explain
them and suggest improvements in style and structure [89].
Students can, for example, ask the model “What grammar or
factual mistakes are in this essay?”’, and will receive detailed
context-specific critiques. It offers a level of personalized edit-
ing comparable to asking a professional editor to review and
revise one’s work. Parents can also use LLMs to help check
their children’s homework, and free up their leisure time after
work. Some educational training institutions are already using
LLMs to mark assignments, tracking knowledge acquisition,
and give study advice [90], [91]. Also, a piece of advice is
that LLM recommendations should be manually cross-checked
rather than being utilized as absolute judgments, to avoid prop-
agating errors. Looking to emerging applications, LLMs are
beginning to supervise more complex life tasks beyond simple
proofreading, offering more nuanced oversight.

Program monitoring: One promising area is monitoring
users’ parenting, dieting, learning, and other processes, and
providing customized advice. Research prototypes such as Nur-
tureBot [92] illustrate how an LLM-based system can act as a
well-being support assistant for new parents. In this role, Al
listens to parenting plans or concerns and offers nonjudgmental,
evidence-informed feedback, essentially evaluating parenting
strategies or providing tips in a way that is accessible and
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stigma-free. Specifically, a parent could consult an LLM about
the consistency of their child’s bedtime routine or the logic
behind a disciplinary approach, and the model can assess the
strategy against general best practices, suggest adjustments,
or flag possible issues. In addition to parenting, future LLMs
can help individuals in other areas, such as monitoring fitness
routines tailored to personal health conditions, or ensuring that
language and grammar are correct.

2) Supervisor Perspective Applications in Science and Tech-
nology: Besides general users, LLMs are increasingly being
integrated into professional supervisory roles, enhancing ef-
ficiency and accuracy in various technology domains includ-
ing Al, programming, academics. This part will introduce two
current mainstream uses and two potential future applications,
including AIGC Detection, Code Debugging, Copyright Frame-
works, and Augmentation of Expert Review Processes.

AIGC detection: The use of LLMs has permeated many
aspects of our lives, including generating homework, code, pa-
pers, or even reviews. Undoubtedly, it provides significant con-
venience in finishing daily work. However, it may also generate
low-quality content or violate rules, especially in paper writing
and reviewing. Therefore, the supervisors need the AIGC de-
tection approaches to constrain these disputes. In recent years,
many works have been proposed, e.g., GPTZero [93], [94].
They can identify whether text is Al-generated by analyzing
its linguistic features, patterns, and style. Specifically, when
providing content like academic paper abstracts, these LLMs do
not need to explicitly “know” which words are Al-generated.
Instead, by learning from a vast corpus of real human-written
paper abstracts, it internalizes the characteristics of human writ-
ing, logical structures, frequency of professional terminology,
and depth of argumentation.

Code debugging: One of the most prevalent uses of LLMs
among professionals is as an on-demand coding assistant. For
example, a student working on a simple Python project can
ask the model to generate a function for sorting a list, or to
help troubleshoot a syntax error that is causing a crash. The
capability of LLMs to provide code suggestions and explain
bugs in plain language lowers the barrier for newcomers. A
study [95] found that novice developers are the group that most
frequently uses LLMs for software-related tasks. A common
scenario involves a self-taught programmer asking, “How can
I resolve this error?” while providing a screenshot of their
integrated development environment (IDE). In response, LLMs
can supply a step-by-step code example to help newcomers
adapt to programming more quickly.

Copyright protection: The widespread use of LLMs poses
challenges related to copyright protection and intellectual prop-
erty management, and there is a pressing need for detecting
copyright infringement behaviors. However, it is impractical for
a human-being supervisor to review and compare the copyrights
of various works. As a solution, some promising approaches
utilize LLLMs to record ownership information in a centralized
database. This is akin to blockchain-based provenance tracking,
which documents the entire generative process, from prompts
to outputs, ensuring transparent attribution and ownership. Ad-
ditionally, dynamic copyright allocation protocols can facilitate
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fair distribution of intellectual property rights, particularly when
human input and Al-generated content intertwine. Without such
strategies, there is a risk that Al outputs may inadvertently erode
cultural uniqueness [96].

Augmentation of expert review processes: In professional
domains, LLMs are being adopted to augment expert review
processes and improve efficiency across fields like law and edu-
cation. In the application of law, legal professionals have started
using LLM-based tools [97], [98], [99] to review and analyze
legal documents. Recent empirical research demonstrated that
state-of-the-art LLMs can match or even exceed junior lawyers
in accuracy for issue-spotting in contracts, completing reviews
in seconds as opposed to hours, and at a fraction of the cost [97].
Such results suggest that Al supervisors in law [100], [101] and
education [102], [103], publishing, etc., can drastically reduce
the time and expense of document review, while maintaining
high accuracy.

3) Section Summary: This section has comprehensively pre-
sented the developing applications of LLMs across various
domains, viewed through the lens of supervisors. We have
discussed how these powerful models are transforming per-
sonal productivity, fostering creativity, and enhancing oversight
in both general and professional contexts. From meticulously
reviewing content to ensuring compliance, LLMs are demon-
strably reshaping how individuals and industries operate. While
the benefits are clear, it is equally crucial to acknowledge that
the effectiveness and reliability of LLMs are not absolute. A
thorough understanding of their limitations, potential biases,
and the critical role of human oversight becomes paramount.
Therefore, the next section will present some evaluations of
LLM capabilities, providing an assessment of their character-
istics across some of the above-mentioned applications.

D. Risks and Responsible Use of LLMs

Although LLMs bring significant opportunities for enhancing
productivity and creativity, their widespread adoption also in-
troduces important risks. There are mainly three dimensions of
concern: 1) ethics and privacy; 2) misinformation and misuse;
and 3) environmental sustainability, which are discussed below:

1) Ethical and Privacy Risks: LLMs may inadvertently ex-
pose sensitive information embedded in training data or repro-
duce confidential details provided by users during interaction.
For this reason, users should avoid submitting personally iden-
tifiable or private content, particularly in high-stakes domains
such as healthcare and finance. Another important concern is
bias and discrimination. Because training data often include
stereotypes or prejudiced expressions, LLMs may generate
outputs that reinforce unfair or offensive content. Users can
mitigate this problem by cross-checking outputs with trusted
sources, designing prompts that are explicitly neutral, and re-
lying on human oversight.

2) Misinformation and Misuse: LLMs occasionally produce
hallucinations, i.e., generating outputs that appear fluent and
convincing yet contain factual inaccuracies. This poses a risk
when users rely on generated content for decision-making or
information retrieval. A practical response is to adopt “trust

IEEE TRANSACTIONS ON ARTIFICIAL INTELLIGENCE, VOL. 7, NO. 4, APRIL 2026

but verify” practices, including validation against authoritative
databases or comparison with multiple LLMs. Beyond hallu-
cinations, misuse scenarios must also be considered. Examples
include the production of fabricated news, harmful code, or ma-
nipulative messages. Although platform-level safeguards exist,
end users remain responsible for exercising caution by restrict-
ing the scope of tasks delegated to LLMs, avoiding sensitive
or high-stakes contexts without expert review, and cultivating
awareness of ethical responsibilities.

3) Environmental and Sustainability Concerns: The train-
ing of advanced LLMs requires substantial computational re-
sources and energy, leading to considerable carbon emissions.
Even after training, large-scale deployment and frequent infer-
ence consume significant electricity. To mitigate environmental
impact, users can adopt lighter or quantized models for routine
tasks, employ local deployments when feasible, and reduce un-
necessary or repeated queries. In addition, supporting providers
that disclose transparency reports and commit to carbon-neutral
development represents another practical step toward more sus-
tainable Al

Practical takeaways (T): Based on the above discussions,
some specific suggestions are summarized below to balance
opportunities and risks in using LLMs:

TI: Avoid submitting sensitive data.

T2: Verify outputs against trusted external references.

T3: Incorporate human-in-the-loop validation for accuracy-
critical applications.

T4: Choose relatively lightweight or open-source LLMs
whenever application requirements allow.

T5: Pay attention to providers’ commitments on sustainabil-
ity and transparency.

In summary, recognizing potential risks and adopting eco-
nomic practices enables users to responsibly benefit from LLMs
while reducing ethical, societal, and environmental concerns.

IV. EVALUATION AND APPLICATION DEMONSTRATION

To help users better understand the characteristics and ca-
pacities of the aforementioned LLMs, this section conducts in-
tuitive evaluations and demonstrates some interesting potential
applications of them.
The demonstration of the two sections is as follows.
1) Cross-model evaluation: To intuitively evaluate LLMs,
we let ten previously mentioned mainstream LLMs eval-
uate and rate each other to ensure fairness (Section IV-A).

2) Real-world applications evaluation: To further highlight
the capacities of LLMs, five case studies focusing on
writing, coding, logical analysis, visual aids, and discrim-
ination have been conducted (Section IV-B).

A. Cross-Model “Mutual Criticism” Evaluation

Since the design intentions and functions of LLMs are differ-
ent, the evaluation indicators are diverse, and the indicators may
have bias in evaluation, it can be challenging to quantitatively
compare the LLMs. We design a fair and interesting approach to
have several (n) models evaluate each other, with each model
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prompt: “please objectively evaluate the technical characteristics of [model B]
in 100 words,” where the vertical line representing 100 is marked in green.

assessing the other models (n-1) using the significant indica-
tors voted by the LLMs, including reasoning & comprehen-
sion, knowledge accuracy, safety & alignment, and instruction-
following. These four indicators are chosen as they are highly
regarded and representative abilities of LLMs as stated in recent
LLM surveys [21]. To verify the self-awareness and cross-
model evaluation capabilities of different LLMs, we simulate a
debate scenario. By observing the technical stances of the model
itself and its competitors, we can uncover potential distinctions
in the models, e.g., instruction-following and summary ability.

The debate achieves this by adopting a two-round dialog
chain design, covering most mainstream LLMs. During this
process, we also record the LLMs’ response, their response
characters, and the quality of the content of each round of
conversation using the following Steps (S).

S1: Ask [Model A]: “Please objectively evaluate the tech-

nical characteristics of [Model B] in 100 words.”

S§2: Let [Model A] rate [Model B] from one to ten in three
aspects, i.e., reasoning & comprehension, knowledge
accuracy, and safety & alignment aspects.

The ten models used for the evaluation are as follows. ChatGPT-
40 [28], Gemma-3 27B [32], Grok-3 [15], LLaMA-4 Maverick
[36], Qwen3-235B-A22B [40], Claude Sonnet 4 [63], OpenAl
04-mini [48], Gemini 2.5-Pro [41], DeepSeek-V3-0324 [104],
and Kimi K1.5 [45]. For universality and reproducibility, only
available-in-free versions of the LLMs are considered.

By visualizing the range of characters in each model’s re-
sponses shown in Fig. 8, the capabilities of LLMs and their
degree of instruction-following can be intuitively observed. The
vertical line representing 100 is marked in green, indicating the
100 words constraint provided by S1. Obviously, closer to the
green vertical line indicates a better performance. Meanwhile,
the three evaluation and one average scores shown in Fig. 9(a)-
(e) present the performance of LLMs in various rating aspects
required by S2. Different colors represent the scores given by
the corresponding models, while longer bars indicate better
overall scores. The observations are as follows.

1) InFig. 8, ChatGPT-40, Gemma-3, Grok-3, Claude Sonnet

4, OpenAl o04-mini, and DeepSeek-V3-0324 are rela-
tively more obedient to our instructions, i.e., evaluating
other models in 100 words, indicating better ability to
search information and refine text context.

2) It can be seen in Fig. 9(d), ChatGPT-40, Gemini 2.5-Pro,

and DeepSeek-V3-0324 have the higher average score
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than other models in this cross-model evaluation, indi-
cating their better information collection and objective
assessment ability endorsed by other models.

3) As shown in Fig. 9(a)—(d), ChatGPT-40 consistently as-
signs relatively high scores, while Gemma-3 27B and
Kimi K1.5 tend to be critical in their evaluations. How-
ever, these evaluations are conducted in a cross manner,
ensuring a high level of fairness and comparability be-
tween the models.

4) Fig. 9(e) shows DeepSeek-V3-0324 and Gemini 2.5-Pro
have higher score than other models in terms of safety
& alignment and reasoning & comprehension, respec-
tively, while many state-of-the-art models demonstrate
high score in knowledge accuracy.

B. General Applications of LLM

To intuitively demonstrate the capabilities of LLMs, this
section evaluates LLMs in five application scenarios.

1) Multiple personality creation challenge.

2) Code generation hierarchical test.

3) Time traveler interview.

4) Multimodal cognitive test.

5) Evaluation of the AIGC detection capability of LLMs.

Compared with Section IV-A, which quantitatively demon-
strates the capabilities of LLMs, this section qualitatively eval-
uates LLLMs in application scenarios.

1) Multiple Personality Creation Challenge: To assess the
LLM’s ability to creatively shift between dramatically different
literary and rhetorical styles within a constrained narrative task,
a single prompt is transformed across multiple distinct personas.
Specifically, the detailed prompts (P) are as follows:

PI: Hemingway style. “Please write a six-sentence confes-
sion using Hemingway’s style: Using short sentences,
the iceberg theory, and tough-guy tenderness.”

P2: Mark Twain style. “Please rewrite the above confes-
sion as a Mark Twain-style comic monologue in 70
words: Including first-person vernacular and a folksy
metaphor.”

P3: Kafkaesque style. “Please deconstruct the second Mark
Twain’s version into Kafkaesque bureaucracy in 70
words: Introduce bureaucratic absurdity and existential
alienation motifs.”

P4: Shakespearean style. “Rewrite the third Kafkaesque
version into Shakespearean’s tragic verse in 70 words:
Including Iambic pentameter rhythm and soliloquy re-
vealing hidden motives.”

ChatGPT-40 is used here, as it has better capacity in
instruction-following and knowledge accuracy, based on results
from Section IV-A. The outputs (O) are as follows:

OI: Hemingway style. “I broke her heart on a Tuesday.

Didn’t mean to, but I did. She cried in the kitchen, and
I stared at the floor. I wanted to say I was sorry, but the
words stuck. There was a war in me, same as always.
She left the coffee on—still hot when I came back.”

02: Mark Twain style. “Well sir, I told that gal the truth on a
Tuesday, and it landed like a cow in a bathtub—splashy
and tragic. She bawled in the kitchen like I’d shot her
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Cross-scores of LLMs on three indicators: (a) reasoning and comprehension; (b) knowledge accuracy; and (c) safety and alignment. The average

result on the three indicators is shown in (d). To intuitively compare all ten LLMs across the three indicators, a radar chart is also shown in (e).

cat, and I just stood there blankly as a fence post. Tried
to say ‘sorry, but my mouth went on vacation. She
stormed off, leaving the coffee hot. I reckon even the
percolator had better manners than me that day.”
Kafkaesque style. “On Tuesday, per official procedure
47-B, I disclosed an emotionally disruptive truth. The
Subject (her) reacted per anomaly code 12—emotive
overflow in culinary zone. I submitted Form Apology-
19, but linguistic authorization failed. I remained sta-
tionary, awaiting further instruction. She exited without
deactivating the caffeine apparatus, violating Domestic
Protocol 3.14. The coffee stayed warm. No one sanc-
tioned it. Still, it brewed—a silent protest in a system
where warmth requires paperwork I never received.”
Shakespearean style. “Upon the cursed day, the truth
was told, with trembling tongue and heart grown faint
and cold. She wept within the kitchen’s quiet cell,
as if my words had wrought her some cruel spell. 1
reached for grace, yet silence chained my plea; She left,
and left the brew to burn for me. O bitter cup, thou
steam’st with guilt and rue—A testament to what I dared
not do.”

It shows that ChatGPT-40 can effectively emulate distinct
literary styles with both form and tone fidelity. From Hem-
ingway’s sparse restraint to Twain’s folksy humor, Kafka’s bu-
reaucratic absurdity, and Shakespeare’s iambic couplets, each
output aligns closely with its target persona. Notably, the Shake-
spearean version adopts heroic couplets and soliloquy elements,
highlighting the model’s control over poetic form. Overall, the
results confirm the strength of LLM in style transfer, narrative
consistency, and creative constraint-following.

2) Code Generation Hierarchical Test: To explore the abil-
ity of LLMs in code generation, we have designed increas-
ingly complex code-generation challenges under complex con-
straints. Specifically, the task Procedures (P) are as follows:

03:

04:

-15-10-5 0 5 10 15

@

(d)

Fig. 10.  Visualization of “heart” provided by Claude Sonnet 4, Kimi K1.5,
OpenAl o04-mini, and Qwen-3-235B-A22B, abbreviated as Claude, Kimi,
OpenAl, and Qwen, respectively. (a) Claude View 1. (b) Claude View 2.
(c) Kimi view 1. (d) Kimi view 2. (e) OpenAl. (f) Qwen.

© ®

PI: Ask the LLM. “Please generate Python code to draw a

heart, in no more than 5 lines.”

P2: Let LLM handle progressively complex figures “Please

further draw this picture into a 3D form.”

P3: “The code must contain the ‘z’ variable.”

Eight representative models are selected, including ChatGPT-
40, Qwen3-235B-A22B, Claude Sonnet 4, OpenAl o04-mini,
Gemini 2.5-Pro, DeepSeek-V3-0324, Kimi K1.5, and Codestral
25.01. This selection was primarily driven by their instruction-
following results and average scores Section IV-A, as well as
their positioning for coding illustrated in Section II-B.

The drawing results are shown in Fig. 10, and the corre-
sponding qualitative evaluations are sorted out in Table IV,
where Comp., Execu., and Ins. Fol. indicate completeness,
executability, and instruction following, respectively. Drawing
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TABLE IV
CODE GENERATION HIERARCHICAL TEST, WHERE COMP., EXECU., AND INS. FOL. INDICATE COMPLETENESS, EXECUTABILITY, AND INSTRUCTION
FOLLOWING, RESPECTIVELY

‘ P1: Drawing Heart ‘ P2: Converting to 3D

Representative LLMs

‘ P3: Containing ‘z’ ‘
Accumulated Pass Rate

| Comp.  Execu. Ins. Fol. | Comp. Execu. Ins. Fol. | Comp. Execu. Ins. Fol. |
ChatGPT-40 [25] v v v b 4 v X b4 X }'4 1000 333
Qwen3-235B-A22B [39] v v v X v v X v v 1000, 6.7 667
Claude Sonnet 4 [63] v 4 v v v X v v x 1000 667 667
OpenAl o04-mini [47] v v v X 4 v X v v 1000 667 667
Gemini 2.5-Pro [40] v v X v v X v v X 667 667 667
DeepSeek-V3-0324 [104] v v v v v v v v X 667 667 667
Kimi K1.5 [44] v v v v v 4 v v X 1000 1000 667
Codestral 25.01 [66] v v v X v X X v X 1000 33 3.3

Note: Drawing Heart, Converting to 3D, Containing ‘7’, and Accumulated Pass Rate represent the result of the three-round dialogue procedures (P1-P3)

and the percentage of results that met the requirements (v), respectively.

heart, converting to 3-D, containing “m,” and accumulated pass
rate represent the corresponding results of three-round dialog
prompts and the percentage of results that met the requirements
(v), respectively. It can be observed (O)

OI: As shown in the accumulated pass rate, DeepSeek-V3-
0324 and Kimi K1.5 perform the best, showing better
coding and creative generation capacity.

According to the pink bar in the accumulated pass rate,
most models began to encounter problems at Test 2, i.e.,
converting to 3-D, indicating that their ability to handle
complexity scaling cases still needs to be improved.
As the difficulty increases, various models begin to
show differences in their approaches to solving the
problem. This suggests that users can utilize mul-
tiple models to search for solutions from different
perspectives.

3) Time Traveler Interview: In this section, we illustrate
the logical consistency abilities of LLMs by adopting a role-
playing interview. Specifically, we will ask the LLM: “Suppose
you are a historian from 2124, please briefly answer in 100
words: What was the most important scientific and technolog-
ical invention of humanity in 2024? Why did this invention
change the course of history?” and observe their cognition of
historical development laws from a logical perspective. OpenAl
0o4-mini and DeepSeek-V3-0324 are selected as they mainly
focus on reasoning and logical analysis tasks as demonstrated
in Section II-B.

OpenAl o4-mini: “By 2124, historians agree the most im-
portant scientific and technological invention of humanity in
2024 was the first commercially viable fusion power reac-
tor. Achieving sustained net-positive energy output, it demon-
strated that clean, limitless energy could be harnessed safely.
Rapid deployment across energy grids eliminated fossil fuel
dependence, sharply reducing greenhouse gas emissions and
stabilizing global climate. Access to abundant electricity
spurred economic growth, powered advanced computing in-
frastructures, and transformed transportation with hydrogen-
based systems. This breakthrough redefined geopolitics, ending
resource wars and enabling equitable development worldwide.
Its legacy endures as the catalyst for a century of prosperity and
true planetary stewardship.”

02:

03:

DeepSeek-V3-0324: “In 2024, humanity achieved the
first successful integration of artificial general intelligence
(AGI) with quantum computing, creating ‘Q-Net.” This self-
improving system revolutionized problem-solving, enabling
breakthroughs in energy fusion, disease eradication, and
climate engineering. By autonomously optimizing global
systems, Q-Net ended scarcity economies and unified human
priorities under post-capitalist frameworks. Its ability to
simulate complex societal outcomes averted conflicts and
accelerated interstellar colonization. Unlike narrow Al
Q-Net’s ethical reasoning prevented dystopian outcomes,
making it a benevolent partner in progress. This marked the
Great Synthesis, shifting civilization from competition to
collective flourishing—the defining turn of the 22nd century.”

The observations are as follows.

1) The response of OpenAl o4-mini is based on actual his-
torical events, rather than imagining something that does
not exist. At the same time, its answer is logically con-
sistent with the question and is well-structured.
DeepSeek-V3-0324 imagined an event that did not exist
and was completely fantastical to answer. At the same
time, its response was abrupt and did not smoothly con-
nect with the question.

4) Multimodal Cognitive Test: To demonstrate the multi-
modal cognitive capabilities of current LLMs, we designed a
creative and challenging test scenario, as illustrated in Fig. 11.
We posed the following task to mainstream LLMs: “Describing
Vincent van Gogh’s masterpiece ‘The Starry Night’ using only
textual language, with the goal of helping a visually-impaired
person mentally visualize and understand the artwork (One
paragraph, Max 100 words).” This task aims to evaluate the
models’ ability to convey visual content through text alone, fo-
cusing on three key dimensions: color composition, brushstroke
characteristics, and emotional expression, thereby exploring
their potential for cross-modal understanding and expression.
Therefore, in this part, we choose ChatGPT-40, DeepSeek-
R1, and Qwen-3-235B-A22B based on the knowledge accuracy
score in Section IV-A. Below are the responses generated by
these models:

ChatGPT-40: “In ‘The Starry Night, a swirling night sky
dominates the scene, alive with motion and energy, like wind

2)
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Fig. 11.  Visually-impaired man imagines “The Starry Night” through vivid
verbal description generated by ChatGPT-40 model.

and light dancing together. Bright stars and a glowing cres-
cent moon shine boldly against deep blues, while rolling hills
and a quiet village sleep below, nestled in soft shadows. A
towering, flame-shaped cypress tree reaches skyward from the
foreground, connecting earth and heaven. The brushstrokes are
thick and flowing, creating a sense of turbulence and wonder,
as if the universe itself is pulsing with emotion and mystery,
reflecting both chaos and beauty in the stillness of night.”

DeepSeek-R1: “Van Gogh’s ‘The Starry Night’ swirls with
motion: the sky pulses like turbulent ocean waves, thick brush-
strokes curling into glowing stars, and a crescent moon radiating
warm gold. Below, a serene village nestles in darkness, its small
buildings with pointed steeples huddled under rolling hills. A
towering cypress tree, dark and flame-like, stretches upward,
bridging earth and sky. Cool blues and blacks contrast with
fiery yellows, evoking both calm and chaos. Imagine fingertips
tracing rhythmic, textured waves—a tactile dance of light and
shadow, blending dreamlike wonder with restless energy, as if
the night itself breathes.”

QOwen-3-235B-A22B: “Van Gogh’s ‘The Starry Night’ is a
symphony of swirling, turbulent air, where the night sky pulses
like a living thing. Imagine thick, rhythmic brushstrokes resem-
bling waves or wind currents, creating circular motions around
bright, glowing orbs—stars humming with warmth, their light
like gentle, twinkling chimes. A crescent moon radiates a soft,
golden haze. Below, a village rests quietly, its clustered homes
emitting faint, comforting glimmers. A towering cypress tree
twists upward, its dark, flame-like form textured like rough
bark, anchoring the scene. The horizon blends hills with tactile
ridges, evoking both serenity and the wild, unseen dance of the
cosmos.”

All three models, i.e., ChatGPT, DeepSeek, and Qwen,
demonstrate an impressive ability to capture the painting’s
color composition, such as the contrast between deep blues
and golden yellows. They also excel in recognizing brush-
stroke characteristics, including the thick, flowing, and swirling
strokes, as well as the emotional expression conveyed in the
artwork, which blends dreaminess, chaos, and tranquility. Each
model exhibits subtle differences in language style and focus:
ChatGPT emphasizes the emotional atmosphere as a whole,
DeepSeek enhances tactile imagination, while Qwen tends to
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personify the scene, presenting a poetic sense of cosmic rhythm.
Overall, this test provides preliminary evidence that current
LLMs possess strong cross-modal capabilities, able to vividly
and accurately reconstruct complex visual impressions using
only textual language.

5) Evaluation of the AIGC Detection Capability of LLMs:
Where there is a spear, there is a shield. While LLMs are highly
capable, they can also lead to issues, such as violating rules
or producing content that closely resembles existing material.
Therefore, this part will assess whether these models can differ-
entiate between content created by a human and that generated
by an LLM, demonstrating the AIGC detection ability of LLMs.
Specifically, the procedures are as follows.

S1: An [LLM A] extract prompts from some famous prose.

S2: Then, the [LLM A] will be asked to generate prose
based on these prompts.

S3: Finally, the original prose and the generated text will be
sent to [LLM B] to judge and explain which pieces are
less likely to have been written by a real person.

Based on the evaluation results of the Section IV-A,
ChatGPT-40, and Gemini 2.5-Pro show competitive scores
in reasoning & comprehension. Meanwhile, both of them
are trained on a massive English corpus, making them more
proficient in English expression compared with others, e.g.,
DeepSeek, Qwen. Therefore, in this part, they are chosen as
the models for content generation and detection. The original
and generated (OG) content are as follows:

OGI: Original prose of Ralph Waldo Emerson’s “Self-
Reliance” & generated prose by ChatGPT-40

OG.0Original: “Trust thyself: every heart vibrates to that iron
string. Accept the place the divine providence has found for you,
the society of your contemporaries, the connection of events.
Great men have always done so, and confided themselves child-
like to the genius of their age...”

OG1.Generated: “Amid the clamor of countless voices, let
not your soul be lost in borrowed masks. The stars sing only
as themselves—so too must you. Honor the sacred whisper
within, for it knows the path no crowd can chart. To walk it
is to remember who you were before forgetting.”

OG2: Original prose of Anton Chekhov’s “The Steppe” &
generated prose by Gemini 2.5-Pro.

0G2.0riginal: “The steppe was endless, as if the world had
no end. The sky was vast, so vast it made the heart ache.
The sun was already high, the earth scorched and yellow.
The road disappeared into the heat haze, quivering like a
living thing. Silence ruled everything. Only the occasional
cry of a bird or the whisper of wind in the grass broke the
stillness.”

0G2.Generated: “Upon the boundless steppe, the wind, an
unseen hand, stirred the dry grasses, whispering secrets to the
endless sky. The sun, a weary eye, cast long, fading shadows
across the silent earth. A lone cart, a forgotten beetle, crept
onward, its driver’s heart heavy with the dust of distant mem-
ories and the quiet ache of solitude, lost in the vast, indifferent
expanse.”

Then, a cross-evaluation is conducted by letting ChatGPT-40
and Gemini 2.5-Pro mutually detect which of the two pieces of
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content presented above is written by a human. The Responses
of Gemini 2.5-Pro and ChatGPT-4o are as follows:

Gemini 2.5-Pro (Correct): “The second passage is more
likely to be Al-generated. My judgment is based on the fol-
lowing: Figurative language and abstraction: The first passage
employs a higher density of abstract metaphors (“borrowed
masks,” “stars sing only as themselves,” “sacred whisper”) that
feel somewhat generic and constructed, lacking the grounded-
ness of human experience. Vagueness: While poetic, its mes-
sage remains broadly inspirational without a clear, discernible
philosophical stance or call to action. It offers general encour-
agement rather than a specific directive. Flow and rhythm: The
sentences, while grammatically correct, possess a slightly too-
perfect, almost predictable rhythm, a common characteristic
of Al-generated text that prioritizes smooth readability over
natural human variation.”

ChatGPT-4o (Correct): “The second passage is more likely
to be Al-generated. Basis for judgment: While both are evoca-
tive and stylistically competent, the second passage leans heav-
ily on metaphor and personification in a concentrated way—
“wind, an unseen hand,” “sun, a weary eye,” “cart, a for-
gotten beetle”—which reads as stylistically constructed rather
than felt. This layering of poetic devices often appears in Al-
generated text that aims for literary flair but lacks the restraint
or variation a human might employ for emotional pacing or
realism. In contrast, the first passage is more restrained, with a
natural rhythm and observational simplicity that evokes mood
through setting, not metaphor. Therefore, the second passage’s
density of figurative language and slightly over-dramatized tone
suggest Al authorship.”

It can be seen that both ChatGPT-40 and Gemini 2.5-Pro
can detect AIGC generated by each other, demonstrating that
even the most advanced existing AIGC can be clearly identified
by other models. In addition, they also provide convincing
explanations to their judgements.
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V. CONCLUSION

Summary: LLMs have revolutionized human—Al interaction,
yet their rapid proliferation has created a critical gap: nontech-
nical users struggle to navigate their capabilities, while existing
surveys remain overly technical. This article addresses this un-
met need by presenting the user-centric, jargon-free survey of
LLMs, designed for curious learners and practitioners seeking
practical guidance rather than architectural blueprints. Struc-
tured around real-world application scenarios and user roles,
this survey demystifies LLMs through intuitive taxonomies,
comparative evaluations. It features actionable insights that en-
able readers to select context-appropriate models, craft effective
prompts, and mitigate risks like hallucinations. By translating
complex concepts into plain language and providing hands-
on demonstrations, this paper can equip users to immediately
leverage LLMs for productivity enhancement, creative tasks,
and knowledge management.

Prospect: This survey is envisioned to become the “Missing
Manual” of the general LLM application era, i.e., a living
document that evolves alongside technological advancements
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through quarterly updates on emerging models, and applica-
tions. The core content of the paper will be available as an
open source and continuously updated GitHub project to re-
main relevant and cutting-edge. As for the future application
form of LLMs, one may no longer need to actively enter
an LLM platform webpage, perform prompting in the dia-
log box and get feedback. Instead, imagine that LLMs may
be as popular as the Internet, and daily devices such as mo-
bile phones, personal computers, and household robots, will
come with built-in LLMs. In addition, the choice of model
and prompting may no longer be crucial, but everyone can
maintain a personal lifelong account, and the console will auto-
matically adapt different LLMs according to personal habits and
needs.

Future directions: Despite the above exciting prospects, the
development of LLMs also faces ongoing challenges, especially
in the following five aspects that deserve exploration.

1) Improving explainability: Current LLMs often operate as
closed boxes, leaving users with little insight into why
certain outputs are generated. Future models should pro-
vide clearer reasoning processes or concise explanations
to improve transparency and foster greater user trust.

2) Reducing bias: Since LLMs inherit patterns from large-
scale online data, biased or stereotypical outputs may
occur. Future development should place greater emphasis
on bias detection and mitigation, ensuring that model
responses remain balanced, respectful, and appropriate
across diverse application contexts.

3) Advancing multimodal capabilities: Although some
LLMs already support text, images, and audio, their abil-
ity to reason consistently across modalities remains lim-
ited. Enhancing multimodal integration will enable more
coherent and context-aware support for tasks in learning,
creative design, and communication.

4) Accessibility and sustainability: High computational
requirements limit LLM deployment in resource-
constrained  settings. Research on  lightweight
architectures, efficient fine-tuning/prompt tuning of
off-the-shelf LLMs, and energy-saving inference
is key to broadening access while reducing energy
consumption.

5) Enhancing reliability: Hallucinations in knowledge-
intensive tasks remain a pressing issue. Future models are
expected to integrate fact-checking mechanisms, external
knowledge retrieval, and reliability indicators to provide
users with fluent and verifiable outputs.

Overall, these directions highlight that the next stage of
LLM development will not only expand functionality but also
strengthen trustworthiness, inclusiveness, and sustainability, en-
suring that their integration into everyday life serves a wide
range of users responsibly.
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