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Abstract

The use of Al-powered tools in software engineering (SWE) has
increased significantly, primarily due to advancements in large
language models (LLMs). LLMs can generate code from natural
language prompts and even produce complete software artifacts.
Along with these changes comes a new class of people working
in the software industry: citizen developers. Citizen developers
generally have no technical background but can produce technical
applications or artifacts with the aid of LLMs. Moreover, LLM-
powered Al agents are being used across many application areas,
and there is a trend towards using such agents to solve all problems.
These changes merit consideration of how, by whom, and when
SWE tasks should be automated. Throughout this paper, we argue
that some problems should be solved with LLMs, while others
should not. We point out that the developers’ backgrounds matter
as much as the problems to be solved in this regard. The perspectives
we offer in this paper suggest that future research should consider
the limitations of both the users’ knowledge and the technology
behind the tools.
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1 Introduction

We are currently experiencing a moment where advances in artifi-
cial intelligence (AI), and especially in the fields of large language
models (LLMs), could be called a new revolution in automation. Day
by day, it seems that the LLM performance is in constant increase,
with newer and better models being rolled out from the research
and development divisions of technology giants.

In recent years, the development of new features such as sup-
port for multimodal inputs, retrieval-augmented generation (RAG),
voice-controlled agents, and autonomous Al agents has improved
the usability of LLMs. These innovations have also given rise to phe-
nomena such as vibe coding [57], citizen developers, and low/code
no code platforms. Citizen developers are defined as people who
engage in software development without prior technical expertise
[51]. This phenomenon has emerged from the proliferation of low-
code/no-code platforms. These platforms offer easy-to-use editing
interfaces that allow users to build simple applications by connect-
ing ready-made components and simplified scripting languages
[8, 55]. These new ways of interacting with computers democratize
software product development, enabling individuals with limited
or no technical expertise to explore their interests in this field.

It is becoming apparent that while Al technologies are useful
in many tasks, they are not the best answer to all problems. For
example, a recent MIT report ! found that only 5% of custom enter-
prise Al tools and 40% of general-purpose LLMs were successfully
implemented into production. In their report, a successful imple-
mentation was defined as one where the users or executives defined
Al to have a measurable positive impact on productivity or on profit
and loss (P&L) performance. This observation supports the hypoth-
esis that, even with current advancements, Al technologies are not
the perfect, one-size-fits-all solution they have been hyped up to
be. This reflects the argument Etzioni made in 1996. [18]:

We need to recognize that intelligent agents are ninety-
nine percent computer science and one percent AL

In this paper, we present considerations on the correct and mean-
ingful use cases for deploying artificial intelligence agents, based
on previous research. We also discuss how the background of the
developer (citizen or technical) defines the usage of Al. Addition-
ally, we reflect on the limitations of LLMs to offer insights into how

Uhttps://mlq.ai/media/quarterly_decks/v0.1_State_of Al_in_Business_2025_Report.pdf
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their implementation could fail. Not all problems are nails, so not
all solutions should be hammers.

First, we need to define what agentic Al actually is. Earliest theo-
retical definitions go back almost thirty years; In 1997, Wooldridge
used the following definition to describe an intelligent agent [70]:

An intelligent agent is generally regarded as an au-
tonomous decision-making system, which senses and
acts in some environment.

This describes modern LLM-powered agents quite accurately,
albeit at a high level of abstraction. Based on these principles, the
definition and practical implementation of agentic Al has evolved
into its modern form. In this form, agents are understood to be
software applications containing multiple independent LLM com-
ponents that can communicate with each other and utilize external
programs to achieve their goals, thus allowing varying degrees of
autonomy. An agent’s autonomy depends on its LLM components,
their role in the architecture, and its prompting. Simple Al agents
are not much more advanced than classical applications, while
more complex agents can harness data, make decisions, and access
external resources with minimal human supervision. [10, 26, 35].
In other words, Al agents are a mixture between classical sofware
engineering techniques combined with the capabilities of LLMs,
resulting in applications that can complete complex tasks with
minimal human involvement.

This paper is structured as follows. First, we examine the limita-
tions of large language models from various perspectives. Next, we
discuss the quality of code produced by LLMs, its implications for
software artifacts, and its effect on the software industry. Next, we
discuss how developers’ backgrounds and perspectives affect the
use of Al in software development. Finally, we discuss our findings
and conclude the paper.

2 Innate Limitations of LLMs

The idea of an automated agent is to perform autonomous, varied,
complex, and often reasoning-related tasks [16, 45]. This, however,
is not always in line with the capabilities of even the current state-
of-the-art (SOTA) LLMs. Although LLMs can process information
in different ways, they have limitations that prevent them from
reaching their full potential.

2.1 Hallucinations and Biases

Perhaps the best-known type of LLM limitation is hallucinations,
which means information generated by the model that is incorrect,
nonsensical, or misaligned with the original query [28, 63]. Several
studies [36, 39] have been conducted to understand the reasoning
behind hallucination in LLMs, as well as ways to mitigate and eval-
uate them. Among the identified reasons are inference methods and
model training types [36], as well as the use of spurious data [22].
Notable efforts to mitigate and benchmark hallucinations include
the Hallucination Benchmark HaluEval 2.0 [36] and Factualness
Evaluations via Weighting LLMs (FEWL) [68].

One of the downsides of the LLMs is their tendency to use in-
context learning shortcuts, also known as spurious correlations
[61, 73]. In short, spurious correlation occurs due to biases in
LLM training data. A comprehensive picture of different shortcut
phenomenon-related approaches can be seen, in e.g. [61], which
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encompasses, e.g., token bias, label bias, and position bias, and also
classifies the mitigation approaches presented in various studies
into three distinct types: data-centric, model-centric, and prompt-
centric approaches. Another subtle problem is that the LLM output
can be sycophantic; that is, it often contains excessive flattery and
overly agrees with the user [41].

2.2 Prompt and Input

LLM performance depends not only on the specific model, but also
on the prompt instructing its behavior. Even minor variations in
the prompt can result in different outputs. This is why prompt
engineering has emerged as a practice that aims to improve out-
put quality by meticulously defining prompts [44]. The methods
include, for example, introducing examples in the input (few-shot
prompting) [9], or instructing the model to reason [67]. There have
also been efforts to automatically enhance the given prompts, such
as Promptbreeder [19], Llama prompt-ops 2, or OpenAlI prompt
optimizer for GPT-53.

Various studies have inspected the effect of the input length
on the performance of the LLM in different tasks. The so-called
needle-in-the-haystack benchmarks, where the model is tasked with
finding a specific piece of information among the input [58, 60],
have become a standard way to measure the in-context retrieval
performance of different models [58]. Schuster et al. [58] tested 7
LLMs’ ability to find a needle-in-the-haystack on complex reasoning
tasks, and found that the model performance tended to decline
when a longer context was introduced. Schi et al. [60] found that
the semantic surroundings of the piece of information retrieved
affect the model performance in in-context information retrieval,
and that it has a greater impact on performance than input length.
Technical report from Chroma [24], where they tested 18 different
SOTA models, noted a performance decrease with context increase.

2.3

The easiest way to overcome the limitations of the model context
window is to improve the quality of the input. One automated
way to do this is through different types of RAG systems. Barnett
et al. [5] defined 7 failure points they faced when they built 3
different RAG-based systems across 3 different domains. These were
related to missing content or documents, not extracting documents
relevant to the query, the wrong format, or incorrect specificity
of the output, and incomplete answers. Furthermore, there exists
speculation that, for example, embedding-based retrieval may have
theoretical limits that may be impossible to overcome [69], thus
affecting their scalability and usability.

LLLM performance is often measured using benchmarks. Al-
though benchmarking is a well-established method in computer
and software engineering, it is finicky when applied to LLMs. For
example, changing minor things in multiple-choice questions can
affect the performance of the model in the task greatly [3]. Further-
more, Al can sometimes find a loophole that leads the model to
exploit imperfections in the benchmark design, resulting in a better
score. For example, in SWE Bench Verified [30], the model has been
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able to look for direct fixes in the future commit history of the fixed
issues®, thus improving the performance on the benchmark illicitly.

Another way to inspect the model capabilities is to look into
their capabilities in logical and mathematical reasoning. Jiang et
al. [29] note that LLMs are not genuine reasoners and tend to rely
on superficial patterns in the models’ training data. Mirzadeh et al.
[48] note that adding irrelevant clauses that appear to be seman-
tically close can hinder the model’s performance in mathematical
reasoning tasks up to 65%. This also seems to be in line with the
studies regarding the impact of input size on information retrieval
noted earlier.

Finally, there are differences in how different models can spe-
cialize in different tasks. For example, larger models are harder to
fine-tune than the smaller ones [62]. Shenfeld et al. [59] noticed that
models utilizing reinforcement learning preserve prior knowledge
better than models utilizing supervised fine-tuning. Additionally,
there appears to be a limit on the scalability of the current models
[31].

2.4 Emergent Security Threats

LLMs and AT agents have been shown to be a cause for multiple
new security risks [33]. One obvious aspect of this is the various
security vulnerabilities found in Al-generated code, observed by
Toéth et al. [65] and Panichella [53]. There may also be hard-to-detect
threats embedded in a foundational model during the training phase.
These include the so-called sleeper agents [25], where the model is
trained to depict some behaviour after a certain trigger is used, and
submiminal learning where the model gains behavioral traits from
semantically unrelated data, which can occur if the trained model
shares the same base model with the teacher model [14].

Other security risks are more straightforward. For example,
prompt injection is a technique where the LLM-powered systems
are manipulated to do something they are not supposed to do by in-
jecting malicious prompting into their workflow [46]. This kind of
malicious prompting can be hidden inside the contents of websites
and text files making it a real threat to the efficiency and security of
LLM-based systems. What makes the prompt injection particularly
insidious threat is, that it can be deployed in the documents in ways
that are not readily apparent to human observer, for example, by
using "invisible" i.e., white text. Lin et al. [37] have shown that
some scientific researchers use this technique to manipulate the
LLM-assisted peer review process, meriting the consideration of
whether LLMs should be used in assisting peer-review process at
all.

3 LLMs and Software Engineering
3.1 Software Quality

Utilizing LLM-produced code often leads to localized solutions,
which is a problem. A white paper by GitClear analyzed 153 million
changed lines of code, gathered between 2020 and 2023, and noted
a notable increase in code lines that are being reverted or updated
less than 2 weeks after being committed to the repository, and a
reduction in code-reuse [23]. In other words, the LLM generates

“https://github.com/SWE-bench/SWE-bench/issues/465
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the same solution in a different form, cluttering the repository with
unnecessary code and increasing technical debt.

With the help of modern, LLM-based solutions, software can be
developed by nonprofessional citizen developers. These tools also
speed up the development process for professionals, making the
creation of working prototypes significantly faster. However, this
can result in lower-quality code [49], as people with little or no
experience may be unable to assess the quality of the code produced
by LLMs. This can result in software that is not optimized or that
contains significant security vulnerabilities [7].

One example of using an LLM in software engineering is using
it for refactoring. Multiple benchmarks exist to measure an LLM’s
ability to perform this task. In an empirical study, Liu et al. exam-
ined 180 refactoring opportunities in Gemini and ChatGPT. They
found that ChatGPT identified 176 refactoring possibilities, 63.6%
of which were at the same level or better than those identified by
human participants. [38], while Gemini suggested 137 solutions.
However, the authors noted that both models suggested a small
number of unsafe refactorings [38]. Pomian et al. noted that after
applying a technique they developed, LLM was able to suggest
similar refactoring as developers in 53.4% of the tested 1752 cases
[54]. They also seem to be able to suggest design patterns to some
extent, for example, ChatGPT-3.5 answered 56 design pattern ques-
tions, 93% of which with a good level of detail [42]. Liu et al. [40]
explored LLm capability in the IT operations, with a benchmark
that included 9,070 questions, and their findings highlight the need
to consider two aspects, performance and robustness of the models
in this task.

Yang et al. [72] studied the generation of unit tests with open-
source LLMs, and came to the conclusion that hallucinations exhib-
ited by the LLMs are one of the key problems, and that traditional
methods of countering hallucinations such as RAG and Chain-of-
Thought (CoT) seemed to be ineffective in this use case. Another
study by Ouedraogo et al. [52] came to similar conclusions, although
their observations on the usefulness of CoT did differ somewhat.

3.2 Implications on Autonomous Systems
Producing Software Artifacts

The ecosystem of software development places its own obstacles
to overcome. For example, Zimmermann et al. [78] note that the
NPM ecosystem > has multiple potential single points of failure,
and that many packages are dependent on vulnerable code due to
a lack of maintenance. Miller et al. did a quantitative analysis of
28,100 widely-used NPM packages, and noted that 15% of them were
abandoned within a 6-year observation window [47]. Moreover,
similar problems are also in other package ecosystems. Alfadel et
al. conducted an empirical study, inspecting 1,396 vulnerability
reports affecting 698 packages in the Python ecosystem (PyPi), and
noted similar problems [2]. Furthermore, only a small number of
developers are willing to announce the deprecation of a package,
and a significant number of open-source Python packages are in
poor maintenance [77].

These observations raise two questions. First, how well can the
LLMs identify and use suitable repositories? And second, can they
automatically detect repositories containing malicious code?

Shttps://www.npmjs.com
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Regarding the LLM’s ability to find suitable repositories, we
could mention framework EnvX [11], which achieved a 74.07% exe-
cution completion rate and 51.85% task pass rate performance on
benchmark GitTaskBench [50]. Wang et al. [66] developed Mal-
PacDetector, which achieved a false positive rate of 1.3% and a false
negative rate of 7.5% in the detection of npm packages contain-
ing malicious code using a dataset consisting of 7,309 packages,
of which 3,258 contained malicious code. Similarly, Zahan et al.
[75] code review workflow achieved a near-perfect accuracy with
a dataset from MalwareBench [74], which comprised a total of
5,115 npm packages, of which 2,180 packages were infected with
malicious code.

Despite the promising results, the final answer may not be
straightforward. A malicious actor can easily mislead the mod-
els through obfuscation or prompt injection, which could result in
the use of an infected repository. For example, Wyss et al. evaluated
LLMs’ ability to detect malicious NPM package updates and demon-
strated that mild code obfuscations allow adaptive adversaries to
bypass LLM-based detection [71].

3.3 Effect on the Software Industry

As the internet has proliferated, it has become commonplace for
software development professionals to turn to online tutorials and
message boards for guidance. In this sense, using an LLM to provide
development advice is the next logical step in the evolution of the
SWE ecosystem. Similarly, over the past two centuries, we have
gradually moved towards using natural language in programming,
reducing specificity and adding layers of abstraction that distance
developers from how machines work. From this perspective, the
rise of code generation through prompting by LLMs is a logical
progression. The end goal of using agentic Al professionally is
simple: a human enters complex instructions, such as software
requirements or perhaps only an idea or problem statement in
natural language. From these inputs, the LLM creates the desired
output: a complete, scalable software artifact. However, the current
state of affairs is more complex..

From a professional point of view, we must first examine at what
phase of the development process LLMs and agentic Als should be
used. One could argue that this depends on multiple perspectives.
A preliminary study measuring brain activity during essay writing
tasks indicates that using Al after the initial draft has been written
by hand increases brain activity, while using it beforehand reduces
it [34]. Furthermore, Alami et al. note that in code review, the LLM
seems to disrupt the natural accountability [1], as an LLM cannot
be held responsible for outcomes produced. Another problematic
aspect is the potential decrease in overall developer quality. Relying
too heavily on LLMs to write code can result in an incomplete un-
derstanding of the fundamental principles of software development
[20].

One example of evaluating the effectiveness of the software
developers is a study conducted by Becker et al. [6], where they
measured the productivity of 16 developers, with an average work
experience of 5 years, noting that allowing experienced open-source
developers to access Al tools actually increased completion time
by 19%. A study by Martinovic et al. [43] concluded that Al tools
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Agentic System Output

Figure 1: Presentation of how a non-technical person may
be able only to assess the final output, and might view an
agentic system essentially as a black box.

that aided in software development had increased the work satis-
faction of the developers significantly, although in other measured
factors, the increase in value was less visible. Additionally, Pomian
et al. [54] created an IntelliJ IDEA © plugin for refactoring, and
noted that 81.3% of 16 developers testing a plugin agreed with the
recommendations made by the plugin.

For developers, LLMs and LLM-integrating tools can add an
additional layer of quality assurance. One such example of applying
LLMs in quality assurance is to study how LLMs are being used for
code review tasks. Cihan et al. [13] study utilized the open-source
Qodo PR Agent 7, and noted that the pull request closure time
increased, but a more focused survey in 22 practitioners observed a
minor improvement in code quality. One of the more recent works
was conducted by Sun et al., who developed BitsAI-CR [64], which is
a system that achieves high accuracy on industry-scale automating
of code review with an automated, self-improving pipeline with 75%
precision in review comment generation with over 12,000 weekly
active users. Furthermore, similar results have been achieved in
code refinement, utilizing a hybrid method that combined a rule-
based system and LLMs, achieving up to 66% in code refinement
generation and 79% accuracy in extracting reviewers’ modification
intent from the comments [21].

4 Perspective and Background Matters

Inspecting how people with differing backgrounds appraise the
output and mid-steps of such tools or systems in the SWE context
can provide an important perspective. As depicted in the Figure 1, a
technically illiterate individual may see the system only as a black
box, able to assess only the output of the system. On the other hand,
an individual with a more profound technical background may
understand the mechanisms of the system better, understanding
all or at least some of the individual steps made to create the final
output of the system. This is illustrated in Figure 2.

Thus, we should consider the perspectives of different groups,
separated by their varying technical knowledge. This leads us to
categorize the target groups into three distinct groups, each with
varying technical knowledge: These groups include: 1) those with
a proficient technical background, 2) those with a limited technical
background, and 3) those without any technical background.

4.1 Individuals with strong technical
backgrounds

Individuals with strong technical backgrounds can use Al agents
to streamline mundane tasks and support different software devel-
opment processes. Those individuals can also validate the output
produced by these tools. Moreover, if they are familiar with the
product or service under development, they can spot redundancies

Chttps://www.jetbrains.com/idea
https://github.com/qodo-ai/pr-agent
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Table 1: Common SWE use cases with justifications, and applicability by user type. Used abbreviations: individuals with strong
technical knowledge (STK), individuals with moderate technical knowledge (MTK), citizen developers and other non-technical
stakeholders (NTS), positive impact when used properly (++), slight positive impact when used properly (+), negative or no

impact (-), and with major caveats (*).

Use case Justification STK MTK NTS
As a debugging tool. The debugged problems are often common, trivial, and repetitive. Moreover, | ++ ++ +*
developers of all skill levels tend to become blind to their errors.
As an additional quality | Al tends to repeat patterns in its training data, but still, domain knowledge is | ++ ++ -
assurance. required.
As an additional source to | Deep research tools can search the internet with a breathtaking scope. However, | ++ + -
find information of e.g., li- | due to limitations of the current LLMs fueling agentic systems, utilizing these
braries. tools in information retrieval requires vigilance and domain knowledge.
Code refactoring. Research shows that LLMs won’t catch all the refactoring opportunities, and | ++ ++ +
thus, a professional dev with technical knowledge is needed to supplement AI’'s
work. Moreover, there is a risk that Al refactorings break the code, emphasizing
the need for technical knowledge.
Create a functional of- | As noted, there are fewer risks related to the development of an offline program | + ++ +*
fline program. with lacking knowledge and skills compared to software artifacts online.
Creating prototypes or | Creating quick mock-ups helps to accelerate iteration and increase understanding | ++ ++ ++
mock-ups. of the problem space and of the potential solutions.
Helping to outline or de- | Useful after initial rough sketching to help order and structure ideas. The research | + + +
fine the problem state- | seems to indicate that Al should be used only after the initial sketches have been
ment. created.
Troubleshooting system | The risks relate to the user not understanding the effects of changes suggested | ++ +* +*
configuration issues. by the agentic system.

Agentic System

- -
Agent LA Agent
e ool

N N Code execution | <DB-2>

Agent ) Agent
N

Figure 2: Presentation of how a technical person views the
agentic system and its output (the AI-produced software ar-
tifact). In an ideal situation, they can understand, validate,
and potentially fix the intermediate steps.

in the code because Al tends to focus on local solutions. Inter-
estingly, professionals seem to adopt this new technology mainly
based on how well it fits their existing practices and workflows
instead of replacing them [56].

We could argue that professionals should have access to a more
complex toolbox or set of features than citizen developers. Of course,
individual skill levels vary. Some people may have technical under-
standing but lack the necessary skills. They may understand what
kind of inputs are sufficient and have the ability to understand cod-
ing, but they lack the full comprehension that comes with training
and learning the different skills required in SWE.

4.2 Citizen Developers and other non-technical
stakeholders

Citizen developers, meaning individuals with little to no profes-
sional experience, are more likely to view Al-produced artifacts

as essentially black boxes. This makes it difficult to assess the reli-
ability of systems built by them. Given the current limitations of
the technology discussed in this paper, we argue that these groups
should primarily use autonomous agents for supportive processes
in a professional setting. For instance, creating an initial draft of
the desired software can help software professionals better under-
stand the problem statement. The created prototype artifacts can be
used to explain their strengths and weaknesses. Thus, the produced
output can serve as a starting point for discussion.

These kinds of limitations may be important, as the non-technical
stakeholders do not necessarily understand the potential pitfalls
of technology. Not only are the potential security vulnerabilities
an issue (e.g. Toth et al. [65], Panichella [53]), but as the endlessly
scaling cloud infrastructure has become more commonplace, the so-
called denial of wallet[32] scenarios, also known as cloud overflow,
are a real threat to organizational stability.

While this kind of scenario is usually the result of a cyberattack,
similar outcomes are possible when code contains elements that can
generate an unlimited amount of resources within a system without
automated kill switches. The increased usage of Al-powered tools
by citizen developers significantly increases these risks.

Nevertheless, it should be acknowledged that artifacts created
by less professional users can be valuable in their own right. For
example, Chow et al. [12] utilized vibe coding to create clinical
teaching simulations, noting that such tools allow a shift in focus
from technical constraints to pedagogical goals and enable fast
prototyping. In Table 1 we have outlined common SWE use cases
and related them to the knowledge and skill level of the person
using the tool.
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5 Problems worth solving

This leads us to the question: If systems orchestrated by autonomous
agents are hammers, then what are the problems that these ham-
mers should solve? We can look at a 1999 paper in which Jennings
[27] notes that each successive development in software engineer-
ing is, generally,
“to make the engineering process easier or to extend the
complexity of applications that can feasibly be built.”

Jennings [27] noted that the methods developed up to that point
fell short in three main ways:

“(i) the basic building blocks are too fine-grained; (ii) the
interactions are too rigidly defined; or (iii) they possess
insufficient mechanisms for dealing with organisational
structure.”

We can argue that agentic coding has solved these shortcomings
at least partially. For example, Durrani et al. [17] show in their study
how integration of Al in to SE industry has had a positive impact.
However, as noted throughout this paper, the current progress has
not come without its own set of problems.

In order to determine which problems these tools are meant to
solve, we must first understand the limitations of the current models.
Valid considerations include defining the problem statement, the
end goal, and how easily the output can be verified. Additionally,
assessing the likelihood of success, the rigidity of the final output
or mid-step validation, and the resilience of the end product to
mistakes can provide sound grounding. Ultimately, clarity is of
importance, as the clarity of the problem definition, mid-steps, and
solution dictates the likelihood of verifying success of Al in a given
task.

Agents are constrained not only by Al capabilities but also by
the limits of the external tools they use. Improving the LLM perfor-
mance is not the only way to enhance the agent’s overall perfor-
mance. Other ways to improve the agent include giving it access to
additional external tools or improving existing tools. Sometimes,
the model or tool capability is sufficient, but the user must have
background knowledge to validate the input provided by the agent
to the tool. This can occur when, e.g., the agent’s task involves iden-
tifying and using a statistical method to analyze a dataset. Thus the
user experience of the agentic system can have a crucial impact
on the system’s usability and performance. For example, clearly
separating the input and output of the tool from the LLM’s out-
put powering the agent can be helpful. Of course, sometimes the
limitation is that the training data for the underlying models lacks
sufficient examples, making the agent incapable of performing a
task. In addition to this, LLMs are prone to spurious correlations
and shortcut learning, which may lead to erroneous output.

As noted in Section 3.3, LLMs can be used as additional safe-
guards in quality assurance to identify problems in code that might
be overlooked. Having this “second opinion” is useful since it is
easy to become blind to the errors we make. In this way, LLMs can
offer possible solutions, potentially saving significant amount of
time.

We should also inspect the cost structure of software develop-
ment. For example, Deghani and Ajrahimi separated costs related
to software development into 2 different phases, production and
maintenance, and noted that 90% of the costs during the software
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life are associated with its maintenance phase [15]. Zarnekov and
Brenner surveyed costs over the application lifecycle on 30 IT appli-
cation systems in three different companies for a production time of
5 years, and found that recurring costs for production and further
development covered 79% of the overall costs [76]. A recent study
by Ancan et al.[4] revealed that 55% of software developers already
use LLM-assisted tools in maintenance tasks, and that 69% of these
developers report an increase in productivity due to this. This sug-
gests that LLM-based solutions can have a significant impact on
the maintenance costs of software applications.

6 Conclusion

In this paper, we outlined when and where autonomous agents
should be applied when automating different SWE tasks. For those
without a technical background, autonomous agents should be
used in well-defined, restricted problem spaces. Using them to
produce software for direct production use without verifying the
software security or functionality by a technically skilled individual
is often not advisable. Agentic tools can help non-technical users
outline the problem space and convey the necessary information
to the developers, but also use no-code or low-code applications
for development in environments that are restricted or secure in
other ways.

More freedom can be allowed for persons with some background
in SWE. The artifacts they produce may be used directly in the final
software product, but direct use of such outputs should be carefully
considered on a case-by-case basis. One way to mitigate risks is to
allow only white-listed packages, libraries, or dependencies.

For those with a strong technical background, Al-based tools
can provide a useful foundation. There is no need to define starting
templates by hand anymore. Additionally, solutions can be adapted
directly to the problem at hand to a certain extent. Minor errors can
be detected and corrected. Furthermore, AI's tendency to follow
patterns in its training data makes it ideal for ensuring that any
commonly included aspects are not missed. Therefore, adding an
Al-based tool for quality assurance, while not relying on it blindly,
is recommended in most cases.

There is immense potential for automating different SWE tasks.
However, despite constant performance increases, the models used
by autonomous agents have innate limitations that hinder their
usefulness. Current research focuses more on the capabilities than
the limitations of these models. A core research initiative for future
work is recognizing these shortcomings and paving the way for
automating SWE tasks with these limitations in mind. Additionally,
more emphasis should be placed on automating the maintenance
of products instead of creating new software artifacts from scratch.

Original chatbot-focused interactions are the command-line
tools of the modern era. Thus, integrating and designing differ-
ent tools that utilize autonomous agents will change the landscape
in the years to come, even if the development of the core of these
tools—LLMs— would have already peaked.
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