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This thesis presents a Systematic Mapping Study (SMS) on Large Language Model (LLM)-
based agents in software testing. The aim of this study is to explore the usage of these agents,
what type of different architectures have been applied in software testing and what
advantages or limitations have been reported. The study systematically reviews publications
from IEEE Xplore and Springer Nature Link from recent years. 13 studies related to LLM-
based agents in software testing were selected for comprehensive analysis.

Results show that LLM-based agents are being applied in various task in the field of software
testing, including test case generation, unit testing, debugging, GUI testing and analysis of
test cases. Most of the studies included focused on multi-agent architectures which enhance
automation, test coverage and accuracy through collaboration between agents and iterative
methods used by these agents. Included publications also reported limitations such as
scalability, dependency on LLM, prompts and hallucinations. Thesis also covers how
traditional test automation has evolved to LLM-based agents.

The thesis concludes that LLM-based are potentially great addition software testing
workflows by improving efficiency and automation, but more research is needed to
standardize architectures and apply them in large-scale projects and processes.
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Tamaé opinndytetyd esittelee systemaattisen kartoitustutkimuksen ohjelmistotestauksessa
kéaytettdvistd Large Language Model (LLM) -pohjaisista agenteista. Tutkimuksen
tavoitteena on tutkia ndiden agenttien kéytt6d, millaisia erilaisia arkkitehtuureja on
sovellettu ohjelmistotestauksessa ja mitd etuja tai rajoituksia on raportoitu. Tutkimuksessa
tarkastellaan systemaattisesti IEEE Xploren ja Springer Nature Linkin julkaisuja viime
vuosina. Kattavaan analyysiin valittiin 13 tutkimusta, jotka liittyvdt LLM-pohjaisiin
agentteihin ohjelmistotestauksessa.

Tulokset osoittavat, ettd LLM-pohjaisia agentteja kiytetddn erilaisissa tehtdvissd
ohjelmistotestauksen alalla, mukaan lukien testitapausten luominen, yksikkdtestaus,
virheenkorjaus, graafisen kdyttoliittymén testaus ja testitapausten analysointi. Useimmat
tutkimukset keskittyivit moniagenttiarkkitehtuureihin, jotka parantavat automaatiota,
testien kattavuutta ja tarkkuutta agenttien vilisen yhteistyOn ja iteratiivisten menetelmien
avulla. Mukana olleissa julkaisuissa raportoitiin  myds rajoituksista, kuten
skaalautuvuudesta, LLM riippuvaisuudesta, kehotteista ja hallusinaatioista. Opinndytetyd
késittelee my0s sitd, miten perinteinen testiautomaatio on kehittynyt LLM-pohjaisiksi
agenteiksi. Viitoskirjan johtopéddtoksend todetaan, ettd LLM-pohjaiset menetelmét ovat
potentiaalisesti loistavia testauksen tyonkulkuja parantamalla tehokkuutta ja automaatiota,
mutta arkkitehtuurien standardoimiseksi ja soveltamiseksi laaja-alaisissa projekteissa ja
prosesseissa tarvitaan lisdd tutkimusta.
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FIGURES AND TABLES

Figure 1: LLM-based agents consist of several core components that enable them to perceive

their environment, make decisions, and execute tasks autonomously. Component according

to Cheng et al. (2024).

Figure 2: PRISMA Flow Diagram on identification, screening and inclusion/exclusion of

publications gathered from IEEE Xplore and Springer Nature Link.

Figure 3: This chart shows what software testing tasks LLM-based agents are performing

across all studies. Chart shows how many times task was mentioned in different studies.

Figure 4: This pie chart shows how many studies included in this thesis discussed about

multi-agent architectures and single-agent architectures
Table 1: Limitations of LLM-based agents according to Barua (2024).

Table 2: 13 publications were included in the study. Publications are presented in

descending order by year.

Table 3: This table shows the contents and focus of every included publication. This includes

the title, application area, agent type, tools and framework if stated specifically
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1 Introduction

Software testing is fundamental part of software development life cycle (SDLC) it enables
quality assurance (QA) and detects bugs within software (Feldt et al., 2023). Automating
testing is a crucial part of software testing because it ensures quality and dependability
(Garlapati et al., 2024). Software development has recently evolved rapidly and ensuring
code quality and reliability has become more challenging which has led to demand for more
efficient software testing automation solution. Also, recent developments on large language
models (LLM) have shown promising results in software engineering (SE) (Ba et al., 2025).
LLM-based agents combine these two. Autonomous LLM-based agents are capable of
executing tasks independently with the help of LLM working as the “brain” to Cheng et al.
(2024). Idea of LLM-based agent is to equip LLMs with human-like abilities such as
memory, planning and behaviour to complete various different tasks independently and
effectively (L. Wang et al., 2024). The research on these LLM-based agents is fairly new

and there are a lot of things that are yet unexplored.

This systematic mapping study aims to give comprehensive overview on previous research
on the field. Thesis discusses different architectures such as single-agent and multi-agent
architectures and discusses benefits and issues related to LLM-based agents. To explore

previous research following research question was constructed:

Research Question: What is the current state of LLM-based agents in software testing in

terms of application areas, architectures, and reported advantages and limitations?

This thesis is organized into following chapters to systematically explore LLM-based agents
in software testing. Background chapter explains the lifecycle from software test automation
to LLM-based agents. Background also refers to intelligence agents to help understand
LLM-based agents. Methodology chapter covers the systematic mapping process. Data
Analysis answers the research question with the extracted publications, followed by

discussion on the results and research gaps.



2 Background

This chapter offers a comprehensive overview of Large Language Model (LLM)- based
agents and their role in software testing. It introduces the reader to software testing and
automation, role of LLMs and intelligent agents and finally introduces LLM-based agents
as the next step in usage of Al in software testing. This chapter also refers recent research

and gives a solid foundation for a systematic mapping study conducted in this thesis.

2.1 Software Testing and Usage of Automation

Software testing is a systematic process that ensures an application satisfies pre-development
requirements and performs as intended in terms of performance or quality (Alsarraj et al.,
2025). The main purpose of software testing is to identify defects or errors in the software
system that could potentially lead to incorrect or unexpected behaviour (Junjie et al., 2024).
Testing is one of the essential parts of the Software Development Life Cycle (SDLC) and
often lasts more than half of the development time (Alsarraj et al., 2025). The whole life
cycle of software testing typically includes activities such as analysing requirements,
planning tests, designing and preparing test cases, executing tests, reporting results, fixing
bugs. Testing phase itself consists of unit, integration, system, and acceptance testing which

ensure that functional and non-functional requirements are met (Junjie et al., 2024).

As the software systems grow more extensive and complex, software testing using manual
methods becomes harder to apply. Organizations and developers therefore prefer faster
testing methods that provide higher reliability and scalability which test automation can offer
rather than manual testing (Neelapu, 2025). Also, rapid rise of agile development,
continuous integration/continuous delivery (CI/CD) pipelines and DevOps guidelines,

manual testing often becomes a bottleneck for testing (Girijah, 2024).

Test automation addresses the problems with manual testing. These problems mainly consist
of slow development cycle, high costs possibility of human error and scalability issues
(Girijah, 2024). According to Girijah (2024), test automations key elements include faster
feedback, shorter development cycles, increased test coverage, higher accuracy and

consistency, automating repetitive tasks and scalability compared to manual testing. Despite
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these benefits, it comes with its own challenges, such as initial costs, setup time, maintenance
of test scripts, overall costs of maintenance and possibility of false positives and false
negatives (Girijah, 2024). As automation becomes increasingly essential in testing and
managing different areas of testing, utilizing Al technologies such as Large Language
Models (LLMs) and Agents have become important in making automation and software
testing more efficient. These LLMs and Agents address limitations of traditional methods in

automation.

2.2 Large Language Models

Large Language Models (LLMs) is a type of artificial intelligence (AI) that utilizes deep
learning technologies and vast datasets to process and generate human-like language. LLMs
are pre-trained language models (PLMs) of significant size. LLMs are typically built using
the Transformer architecture, which stacks multi-head attention layers in a deep neural
network. LLMs can scale their model size, data, and computational power. This scaling
enables them to perform complex reasoning, natural language understanding, and in-context
learning, allowing them to adapt dynamically to different tasks. Also, LLMs ability to
manage large datasets and execute wide range of different tasks have made LL.Ms potential

tools for software testing (Junjie et al., 2024).

Main purpose of LLMs in software testing is to ensure reliability and performance of the
software. By utilizing LLMs in software testing, debugging, bug fixing, localizing faults and

repairing, testing become more effective and less time consuming (Yihao et al.,2025).

2.3 Intelligence Agents

Artificial intelligence (Al) is defined as the intelligence demonstrated by machines and
computers. This intelligence occurs in form of performing tasks and thinking in a similar
way to humans. Computational system is considered artificially intelligent if it possesses the
ability to understand the surrounding environment, make proper assumptions, and based on
the circumstances make judicious decisions that maximize the possibilities of accomplishing
goals. Computational systems with these attributes are also referred as intelligent agents

(Kumar, 2021).
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Intelligent agents are built of cognitive functions which use environmental parameters and
contextual information as inputs alongside with defined goals to determine optimal actions
to reach desired goals autonomously. Intelligence agents can perceive, learn, adapt, and
make informed decisions within complex environments because of Als inter-disciplinary
(Kumar, 2021). AI includes many disciplines such as NLP and Machine Leaning but
advancements in reinforcement learning have improved Al-agent's abilities. Through
reinforcement learning, Al agents can learn and improve by interacting with their
environment based on reward and punishment mechanisms, allowing them to perform tasks

independently (Kumar, 2021., Haolin, 2024.).

2.4 LLM-Based Agents

As the Al technology evolve also intelligence agents utilize newer technologies, for example
LLMs such as GPT-4. LLM-based agents are intelligent systems that use LLMs as their
“brain”. Unlike intelligence agents that rely on fixed rules, these LLM-based agents combine
natural language understanding and reasoning with autonomous decisions by engaging in
multiple rounds of interaction, gathering information through customized prompts, and

learning from experience (Haolin, 2024).

According to Cheng et al. (2024), LLM-based agents consist of several core components
that enable them to perceive their environment, make decisions, and execute tasks

autonomously. Each component has role in agents’ behaviour and task performance.

Objective
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Figure 1: LLM-based agents consist of several core components that enable them to
perceive their environment, make decisions, and execute tasks autonomously. Chart design

by Cheng et al. (2024). Illustrated by Jaakko Tyyneld.

LLM-based agents offer autonomy, adaptability, and the capacity to handle complex
software testing tasks. Despite the benefits, they still have known disadvantages. According
to Barua (2024), main disadvantages of LLM-based agents are related to its integration and

scalability limitations, issues with human alignment and hallucinations.

Limitation Description

High computational cost Multimodal processing can be resource
intensive
Inconsistency Using many datasets can lead to many

different interpretations

Human misalignment Misunderstandings, bias, or incorrect

outputs reduce trust

Hallucination Possibility of agent producing false data or

misinterpreting datasets

Integration and evaluation challenges Ensuring consistency and monitoring

performance remain difficult

Table 1: Limitations of LLM-based agents according to Barua (2024).

Despite LLM-based agents' disadvantages, they are still significant step towards perfecting
autonomous agents. Problems and issues related to LLM-based agents are being addressed

and researched extensively as research field is new in software testing.
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2.5 Landscape and Previous Research

The focus of studies in software testing has been related to Al, machine learning (ML) and
using LLMs to tackle the disadvantages of manual testing methods and traditional
automation in current economy. More specific areas of that research have been automated
test generation, fault detection, and bug repair in software testing (Junjie et al., 2024; Yihao
et al., 2025). Studies that have specifically explored LLMs in software testing have covered
the effect LLMs have on automation and efficiency of the software testing phase (Haolin,
2024; Cheng et al., 2024). Although many papers have covered the application and usage of
LLMs in software testing, intelligence agents and automation with Al they rarely focus on
LLM-based agents specifically in software testing. Because the research area is new, there
is limited research done on only LLM-based agents as a distinct category within software
testing. The advantages of LLMs and so LLM-based agents are often stated but the
disadvantages are usually left out. Crucial information that has been left out and narrowing
down the scope of research have made a gap in research. This gap indicates that by
conducting a systematic mapping study of LLM-based agents and their advantages,
limitations and applications in software testing workflows, could be beneficial for future

research.
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3 Methodology

This section covers the systematic mapping study process (SMS), query of databases,
database screening with inclusion and exclusion criteria, and the information extraction from

the relevant data.

3.1 Systematic Mapping Study

Methodology used in this study is Systematic Mapping Study (SMS). The usage of LLM-
based agents in the software testing phase is a new and rapidly developing area. SMS offers
a comprehensive overview of this vast research topic. SMS also contributes to identifying
relevant data from the current literature, identifying research gaps and creating a
comprehensive base for future research on LLM-based agents in the software testing. SMS
includes selection of search sources, construction of search strings and selection criteria.

SMS uses inclusion and exclusion criteria as the selection criteria.

3.2 Conducting Systematic Mapping Study

This section covers applying and conducting SMS process. Aim of this chapter is to locate
suitable and relevant databases of utilization of Large Language Model (LLM)-based agents
in the software testing phase. The search aimed to identify peer-reviewed publications

discussing applications, architectures, advantages and limitations.

The keywords to create the search strings were the result of analysis of research question
and the background chapter. Keywords have been divided into three main categories to get

more accurate information on different topics.
LLM, LLM-based agent related keywords:

e “Large Language Model”, “LLM”, “LLM-based agent”, “intelligent agent”,
“learning agent”, “artificial intelligence”, “Al”, “reinforcement learning”,
“Transformer architecture”, “deep learning”, “GPT-4", “Hallucination”, “Learning

agents”.
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Software testing related keywords:

e “Software testing”, “test automation”, “manual testing”, “software system”,
“SDLC”, “Software Development Life Cycle”, “test generation”, “debugging”, “bug
fixing”, “regression testing”, “test coverage”, ‘“test scripts”, “continuous

integration”, “CI/CD”, “DevOps”, “automation”, “software development”.

Previous keywords were combined into search string using Boolean operators such as
“AND” “and “OR”. Searches were also limited to English language publishes during time
of 2023-2025. This period was chosen because the research field is new, and most of the
relevant data has been published in this timeframe. Research types included in this study
were book chapters, articles, conference papers, research articles and review articles. Book

chapters are included because majority of relevant data are smaller chapter inside a book.
The chosen databases for systematic search were Springer Nature and IEEE Xplore.
IEEE Xplore:

e (("LLM-based agent" OR "LLM based agent" OR ("large language model" AND
agent) OR ("LLM" AND "agent")) AND ("software testing" OR "automated testing"
OR "test automation")). Filter for year (2023-2025) was applied. Resulted in 22

matches.
Springer Nature Link:

e (("LLM-based agent" OR "LLM based agent" OR ("large language model" AND
agent) OR ("LLM" AND "agent"))) AND ("software testing" OR "automated
testing" OR "test automation"). Filters for year (2023-2025) and language (English)

were applied. Resulted in 69 matches.

While constructing search strings it was discovered that using too many keywords resulted
in either no results or too many results. Using “LLM” and “Agent” as a pair/combination
and narrowing the scope to only research that mentions software testing or automated testing
or test automation resulted in matches that could be closely related to the study. Also, after
testing many variations on search strings, identical string seemed to be the most viable option

for both, IEEE Xplore and Springer Nature Link.
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3.3 Inclusion and Exclusion Criteria

Inclusion and Exclusion Criteria were defined to include only relevant, high-quality and
reliable data in this study. These set of criteria were involved in selection and qualification
of studies fetched from IEEE Xplore and Springer Nature Link. IEEE Xplore and Springer
Nature Link are both trusted publishers, and the publications are peer-reviewed and
considered reliable sources. Every source was still screened with inclusion and exclusion
criteria to ensure suitability for this study. Applying inclusion and exclusion criteria ensures

consistency and clarity for entirety of the SMS process.

The publication to be included, it must address the LLM-based agents in context of software
testing. The publications must match the research topic or the research question. The
publication also must be released between 2023 and 2025 to ensure that the data is relevant
and up to date. To maintain consistency, only research written in English was qualified and

research must be peer-reviewed in order to be included.

Publications were excluded if their focus was on general Al, LLMs or intelligence agents
without context of software testing. Also, papers that only covered software testing and
automation without LLMs and agents were excluded. Duplicate publications are to be

expected in which case only one copy is included.

3.4 Screening of Papers

Papers were screened for inclusion and exclusion. This ensured that qualified papers were

relevant and answered the research question.

First the titles of every fetched paper from IEEE Xplore (22) and Springer Nature Link (69)
were screened for irrelevant topics that didn’t relate to LLMs, LLM-based agents or software
testing. Also, possible duplicate papers from IEEE Xplore and Springer Nature Link were

removed.

Second, the abstracts of all included papers were screened for inclusion/exclusion. Only
papers that relate to LLMs or LLM-based agents and software testing were included. In cases
that were unclear, also introduction and conclusion were screened. Papers with irrelevant

abstracts were excluded.
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Remaining publications were fully screened to ensure that publication has relevant
information on LLM-based agents in software testing. Inclusion and exclusion criteria from
section 3.3 was fully applied to ensure only relevant papers are included in this thesis. 13

publications were included for data extraction.

=
=
E Records identified through
é database searching from IEEE
'E Xplore and Springer Nature Link
(n=91)
=
[
Publications excluded
(n=21)
. . In addition fo irrelevant titles,
Title Screening 9
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£ 1 (n=0)
=
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[-F]
T
L
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Abstract Screening Publications excluded
(n=70) (n=26)
“? Full-text publicati d for
= ti-text publications assessed fot Publications excluded
= inclusion
20 (n=44) (n=31)
M
=
W
E Publications included
= (n=13)
=
L}

Figure 2: PRISMA Flow Diagram on identification, screening and inclusion/exclusion of

publications gathered from IEEE Xplore and Springer Nature Link.

As shown in Figure 1, 13 publications were included in the study. Publications included are

shown in Table 1.



Title
Agents in software
engineering: survey,

landscape, and vision

Author(s)
Wang, Y.; Zhong, W.;
Huang, Y.; Shi, E.; Yang,
M.; et al.

Year

2025

Source

Springer
Nature

18

Evaluation of the
Choice of LLM in a
Multi-Agent Solution
for GUI-Test

Generation

Tomic, S.; Alégroth, E.;

Isaac, M.

2025

IEEE Xplore

A Multi-Agent
Approach for REST
API Testing with
Semantic Graphs and

LLM-Driven Inputs

Kim, M.; Stennett, T.;
Sinha, S.; Orso, A.

2025

IEEE Xplore

NIODebugger: A Novel
Approach to Repair
Non-Idempotent-
Outcome Tests with

LLM-Based Agent

Ke, K.

2025

IEEE Xplore

Using LLMs to Analyze

Software Requirements

for Software Testing: A
Comparative Study

Boukhlif, M.; Kharmoum,
N.; Hanine, M.; Lagmiri,
S.

2025

Springer
Nature

CoverNexus: Multi-
agent LLM System for
Automated Code

Coverage Enhancement

Tran, V.-T.; Ba, T. N.;
Thanh, B. N.

2025

Springer
Nature

Intent-Driven Mobile
GUI Testing with
Autonomous Large
Language Model
Agents

Yoon, J.; Feldt, R.; Yoo,
S.

2024

IEEE Xplore
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A survey on large
language model based

autonomous agents

Wang, L.; Ma, C.; Feng,
X.; Zhang, Z.; Yang, H.; et

al.

2024

Springer
Nature

Test-Agent: A
Multimodal App
Automation Testing
Framework Based on
the Large Language
Model

Li, Y.;Li, Y.; Yang, Y.

2024

IEEE Xplore

Al-Powered Multi-
Agent Framework for
Automated Unit Test

Case Generation:
Enhancing Software

Quality through LLM’s

Garlapati, A.; Parmesh,
M.N.V.; Savitha.; Jaisri, S.

2024

IEEE Xplore

A Conceptual
Framework for Quality
Assurance of LLM-
based Socio-critical

Systems

Baresi, L.; Camilli, M.;
Dolci, T.; Quattrocchi, G.

2024

IEEE Xplore

Towards LLM-Assisted
System Testing for

Microservices

Almutawa, M.; Ghabrah,
Q.; Canini, M.

2024

IEEE Xplore

Towards Autonomous
Testing Agents via
Conversational Large

Language Models

Feldt, R.; Kang, S.; Yoon,
J.; Yoo, S.

2023

IEEE Xplore

Table 2: 13 publications were included in the study. Publications are presented in

descending order by year.
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3.5 Data Extraction

Relevant data was extracted from each included publication. Data was documented

systematically via Excel spreadsheet application.

The extracted attributes:

e Source (IEEE Xplore or Springer Nature), Author(s), Title, Publication year,
Research type and book (Optional), Advantages, Agent Type, Testing Application,

Tools/Framework and Notes (Main focus and idea of the publication)

The extracted data was reviewed for consistency and to find similarities and common

features between LLM-based agents.

Architecture /

Application Area

Framework

Intent-Driven
Mobile GUI
Testing with Multi-Agent
Mobile GUI Testing DROIDAGENT
Autonomous Framework
Large Language
Model Agents
Agents in software
Software ‘
engineering: ) ) Single-Agent and )
Engineering; ) General Overview
survey, landscape, ] Multi-Agent
Testing
and vision
A survey on large
Software ‘
language model - Multi-Agent _
Engineering; General Overview
based autonomous . Framework
Testing
agents
Evaluation of the GUI Test )
‘ Multi-Agent ‘
Choice of LLM in Generation / PathFinder
. Framework
a Multi-Agent Software Testing
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Solution for GUI-

Test Generation

Test-Agent: A
Multimodal App
Automation
Testing
Framework Based
on the Large
Language Model

Mobile Testing

Single-Agent

Test-Agent

A Multi-Agent
Approach for
REST API Testing
with Semantic
Graphs and LLM-

Driven Inputs

Testing

Multi-Agent

Framework

Operation Agent,
Dependency Agent,
Parameter Agent,

Value Agent

NIODebugger: A
Novel Approach to
Repair Non-
Idempotent-
Outcome Tests
with LLM-Based
Agent

Testing; Debugging

Single-Agent

NIODebugger

Al-Powered Multi-

Agent Framework

for Automated Reviewer Agent,
Unit Test Case ) Multi-Agent Code Generation
Testing
Generation: Framework Agent, Decision
Enhancing Agent
Software Quality
through LLM’s
Towards ' Conceptual
Software Testing SOCRATEST

Autonomous

autonomous multi-
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Testing Agents via
Conversational
Large Language
Models

agent framework

vision

Using LLMs to
Analyze Software
Requirements for
Software Testing:

A Comparative

Study

Software
Requirement

Analysis & Testing

Single-Agent

LLM-based
Analysis Agent

A Conceptual
Framework for
Quality Assurance
of LLM-based
Socio-critical

Systems

Quality Assurance

(QA)

Multi-Agent

Framework

Artificial
Doppelgénger
Agents (ADAs)

CoverNexus:
Multi-agent LLM
System for
Automated Code
Coverage

Enhancement

Testing; Unit Test

Multi-Agent

Framework

Test Lead Agent
and Test Generator

Agent

Towards LLM-
Assisted System
Testing for

Microservices

System Testing

Multi-Agent
Communicative

System

Testing Engineer
(TE), HTML
Interpreter (HI),
Code Executor (CE)

Table 3: This table shows the contents and focus of every included publication. This

includes the title, application area, agent type, tools and framework if stated specifically.
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4 Data Analysis

Goal of this chapter is to summarize the findings from the publications discovered in chapter
3 — Methodology and answer the research question. Chapter utilizes the publications stated

in Table 1.

4.1 Research Question

Research Question: What is the current state of LLM-based agents in software testing in

terms of application areas, architectures, and reported advantages and limitations?

Research question was divided into 3 chapters to make it simpler and more manageable to

the reader. These chapters are:
e Application areas of LLM-based agents in software testing
e LLM-based agent architectures proposed or utilized in software testing

e Advantages and limitations of LLM-based agents in software testing

4.2 Application Areas of LLM-Based Agents in Software Testing

LLM-based agents have much potential on executing various software testing tasks. From
all the included studies, following software testing tasks were mentioned and discussed as

shown in Figure 3.
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Frequency of Testing Tasks Performed by LLM-Based Agents
Across Studies

GUI Testing NN S
Interaction With Tools [ NI >
Decision Making [ NN >
Code Coverage Enhancement | NN |
Reviewing and Analyzing [ NN -
Unit Testing [ NEBRNIEENEEEN
Test Case Generation | SR -
Debugging [N
Bug Reproduction [ NN 1

Multi-User Interaction Testing | N NI 1

Figure 3: This chart shows what software testing tasks LLM-based agents are performing

across all studies. Chart shows how many times task was mentioned in different studies.

Based on reviewed studies, LLM-based agents have been applied in many different types of
software testing tasks and processes. Most information gathered from publications were

related to test case generation, test/code analysis, debugging, unit testing and GUI testing.

According to Li et al. (2024) automating test case generation via LLM-based agents avoids
the need to test case writing and maintenance work related to it. This enables testers to write
plain text to the agent and generate desired test cases (Li et al. 2024; Almutawa et al. 2024).
For example, Almutawa et al. (2024) multi-agent system, Kashef, can take user’s input as
plain text and complete whole unit test cycle by itself. Also, Garlapati et al. (2024) also
proposes multi-agent system which can take Java code and create test cases for it while
refining both code and test iteratively through feedback loop. Ba et al. (2025) introduced
Test Generator Agent which is specifically designed to generate new test cases (including
edge cases and exceptions) or modify existing ones to meet coverage requirements.

According to studies this seems to be the fundamental part of test case generation agents.
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Automation of test case generation or unit testing also requires agents to analyse test and
results. Reviewer Agent introduced by Garlapati et al. (2024) is responsible for analysing
code and identifying required test cases and seeking for flaws including improper coding
techniques, coding norms and potential runtime faults. Reviewer Agent works in sync with
other agents and provides them with the gathered information (Garlapati et al., 2024). Ba et
al. (2025) also introduces Test Lead Agent that analyses the problem by evaluating the
codebase, existing tests and coverage requirements in addition to conducting the test

generation phase and instructing other agents with gathered information.

In addition to agent analysing and generating code it also debugs it on the go. These LLM-
based agent treat the LLM as an autonomous agent capable of planning and executing actions
to achieve the goal of fixing bugs (Ke, 2025). Agents autonomously plan and execute actions
to fix bugs by invoking suitable tools or APIs (Ke, 2025). Ke, (2025) brings out RepairAgent,
FixAgent and AutoCodeRover which are LLM-based agents suitable for debugging and

fixing code autonomously.

Publications included in this thesis brought out Graphical User Interface (GUI) testing.
According to the studies GUI testing with LLM-based agents are semantic/intent-driven
processes (Tomic et al., 2025; Yoon et al., 2024). For example, DROIDAGENT a multi-
agent framework, autonomously generates and executes realistic user tasks (Yoon et al.,
2024). Other example is PathFinder multi-agent framework which autonomously interact
with websites and perform user-like actions (Tomic et al., 2025). This implies that GUI
testing with LLM-based agents aim to produce human-like inputs and actions to specific

program.

In conclusion, the studies show that LLM-based agents are capable of autonomously
handling various tasks in software testing from code-level verification to high-level GUI

testing.

4.3 LLM-Based Agent Architectures Proposed or Utilized in Software Testing

Publications included various types of LLM-based agent architectures, ranging from single-

agent architectures to multi-agent architectures/systems. Most of the studies included in this
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thesis focused on multi-agent architecture/frameworks as shown in the figure below. Focus

when answering to the research question is on multi-agent architectures.

Distribution of Architectures Used in All of the Included
Studies

10

Single-Agent Architecture Multi-Agent Architecture Both Discussed

Figure 4: This chart shows how many studies included in this thesis discussed about multi-

agent architectures and single-agent architectures.

Multi-agent collaboration is based on multiple single-agents (Wang, Y. et al., 2025). The
process of multi-agent collaboration, each single-agent plays specific role and executes
certain tasks, and the results of these single agents are combined to collectively handle more
complex tasks than a single agent could handle on its own (Almutawa et al., 2024; Ba et al.,
2025; Garlapati et al., 2024; Wang, Y. et al., 2025). According to Ba et al. (2025), multi-
agent architectures for test generation can be more robust and comprehensive compared to
single-agent architectures and they can adapt dynamically to codebases with different
attributes. According to Baresi et al. (2024) using more than four agents in multi-agent
framework or extending discussions beyond two turns don’t improve the quality of results

significantly.
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Although single-agent architecture can’t handle complex processes, they can be utilized to
handle multiple stages of task. For example, NIODebugger (Ke, 2025) utilizes a single LLM-
based agent to automate flaky test repair within three phases. The framework operates
through 3 stages: detection (agent performs dynamic analysis by repeatedly executing tests
and identifying inconsistent outcomes), exploration (agent analyses test logs and code and
provides instructions for fixing), and fixing (agent combines contextual source information,
stack traces, and prior examples to produce repairs) phases (Ke, 2025). In the case of multi-
agent architecture, detection, exploration and fixing would have been conducted by separate
agents specialized to those certain tasks. Another example of single LLM-based, multimodal
agent framework is Test-Agent (Li et al., 2024). Multimodal in this case means that agent
can handle text and image inputs. Test-Agent consists of multiple modules such as Input
Processing, Visual Perception, Interaction Analysis, Test Execution, Result Analysis, which
are all performed by single LLM-based agent. Test-Agent framework doesn’t need many
pre-written tests because it generates corresponding test behaviours using deep learning

models by analysing user input.

Feldt et al. (2023) introduces SOCRATEST which is a conceptual framework for
conversational and potentially autonomous LLM-based testing agents. Compared to single-
agent architectures, SOCRATEST suggests that LLM-based agents would act as an assist
developer through dialogue. SOCRATEST is an example of dialogue-driven testing which
enables agents to clarify requirements, detect inconsistencies, and refine specifications

alongside human developers.

Garlapati et al. (2024) proposes a multi-agent architecture for automated unit test case
generation which consist of three agents. Reviewer Agent, Code Generation Agent, and
Decision-Making Agent can iteratively loop through test cases. Reviewer Agent examines
source Java code and identifies test cases and then passes information to Code Generation
Agent. Code Generation Agent makes the necessary changes to test cases and Java code
ensuring the code compilation and that the flaws are fixed. Finally, Decision-Making Agent
decides if the code and test cases are satisfactory, if not they are passed back to Code
Generation Agent. Garlapati et al. (2024) reports that this method results in code coverage
of 100%.

Similar attributes to Garlapati et al. (2024) multi-agent architecture are found in Kashef

(Almutawa et al., 2024). Kashef is an LLM-powered, multi-agent system testing tool for
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web-based microservice applications. It leverages the concept of communicative agents,
where agents collaborate conversationally to complete testing tasks autonomously. Kashef
also includes three agents Testing Engineer (TE), HTML Interpreter (HI) and Code Executor
(CE), which enable iterative refinement of test cases through feedback loop. Kashef is
specifically used for end-to-end system-level functionality verification rather than usual test

generation.

Ba et al. (2025) introduces the CoverNexus, an adaptable multi-agent system that generates
high-coverage unit tests. This architecture consists of interaction between two LLM-based
agents: Test Lead Agent and Test Generator Agent. Test Lead Agents (TLA) leads the test
generation process by analysing the codebase, existing tests, and coverage requirements.
With the results of analysis TLA determines which agent continues the process and generates
instructions for this agent. TLA also determines when the workflow ends based on coverage
goals or iteration limits. Test Generator Agent (TGA) generates or refines unit tests based
on TLAs instructions. TGAs focus is to produce normal, edge, and exceptional cases,
producing efficient and maintainable code. TLA and TGA also operate within iterative
feedback loop, same as Kashef (Almutawa et al., 2024) and Garlapati et al. (2024) multi-
agent architecture, simultaneously taking advantage of external tools such as Editing Tool
and Executing Tools. CoverNexus is unique in using shared state dictionary on LangGraph
to manage information across agents, enabling coordinated, multi-agent workflows. Ba et al.
(2025) experiments show that CoverNexus alongside GPT-4 achieves near-perfect coverage

(99.91%) with improved correctness, outperforming single-agent systems.

Similarly, AutoRestTest multi-agent system (Kim et al., 2025), which is used in REST API
testing, enables its operation, parameter, value, and dependency agents to collaborate using
iterative feedback loop. AutoRestTest also uses LLM generated inputs, guided by a semantic

dependency graph, to detect runtime errors.

Both PathFinder (Tomic et al., 2025) and DROIDAGENT (Yoon et al., 2024) demonstrate
effectiveness of LLM based multi-agent architectures/systems for software testing,
particularly GUI testing. PathFinder consist of four agents: Perception, System 1, EntryBot,
and Oracle. These agents collaborate iteratively to conduct exploratory testing. Each agent
in PathFinder utilizes different type of LLMs, which enables the agents to be more
specialized for certain task. Similarly to PathFinder (Tomic et al., 2025), DROIDAGENT

(Yoon et al., 2024) consists of four agents: Planner, Actor, Observer, and Reflector. These
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agents are supported by multiple memory modules that enable intent-driven GUI testing.
PathFinder (Tomic et al., 2025) focuses on testing web applications using local LLMs to
maintain privacy and performance, DROIDAGENT (Yoon et al., 2024) focuses on GUI test

generation which is guided by user intent and semantic reasoning.

Overall, the included publications indicate that LLM-based agent architectures are divided
into three different categories. First, single-agent architecture/framework where one LLM-
based agent completes specific tasks or parts of process. Second, conversational frameworks
that enable agent to discuss, guide and refine tasks. Third, multi-agent architectures/systems
where multiple LLM-based agents collaborate iteratively through feedback loops to achieve

complex tasks or entire processes.

4.4 Advantages and Limitations of LLM-Based Agents in Software Testing

Studies reported that applying multi-agent architecture to software testing enhanced both
coverage and correctness in automated test generation (Ba et al., 2025; Garlapati et al.,
2024). Multi-agent architecture is also reported to enhance the whole REST API testing
process (Kim et al., 2025). For example, CoverNexus (Ba et al., 2025) equipped with GPT-
4 achieved test coverage of 99.91% and improved its correctness from ~69% to ~77%.
Garlapati et al. (2024) also reported similar results on multi-agent framework working with
Mistral LLM. The analysis resulted in 100% coverage for given code. Li et al. (2024) states
that LLM’s ability to generate diverse and correct inputs helps to uncover various parameters

and operation dependencies.

Test automation with LLM-based agents is reported to reduce manual effort in software
testing. By eliminating manual code testing, refining and reviewing, human developers can
increase their productivity and focus on higher-level analysis and decision-making tasks
while maintaining high performance and quality requirements (Boukhlif et al., 2025;
Garlapati et al., 2024). Memory is also a crucial part of test automation. By integrating agent
with both short-term and long-term memory enables an agent’s ability for long-range

reasoning and ability to accumulate valuable experiences (Wang. L. et al., 2024).

LLM-based agents’ capability to adapt to different environments and their scalability is

brought up as one of the advantages. Scalability is significant advantage, because LLMs can
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be deployed to multiple different types of projects and domains and can be modified to do a
specific task (Boukhlif et al., 2025). For example, Test-Agent (Li et al., 2024) is compatible

across many platforms such as Android and i1OS which enhances development efficiency.

LLM-based agent architectures are not without challenges or limitations. Some LLM-based
agents are dependent on LLMs performance and prompts (Wang. Y. et al., 2025). For
example, Kashef requires manual effort in revising and improving the prompts for the LLM
(Almutawa et al., 2024). Ba et al. (2025) observed inconsistencies in results, which were
likely due to hidden configurations in service providers. This means that LLMs are still not
perfected and some issues are still integrated to system alongside them. When manually
creating system prompts to LLM, it can also be problematic according to Baresi et al. (2024).
Baresi et al. (2024) states that when constraining responses too tightly via prompts LLM is

unable to apply its full range of capabilities to interpret and respond to queries.

One of the biggest problems with LLM-based agents are hallucinations. Hallucination means
LLM models’ tendency to produce false information with confidence (Garlapati et al., 2024;
Wang. L. et al., 2024). Although hallucination is reported mostly on LLMs alone, it also
effects on LLM-based agents. According to Yoon et al. (2024), having different agents
focused on specific tasks avoids LLMs hallucinating and straying from main purpose and
task. In addition, optimizing agents can minimize hallucinations of the LLM-based agents
(Wang. Y. et al., 2025). During PathFinder’s development Tomic et al. (2025) discovered
that manual filtering is essential part for reducing prompt size, which decrease the risk of
hallucinations. Although being a negative aspect of LLMs, Feldt et al. (2023) proposes that
hallucination could be an asset in software testing because hallucinating LLMs generate tests

that uncover the unexpected behaviour of software.
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5 Discussion

This chapter discusses the finding of the systematic mapping study on LLM-based agents in
software testing. Discussion chapter aims to highlight results of the research question and

implications they represent and summarizes the research done in this field.

5.1 Findings

The systematic mapping study revealed that LLM-based agents are already widely used in
various software testing tasks such as test case generation, unit testing, debugging and
analysing. Most of the studies included in this thesis focused mainly on multi-agent
architectures which implies that single-agent architectures aren’t enough for today’s
complex tasks. Multi-agent architectures offer collaborative work methods and iterative

improvement over time with feedback loops.

LLM-based agent offers a better alternative for automation in testing phase with improved
efficiency, quality and coverage. For example, CoverNexus (Ba et al., 2025) offers nearly
100% test coverage and Kashef (Almutawa et al., 2024) completing testing phases
autonomously. These and other LLM-based agent architectures covered in data analysis
suggest that these systems can outperform traditional software testing automation. Although
being great alternative, studies imply that there are still limitations across different

architectures such as prompts, differences between LLMs and domain knowledge.

5.2 Advantages of LLM-based agents

LLM-based agent improvement on test coverage was reported multiple times across studies.
Multi-agent architecture CoverNexus (Ba et al., 2025) and Garlapati et al.'s (2024) system
reported nearly perfect code coverage. This demonstrates that collaborative agent

architectures can generate vast test cases.

LLM-based agent’s ability reduces manual involvement in testing phases by executing low-

level and repetitive tasks, allowed to human developers to focus on tasks an agent cannot
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resolve. This leads to improved efficiency, time management and productivity (Boukhlif et

al., 2025; Garlapati et al., 2024).

Architecture’s improved scalability and adaptability was also discussed in studies. For
example, Test-Agent (Li et al., 2024) can adapt to different environments such as Android

and 10S and dynamically adapt to different contexts.

LLM-based agent’s improved memory showed much promise in enhancing testing.
Implementing short-term and long-term memory to LLM-based agent enhances capacity for
complex reasoning and teaching itself over time to handle specific task (Wang. L. et al.,
2024). All these advantages combined suggest that LLM-based agents can handle various
testing tasks dynamically and automate iterative tasks while learning from previous prompts

and results.

5.3 Limitations of LLM-based agents

Although LL.M-based agents have improved software testing they still have limitations and
disadvantages which should be considered before deploying them to more complex and
large-scale tasks. Performance of LLM-based agent is based on performance of the LLM
used for the agent and the given prompts. For example, Kashef (Almutawa et al., 2024) and
QA Framework (Baresi et al., 2024) both need manual prompting for reasonable results

which takes away from reducing manual testing.

Many of the studies didn’t apply LLM-based agent architectures in large-scale testing tasks
and environments. For example, Kashef (Almutawa et al., 2024) and CoverNexus (Ba et al.,
2025) weren’t applied in large-scale testing tasks which implies that the results are not
applicable to such scale or environment. Scalability of LLM-based agent remains a research

topic and is highly dependent on the agent or architecture in question.

The prompts, domain knowledge and data quality are connected to the performance of LLM-
based agents. Baresi et al. (2024) states that when constraining responses too tightly via
prompts LLM is unable to apply its full range of capabilities to interpret and respond to
queries. Agents’ performance in many cases improves over time through iterative refinement

and feedback loops.
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One of the main limitations lies in hallucinations. LLMs may generate false outputs
confidently which could lead to invalid results and false positives (Garlapati et al., 2024;
Wang. L. et al., 2024). As we can see LLM-based agents come with their own problems.
Some of them are specific to the LLM and others are dependent on the required manual

input.

5.4 Research Gaps

The systematic mapping study revealed that LLM-based agent is not yet perfected and
require much research on certain topics. Studies used various approaches on implementing
LLM-based agent architectures which many were multi-agent frameworks. Studies showed
that there isn’t any standardized agent structure or specific LLMs to use when applying
LLM-agent to software testing and testing results presented in studies where not unified and
comparable. This makes it difficult to assess which LLM-based agent architecture or LLM

is suitable for certain task.

There weren’t any large-scale real-world applications or industry standards presented in any
of the studies. These limits reviewing the scalability of the architectures for example for

industrialized use.

Research on multimodal LLM-based agent was only covered in one study (Li et al., 2024).
Software testing could benefit on more research on agents that can combine text, image and

code.

Research on these topics could unify and extend the knowledge and usage of LLM-based
agents and transition the research from experimental small-scale to large-scale software

testing.

6 Conclusions

A systematic mapping study was conducted in this thesis to explore how Large Language
Model (LLM)-based agents were applied in software testing phase, what kind of

architectures are being designed/applied in software testing and what kind of advantages and
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limitations these agents have. Thesis included 13 publications from IEEE and Springer

Nature Link published between 2023 and 2025.

Thesis was motivated by interest in software testing and how to apply evolving Al
technologies to make software testing more efficient with specifically LLM-based agents.
Software testing grows more complex when systems get more large-scale and complex.
Studies on LLM-based agents is a new research field, and they aren’t applied in corporate
level yet because of the uncertainties they represent. This thesis aims to give comprehensive

overview on LLM-based agents in software testing today.

LLM-based agents are already being tested and applied in various testing tasks. These
tests/tasks are still being conducted in small-scale testing and in specified task but as the
agents keep evolving and research grows larger, they can present significant change in

software testing.

They are divided into single-agent and multi-agent architectures. Multi-agent architectures
show much promise in software testing because of their collaborative and iterative methods

improving efficiency and coverage of testing cases and tasks.

LLM-based agents have their advantages in software testing, but they still have uncertainties
and disadvantages that may prevent the use of them in large-scale. The results gathered from
the publications, prove that LLM-based agents have much potential on improving software

testing automation, but require more research to fully utilize them.
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