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The rapid integration of Large Language Models (LLMs) in the field of software engineering is
very much changing the methods of coding, which, at the same time, are also being maintained
and optimized. Through this article the journey of the coming of capabilities and restrictions as
well as the direction of the future of software development with LLM is monitored. The authors
of this article have given a detailed survey of LLM utilization in various stages of the life cycle
of development organization, a number of them being code generation, bug detection,
automated testing, documentation, and translation of natural language into code, productivity,
quality, and accessibility being among the improvements indicated. It is demonstrated through
comparative analyses that LLMs’ performance is more favorable than that of traditional and
rule-based approaches, while the positions of developers, project managers, and executives as
stakeholders reveal that they are both excited about the efficiency gains and, on the other hand,
concerned about issues of technical reliability, data privacy, and over-reliance on automation.
The main problems that LLMs are facing today—Ilike hallucinations, being out-of-date, not
having a very large context, and depending too much on prompt engineering—are plainly
revealed along with the proposed solutions. Next, we consider progress in the field of
multimodal and context-aware systems, autonomous software agents, continuous learning, and
human-AlI co-creation platforms. LLM-assisted development is likely to change the face of
challenges if it is going to be fully materialized, thus bringing about the birth of a new era of
collaborative, efficient, and innovative software engineering.

KEYWORDS: Large Language Models (LLMs), automated software development, code generation, bug detection and repair,

automated testing, natural language to code translation, prompt engineering, context-aware systems, human-Al collaboration,

software engineering automation

1. INTRODUCTION

language to code [4]. As a result, software engineers are

The software engineering sector is changing in a exponential
manner by LLMs which explains the change in concept,
creation, management and maintenance of the code [1]. The
LLMs-driven automation technique offers a significant
increase in productivity along with the potential for higher
code quality, shorter delivery time, and the opening of coding
to a larger number of people by reducing the technical barriers
[1,2]. The expanding scope and complexity of projects
highlight the need for smart, context-aware, and flexible tools
which has led to the fast adoption of LLMs in different parts
of software development.

LLMs are at the heart of empowering the next phase in
software engineering by facilitating tasks that were very
labor-intensive earlier [3]. The range of skills they have
incorporates code generation, auto-completion, defect
detection, and documentation, as well as translating natural

changing their roles from merely writing code to supervising,
directing, and checking Al-generated work; thus, not only
this but also the new forms of human-Al collaboration are
becoming possible [1].

This research is designed to methodically identify the
influence on software automation of LLMs. The research
aims to go beyond the present capabilities, uncover
limitations and difficulties, offer comparisons with traditional
and rule-based systems, survey stakeholders' positions,
furnish examples of the real world, and speculate on the
future of LLMs in software engineering. The paper discusses
the technical, organizational, and societal aspects of LLM-
fueled automation in software development. This article
presents a deep literature review, empirical feature analysis,
problem identification, comparative evaluation, discussion of
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lifecycle impact, stakeholders' analysis, industry case studies,
and the outlook on the development of LLMs in engineering
practice.

. QK™
Attention(Q, K, V) = softmax /4

Jax

LLM Attention Mechanism (Transformer architecture)

2. LITERATURE REVIEW

Research on LLMs in software engineering has grown
exponentially, with surveys and systematic literature reviews
revealing their game-changing impact throughout the
software  development lifecycle [5,6]. Studies are
enumerating remarkable progress in code generation and
automated programming [7], the incorporation of LLMs into
developer tooling and IDEs [2], and the facilitation of testing,
documentation, and maintenance processes [4,8].The
literature also highlights challenges, such as model
hallucinations, context awareness deficiencies, data privacy
implications, and new forms of workflow integration [9,10].
Comparative research shows LLMs, when fine-tuned and
combined with optimized prompts, frequently outperform
traditional rule-based or search-based coding assistants,
though concerns about output reliability and context
dependence persist [11]. The significance of domain-specific
benchmarks, real-world codebases, and interdisciplinary
perspectives in evaluating LLMs' practical effectiveness is
increasingly recognized in recent research [12,13].

The complexity of modern software systems has also led to
the increasing use of software models and Model-Driven
Development (MDD) [14,15]. MDD aims to enhance quality
and speed by enabling the development of more accurate
models through tools like the Object Constraint Language
(OCL) [16]. Model transformations and compositions are
central to MDD, facilitating the development of complex
systems and their automated derivation [14]. However, there
are still challenges regarding the wvalidity of such
transformations, highlighting the need for safe composition
and decomposition of models [14]. Textual representations of
software models can also be compared and merged, which
aids in optimizing teamwork through version control systems
[15].

3. CAPABILITIES OF LLMS IN SOFTWARE
DEVELOPMENT

3.1 Code Generation and Auto-Completion

LLMs have fundamentally reshaped code generation and
auto-completion processes by delivering high-quality,
contextually relevant code suggestions based on natural
language prompts or preceding code fragments [17].
Advanced models such as GPT-4, Llama 3.1, and specialized
systems like ProgAl and DevAssistLlama have proven adept
at synthesizing code in multiple programming languages,
providing both token-level completions and generating entire

functional blocks that closely match the user’s intent[17,18].
Recent benchmarks show that, although performance dips on
more intricate, real-world tasks, LLMs have achieved
improvements of 18.1% to 25% in code generation accuracy
over traditional tools, with specialized frameworks like
ProgAl even surpassing commercial products such as GitHub
Copilot in repo-level coding tasks[17,19]. To address
challenges like hallucinations—where models generate non-
existent APIs or incorrect code—strategies including iterative
context augmentation (e.g., De-Hallucinator) and graph-
based context retrieval (e.g., GraphCoder) have effectively
reduced erroneous output and improved the integration of
repository-specific knowledge into code completions[19].

3.2 Bug Detection and Fixing

LLMs have accelerated bug detection and fixing by
leveraging their understanding of both code and natural
language descriptions of bugs, enabling automated
identification, localization, and patch generation for software
errors[20]. Knowledge-enhanced LLMs use external bug
knowledge graphs, mining historical bug data and fix patterns
from platforms like GitHub and Stack Overflow to suggest
accurate, explainable patches, achieving correct fixes in
28.52% of evaluated cases, significantly outperforming
conventional approaches [20]. Moreover, advanced agent-
based frameworks such as PATCH and STEAM simulate the
multi-stage,  collaborative  debugging  process by
decomposing the bug-fixing lifecycle into sequential
phases—such as reporting, diagnosis, patch generation, and
verification—performed interactively by LLMs [21].
Techniques like Tree of Thoughts prompting encourage
exploration of multiple hypotheses before code modification,
enabling resolution of complex bugs previously unsolved by
earlier methods[22]. While LLMs can outperform deep
learning-based tools and standard automated program repair
technologies, their efficacy depends on the richness of
provided context and model capabilities for collaborative
reasoning[20].

3.3 Automated Testing and Test Case Generation
The automation of software testing is a major achievement
enabled by LLMs, which address the traditionally labor- and
time-intensive nature of test case development[23]. LLMs
like GPT and Mistral excel in generating unit tests, achieving
high coverage for a wide array of programming constructs
and providing more natural, human-readable test cases
compared to existing automatic tools[23]. Advanced prompt
engineering techniques and retrieval-augmented frameworks
further enhance this capability, enabling models to generate
tests with increased correctness, understandability, and
breadth of coverage, often matching or exceeding state-of-
the-art tools like EvoSuite and traditional rule-based
generators[24]. Industrial deployments demonstrate their
value, with LLM-powered agents automating entire test
generation and execution pipelines, as evidenced in cost-
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effective Ul automation platforms that realize up to 90%
automation rates at lower costs compared to other
methods[25]. Nonetheless, improvements are still needed to
reduce issues such as test smells and improve logical path
coverage in complex software[26].

34 Code Summarization and Documentation
LLMs significantly enhance code summarization and
documentation generation by programmatically producing

natural language descriptions for code at varying granularities,

from  individual statements  to  repository-level
overviews[27,28]. They facilitate improved code
comprehension and maintenance by automatically generating
explanatory comments, API references, and detailed
summaries, thereby reducing the manual documentation
burden for developers[29,30]. Approaches leveraging
hierarchical summarization and context-rich retrieval (e.g.,
RAG and prompt learning frameworks) have further
advanced performance, enabling models to contextualize
summaries in terms of domain or business logic[27,31].
LLMs such as Codex, RoBERTa, and instruction-fine-tuned
GPT wvariants have surpassed legacy approaches in key
metrics, producing more accurate and readable
documentation across  multiple languages and
domains[32,33]. Specialized evaluation of statement-level
and function-level summarization reveals that LLMs rival or
outperform pre-trained models like CodeT5, and empirical
studies with professional developers highlight the increased
naturalness and usability of LLM-generated
documentation[34,35].

3.6 Natural Language to Code Translation

Empowered by neural machine translation advances, LLMs
can interpret high-level human instructions and generate
corresponding source code, accelerating prototyping and
making software development more accessible to non-
developers [36] . Major models like GPT-4, Llama 3.1, and
domain-adapted frameworks achieve strong results in
mapping user requirements to code across numerous general-
purpose and domain-specific languages, including support
for complex code edits in response to bug fix reports [37].

LLMs Lifecycle

Empirical studies show top-1 correctness rates exceeding 20%
for challenging bug-fix tasks and that models can even
outperform human translators in certain formal verification
contexts, such as translating requirements into formal
Computation Tree Logic (CTL) specifications [38].

4. LIMITATIONS AND CHALLENGES
4.1 Technical Limitations: Hallucinations and Outdated

Knowledge

Despite their sophisticated architectures and impressive
performance, LLMs are inherently susceptible to generating
hallucinations—outputs that appear plausible but are
factually incorrect, misleading, or entirely fabricated[39]. In
software engineering settings, hallucinations might manifest
as non-existent APIs, syntactically valid but incorrect code,
or unsubstantiated claims in code documentation, posing
severe reliability and security risks[40][41]. Empirical
studies have revealed high hallucination rates in critical
domains, with legal and technical LLMs hallucinating over
50% of the time in benchmarks[39].

Several mitigation strategies exist, including retrieval-
augmented  generation (RAG), systematic prompt
engineering, structured output constraints, and knowledge
graph integration, which can reduce but not fully eliminate
the problem[41,42]. Human oversight remains essential in
reviewing, verifying, and correcting LLM-generated code
and documentation, underscoring the ongoing need for
manual quality assurance[42].

Outdated knowledge constitutes another critical technical
limitation[43,44]. Most LLMs are trained on large text
corpora with a fixed cutoff date, resulting in responses that
may reference deprecated APIs, obsolete security practices,
or superseded frameworks[43]. This limitation is particularly
severe in the fast-moving field of software engineering,
where tools and best practices evolve rapidly[44]. Methods
such as continual learning, dynamic knowledge editing, and
retrieval of up-to-date external information have been
proposed, but current models still frequently provide outdated
or incorrect recommendations, especially for reasoning
tasks[43,44].
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Figure 1. LLM’s lifecycle.
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4.2 Context and State Awareness Challenges

Maintaining context and handling long-term state are
pronounced hurdles for LLMs in complex software
development tasks[45]. Standard context windows restrict the
amount of code or documentation an LLM can process at
once, resulting in context loss or inaccuracies when working
with large codebases or multi-turn coding sessions[45,46]. As
the required context length grows, models exhibit brittle
behavior and a decline in instruction fidelity, leading to
degraded code  generation quality or logical
inconsistencies[47].

In vulnerability detection and debugging, limited context
comprehension hampers the identification of intricate
security flaws, while in guided code generation, LLMs can
falter in compositional reasoning across lengthy or
fragmented code files[46]. Techniques such as prompt
memorization, multi-agent decomposition, extended context
windows, and memory-augmented architectures like
FastMem have shown promise, but fundamental context-
awareness issues still inhibit stable and reliable performance
in end-to-end software development workflows[47].

4.3 Data Privacy and Security Concerns

Data privacy and security are paramount concerns for LLM-
driven software engineering, as these models are often trained
on vast, uncurated datasets that may inadvertently include
proprietary or sensitive code, confidential user information,
or personal data[34,48]. This introduces significant risks of
unintentional privacy leakage, both during training—when
sensitive data may be memorized—and at inference, where
LLMs might accidentally or maliciously output private or
regulated content when prompted[48].

Risks are exacerbated in enterprise and multi-user settings,
where a single model may see source inputs from multiple
organizations, complicating access control and privacy

Initial Prompt

“Write a Python function that first

sorts my numbers, then sums and
averages all of the numbers.”

L

Initial failed code

def sort_sum_average(numbers):

numbers.sort()
return numbers

boundaries[49]. Malicious attacks such as membership
inference or model inversion have been demonstrated,
highlighting vulnerabilities in even privacy-protected or
federated learning setups[27]. To tackle these issues,
researchers advocate differential privacy during training,
federated and  decentralized learning paradigms,
cryptographically secure computation, and privacy-
preserving association editing—methods that can reduce but
rarely completely remove leakage risk [48]. Organizations
must maintain vigilant procedural oversight, establish policy
frameworks, and develop clear governance strategies to
ensure regulatory compliance and safeguard IP and user
privacy in LLM-assisted workflows[34].

4.4 Dependence on Prompt Engineering

LLM performance is highly sensitive to input prompt
formulation, making prompt engineering—a new discipline
focused on optimizing prompt design—central to realizing
the potential of automated code generation[28]. The ability of
LLMs to handle complex software engineering tasks,
generate robust code, or answer domain-specific questions is
primarily governed by specificity, clarity, and structure of
prompts[32]. This dependency creates several bottlenecks:
The trial-and-error nature of prompt development can be
inefficient, ad hoc, and costly in both time and computational
resources [28,29].

e Suboptimal prompts may trigger hallucinations,
generate insecure or buggy code, or fail to satisfy
detailed requirements [31].

e As LLMs evolve, earlier prompt engineering
methods may lose efficacy, and advanced models
may even underperform with overly complex
prompts, necessitating ongoing research and
adaptation [31].

Refined Prompt

"Write a Python function that accepts a list
of numbers, sorts them in ascending order,
calculates the sum of the numbers, then
computes and returns the average of the
numbers."

!

Refine successful Code
def sort_sum_average(numbers):
numbers.sort()
total = sum(numbers)
average = total / len(numbers)
return average

Figure 2. Effects of prompt engineering
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Although automation techniques such as search-based
prompt optimization, role-prompting, chain-of-thought, and
retrieval-augmented strategies improve LLM outputs, the
field still lacks standardized methodologies, leading to what
some researchers have termed a “promptware crisis” in
software engineering [28,29].

5. COMPARATIVE ANALYSIS
5.1 Traditional Development vs. LLM-Assisted
Development

The transition from traditional to LLM-assisted software
development introduces significant shifts in speed, efficiency,
and accessibility. While traditional development requires
explicit programming knowledge and time-consuming
debugging, LLMs like Copilot and ChatGPT-4 offer real-
time code generation, significantly accelerating tasks [50].
demonstrated that developers using GitHub Copilot
completed tasks 55.8% faster than those using manual coding
approaches.

Table 1. Traditional Development vs. LLM-Assisted Development

Metric Traditional Dev

LLM-Assisted Dev (Copilot)

Task Completion Time Baseline

55.8% faster

Developer Productivity

Normal pace

Significantly improved

Time to Fix Bugs

Manual debugging

Al-suggested fixes

5.2 Human vs. LLM-Generated Code: Quality &
Productivity

compared Claude, GPT-4, Copilot, and Gemini against
human performance on 200 programming questions. Claude

and GPT-4 outperformed both students and other LLMs with
83% and 81.7% accuracy, respectively, while Gemini
achieved only 53.6% [51].

Table 2. Human vs. LLM-Generated Code: Quality & Productivity

Model Accuracy (%) Outperformed Humans?
Claude 3.5 83.0 Yes

GPT-4 81.7 Yes

Copilot 59.5 No

Gemini 53.6 No

Students 67.2 Baseline

5.3 Performance Comparison of Major LLMs
Recent evaluations highlight the technical superiority of
GPT-40 and Claude 3.5 over alternative models. GPT-40

Table 3. Performance Comparison of Major LLMs

achieved a balanced accuracy of 96.3% on structured data
tasks, while Claude Sonnet 3.5 led in whole-scan tasks for
real-world document parsing[52,53].

Model Accuracy (code/tech tasks) Notes

Claude 3.5 83.0% Best for structured technical domains
GPT-40 81.7%-96.9% (task-dependent) Highly consistent & reproducible
Copilot ~59.5% Best for integration in IDEs

Gemini ~53.6% Lower coding precision
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6 STAKEHOLDER PERSPECTIVES

The use of Large Language Models (LLMs) in software
development has greatly complicated the perceptual
landscape among numerous stakeholders. The parties
involved are characterized by mixed feelings of deep faith in
the revolutionary potential of LLMs and anxiety over their
shortcomings and danger. The research cited in [35, 54]
provides examples of such situations. An awareness of these
various outlooks is key to successfully steering the
implementation and subsequent growth of LLMs in software
engineering.

6.1 Software Developers

Software developers, as direct users of LLMs, generally
perceive these tools as highly beneficial for enhancing
productivity and streamlining routine tasks [30,35,54]They
report that LLMs are particularly helpful for generating
foundational code structures, assisting with C++ specific
syntax, debugging errors, and improving code quality [54].
LLMs also serve as a "pair-programmer” for developers,
facilitating quicker understanding and debugging of error

messages [54]. Studies indicate that LLMs can significantly
reduce task completion time, with some reporting over a 50%
reduction [30,33]. Beyond direct coding, LLMs assist
developers in learning new programming languages and
concepts, aiding in personal and professional development
[35]. Despite these advantages, developers face several
challenges [54]. They express concerns that over-reliance on
LLMs might deprive them of gaining fundamental coding
skills or negatively impact the software engineering job
market [54]. Technical inaccuracies, often referred to as
"hallucinations," and the generation of misleading or
incorrect content necessitate careful manual review before
integrating LLM outputs into production environments
[33,35]. Prompt engineering, the process of crafting effective
queries for LLMs, adds cognitive load and requires a specific
skill set, which can be a barrier for some users [30].
Interestingly, more skilled developers are often more inclined
to use Al code generation tools, suggesting that effective
utilization requires a foundational understanding of coding to
vet and manipulate the Al-generated code [54].

Stakeholder perspectives on LLMs range
from direct use to strategic oversight.

Impact timelines,
resource
allocation,
productivity

Direct Use

Strategic Oversight

Enhance
productivity,
streamline tasks

Executives

Gain competitive
advantage,
achieve ROT

Figure 3. Stakeholder perspectives on UMs range from direct use to strategic oversight.

6.2 Project Managers

Project managers recognize LLMs as powerful tools that can
significantly impact project timelines, resource allocation,
and overall productivity [30,55]. They foresee accelerated
development cycles due to LLMs automating repetitive
coding tasks, debugging, and potentially optimizing code,
which can lead to faster time-to-market [55]. LLMs can assist
in various project management aspects by processing large
amounts of project data, aiding in requirements analysis, and
providing insights for resource scheduling [55]. This
capability helps in more precise task assignments and
optimizing team utilization [55]. However, project managers

are also wary of the risks associated with over-reliance on Al-
generated outputs, which may introduce inaccuracies or
biases from the training data [55,56]. They emphasize the
continued need for human oversight to validate Al-generated
code and decisions [55]. The incorporation of LLMs to work
with already existing project workflows generally entails
changes in management styles and it may encounter
resistance from the organization [55]. Project managers'
concerns about data privacy, intellectual property rights, and
the ethical treatment of Al tools are very important and thus,
they have to be given due care and clear instructions while
implementing this [55].
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6.3 Business Leaders and Executives

Business leaders and executives consider LLMs to be a
strategic factor that secures their position in the market and
guarantees a significant return of investment (ROI) in
software development [57]. They understand the impact that
LLMs have on automating the routine operations, speeding
up the work processes, and improving the product
characteristics, thereby enabling operational efficiency to be
improved and innovation to be faster [58]. The feature of
LLMs to cut down on the time used for non-creative work
allows developers to direct their efforts towards solving more
complicated problems and creating the activities that add the
most value. Early adoption is regarded as being critical for
retaining a competitive edge in the technology sector that is
changing fast [3]. Nevertheless, this positive outlook is
moderated by the acknowledgment of significant problems
[57]. Executives reveal that they are worried about the
computational costs that come along with the activities of
both training and inferring LLMs, which are stated to be

much higher than the costs of traditional software systems [3].

Besides that, they are aiming at surmounting the resistance
that the organizations hold against the new technologies and
managing the problem of incorporating LLMs into the
existing IT infrastructures if they are to succeed [58].
Furthermore, business leaders are clearly at the forefront of
ethics issues related to the biases in the training data and the
lack of transparency when it comes to the LLM decision-
making that they see as the main factors that cannot be
ignored if fair and inclusive software solutions are to be
realized. At the same time, legal and reputational risks also
come into the equation [3].
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7. FUTURE EVOLUTION OF LLMS IN SOFTWARE
ENGINEERING

The trajectory of large language models (LLMs) in software
engineering  suggests a profound and ongoing
transformation—both in technological capability and in the
roles of human developers. While current LLMs have already
demonstrated remarkable aptitude in tasks such as code
generation, debugging, and documentation, their future
evolution is poised to address existing limitations and unlock
new paradigms in automated software development.

7.1 Multimodal and Context-Aware Systems

The path of LLMs in software engineering indicates a far
reaching and continuous change in both technological
features and the roles of people who do the jobs. Current
LLMs are still good at code generating, error detection, and
documenting but their future development is expected to
solve the problems they have and bring in new automated
software development scenarios.

7.2 Autonomous Software Agents

As LLMs evolve into agent-like structures, we are expecting
the emergence of independent software engineering agents
that can carry out full-stack jobs with very little help. Such
agents will handle end-to-end pipelines—including tasks like
understanding the vaguest customer needs to actually
deploying systems—by employing memory-augmented
architectures, self-revision loops, and multi-agent
collaboration techniques. OpenAl's AutoGPT, Google's
Gemini agents, and DeepSeekCoder are examples of this
trend in its infancy.

Prompt Engineer
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Figure 4. The future of software development: LLLM Developers.

7.3 Continual Learning and Real-Time Adaptation
Present-day LLMs have intrinsic limitations such as
knowledge cutoffs and they are in need of retraining from

time to time. However, upcoming models will
feature continual learning capabilities, allowing them to

learn new things on the go and access new frameworks,
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