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1. Introduction

As of 2026, the use of mobile applications con-
tinues to grow. Global mobile subscriptions are
over 8.9 billion, and are expected to surpass 9.4
billion by 2030 [1]. This growth is driven by the
increasing reliance on mobile applications in ev-
eryday life, from digital banking to healthcare
access to social interaction. However, 72% of
users with disabilities report accessibility barri-
ers when using them [2]. Failing to meet acces-
sibility requirements not only hinders equal op-
portunities but also restricts full digital partic-
ipation and limits independence. Digital acces-
sibility is not a monolithic concept, as different
disabilities require distinct strategies and tech-
nical interventions. Among them, blind users
face unique challenges because interaction re-
lies almost exclusively on audio feedback. While
research has mainly focused on accessibility is-
sue detection, remediation remains largely un-
explored. Studies have shown that in 91% of
Android applications with detected accessibil-
ity barriers, the problems remained unaddressed
even after multiple version updates [4]. Re-
cent efforts such as FizAlly [8] have demon-
strated the potential of multi-agent LLM archi-
tectures for accessibility remediation. However,

they focus on individual accessibility violations
in i0OS applications and do not explicitly ad-
dress holistic reasoning across multiple issues,
Android-specific remediation, or self-validating
repair workflows. To bridge this gap, this the-
sis proposes an LLM-based Multi-Agent System
(MAS) that automates the remediation of mo-
bile accessibility barriers. The system takes as
input Android source code and accessibility logs
and produces validated code patches together
with a remediation report. The architecture is
grounded in the software-engineering principle
of Separation of Concerns, decomposing the re-
mediation process into specialized agents that
collaboratively implement the Locate-Suggest-
Fiz paradigm. It advances the current state of
the art by three structural advancements: holis-
tic reasoning, iterative self-validation (to miti-
gate hallucinations), and Android-native reme-
diation. Experimental results show that the ar-
chitecture consistently generated syntactically
valid code patches and outperformed single-
LLM baselines in terms of reliability and reme-
diation quality.

The remainder of this paper is organized as fol-
lows. Section 2 introduces the specific acces-
sibility challenges for blind users. Section 3



provides background on LLMs and LLM-based
Multi-Agent Systems. Section 4 details the pro-
posed multi-agent architecture and the remedi-
ation workflow. Section 5 presents the evalua-
tion of the system, including a comparison with
a single-LLM baseline. Section 6 presents a re-
view of the work related to this thesis. Finally,
Section 7 discusses conclusions and related work.

2. Accessibility for Blind Users

The accessibility barriers faced by blind users
present unique challenges. While sighted users
rely on visual information such as icons, layouts,
and animations, blind users access the same in-
formation through assistive technologies (AT).
The primary assistive technology used by blind
users is the screen reader (e.g., Android Talk-
back), a software application that renders text
and images as speech. Consequently, design
choices that appear obvious visually may be-
come inaccessible when translated into audio.
For example, an icon representing a search func-
tion is immediately recognizable to a sighted
user. However, without a textual description,
a screen reader can only announce it as an unla-
beled element, preventing blind users from un-
derstanding its purpose. To support the reme-
diation process, we organized the accessibility
barriers a blind user can encounter into the Ac-
cessibility Rule Book (ARB), which was used as
basic knowledge for some of the MAS agents.
In particular, we divided the issues into Static
and Dynamic. Static accessibility issues con-
cern elements visible when the screen loads, such
as missing labels or unclear relationships be-
tween interface components. Dynamic accessi-
bility issues arise when information changes af-
ter the screen has already been loaded. They
are categorized based on the Mehralian et al.
research [9] into elements that appear, disap-
pear, or both, components that move on the
screen, and changes of attributes of static ele-
ments. It is also highlighted that providing ex-
cessive or repetitive information is equally detri-
mental. This phenomenon, often referred to as
Auditory Clutter, occurs when an interface over-
whelms a screen-reader user with redundant,
overly verbose, or poorly structured announce-
ments. In the ARB, for each identified category,
we described how the issues can be addressed
in each of the considered Android frameworks:

XML/Java, Jetpack Compose, and Flutter.

3. LLMs and LLM-based MAS

As discussed in the previous section, addressing
the accessibility barriers faced by blind users re-
quires an understanding of the surrounding con-
text. Large Language Models (LLMs) emerge
as promising solutions for addressing these ac-
cessibility challenges. However, they remain af-
fected by limitations such as sycophancy, hal-
lucinations, difficulties handling long contexts,
and role drifting. LLM-based MASs address
these limitations by decomposing complex tasks
into specialized agents that collaborate through
structured interactions. They offer various tech-
niques to overcome single-LLM limitations, and
they have demonstrated promising results in
solving various tasks, such as software develop-
ment [6], as they allow Separation of Concerns.

4. Proposed Solution
We developed an LLM-based MAS where each

agent is responsible for a specific phase of the
remediation process, ranging from input vali-
dation to code modification. The interaction
among agents is orchestrated through iterative
feedback loops, enabling progressive refinement
of the output and ensuring robustness against
hallucinations. The MAS takes as input the
source code of an Android mobile application
and the accessibility log produced by either an
autonomous tool or an expert, and outputs code
patches correctly inserted into a copy of the orig-
inal files, along with a clear and comprehensive
report of the work done by the agents. The
agents are designed as a professional develop-
ment team, each of them with a specific role
to allow Separation of Concerns based on the
Locate-Suggest-Fix paradigm, with the addition
of specific agents to mitigate hallucinations. The
designed agents are:

e Interpreter for input validation and acces-
sibility log translation by categorizing the
issues as explained in the ARB;

e Analyzer for assessing the severity of each
issue on a four-level scale (from None to
High) and producing remediation strate-
gies, i.e., specific suggestions to fix the is-
sues based on the ARB resolution methods;

e (Critic to ensure the Analyzer’s reliability
by verifying that the analysis is grounded
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Figure 1: The Remediation Process Workflow

in the input and the suggestions correspond
to the ones in the ARB;

e Repairer to implement the exact fixes sug-
gested by the Analyzer by writing a Python
script that saves the fixed code into a new
file and then verifies the syntax correctness.
It also has to create a Diff Code (git-style)
between the original file and the new one.

e Reviewer, to ensure the Repairer’s reliabil-
ity by making sure that the Analyzer’s sug-
gestion was addressed and that the code
patches were correct.

e Admin to manage the other agents and
monitor the feedback loops iteration,
i.e., the Analyzer-Critic dynamic and the
Repairer-Reviewer one. After three failed
attempts by the Analyzer or the Repairer,
the Admin shuts down the entire process.

4.1. Remediation Process Workflow

The flowchart in Fig. 1 represents the decision
process of the Admin Agent and, consequently,
the system’s execution order. Note that, in addi-
tion to the designed agents, there is the Executor
Agent, i.e., a User Proxy Agent responsible for
initiating interaction and handling code execu-
tion.

1. The remediation process starts with the In-
terpreter’s input validation. If it is not
valid, the Admin explains the problem and
terminates immediately. Otherwise, the In-
terpreter creates the translation for the An-
alyzer Agent.

2. The Analyzer outputs its report, which is

evaluated straight away by the Critic. If
it is not valid, the Admin demands a redo.
Otherwise, it passes the approved sugges-
tion to the Repairer Agent.

3. The Executor Agent executes the Python
code produced by the Repairer. It outputs
the results of the syntax check and the diff-
code.

4. The Admin Agent passes everything to the
Reviewer and waits for its output. If the
Repairer’s job is invalid, the Admin asks for
a redo starting from step (3). Otherwise,
the Admin summarizes everything and ter-
minates the process.

4.2. Used Technologies

The system was developed through a Python
script that employs the open-source Microsoft
AutoGen framework. FEach agent was de-
signed through a structured System Prompt.
For the majority of the agents, a targeted
Few-Shot Prompting technique was adopted to
achieve more precise results. Along with the
Semi-Formal Reasoning technique, a structured
prompting methodology that requires the LLM
to construct explicit premises, trace execution
paths, and derive formal conclusions [10]. Fur-
thermore, to address LLM'’s limitations, various
state-of-the-art techniques were employed. To
avoid role drifting, the agents were required to
declare their role and commitments at each turn
before performing their tasks. This was taken
from the framework RoleFiz by Wang et al.
[11]. As previously mentioned, to reduce hallu-



cinations, we created the two specialized agents
Critic and Reviewer. We employed the concept
of LLM-as-a-Judge, where the LLM is tasked
with determining whether something falls within
the scope of a given rule. The challenges associ-
ated with long contexts are partially mitigated
through the adoption of the Separation of Con-
cerns principle, whereby each agent is provided
only with the information relevant to its spe-
cific task. Furthermore, previous studies have
shown that model performance is often higher
when relevant information is placed at the be-
ginning or the end of the input context [7]. Ac-
cordingly, key constraints were appended to the
end of the prompts provided to the Analyzer and
Repairer agents. Lastly, the Python script gen-
erated by the Repairer also produces a Git-style
diff, allowing the Reviewer to focus its analysis
solely on the modifications introduced. The last
technique used regards sycophancy, which man-
ifests not only with users’ input but also when
agents communicate with each other. In this
case, it is important to ensure that the Critic
and Reviewer agents do not automatically ac-
cept the Analyzer and Repairer outputs. There-
fore, these two agents have the field Dewvil’s Ad-
vocate in their structured output schema. There,
they have to formulate at least one reason why
the produced output might be wrong, halluci-
nated, incomplete, or may result in a poor user
experience. This step is then evaluated, and if
it is found true, the final decision is to reject the
work of the other agents.

5. Evaluation

The system’s evaluation is guided by the follow-
ing Research Questions (RQs):

RQ1 How effective is the proposed MAS in cor-
rectly interpreting accessibility logs, formu-
lating valid remediation strategies, and gen-
erating syntactically correct code patches
across different Android frameworks?

RQ2 To what extent does the multi-agent ar-
chitecture, specifically, through the itera-
tive validation of the Critic and the Re-
viewer Agents, mitigate LLM hallucinations
and improve patch reliability compared to
a single-LLM baseline?

RQ3 How do different foundational models (e.g.,
Gemini 2.5 PRO vs. GPT-5.2) impact
the reasoning capabilities, code quality, and

overall stability of the automated remedia-
tion workflow?
To answer these questions, the evaluation sys-
tematically assesses the performance of each
agent composing the MAS throughout the en-
tire remediation workflow.

5.1. Experimental Design

The evaluation was conducted using three types
of tests designed to increase the realism and
complexity of the evaluation environment pro-
gressively. The evaluation included 7 artificial
tests, 3 semi-artificial tests, and 4 real-world use
cases. Artificial Tests, generated ad hoc, con-
sist of four accessibility remediation scenarios
and three input-validation ones. Semi-Artificial
Tests are composed of real accessibility logs,
i.e., output of the tool TimeStump [9], and Al-
generated source code. Real Use Cases con-
tain real applications downloaded from GitHub
and the corresponding real accessibility log, i.e.,
a comment written by an expert based on the
Al11yArgus tool’s output [5]. Furthermore, ev-
ery test was executed twice with different state-
of-the-art LLMs: Gemini 2.5 PRO and GPT-5.2
to evaluate the impact of the underlying founda-
tion models. Lastly, to isolate the specific contri-
bution of the multi-agent architecture, the pro-
posed MAS is compared against a Single-LLM
Baseline, inspired by the work of Aljedaani et
al. [3].

5.2. Results

The evaluation demonstrated that the proposed
solution is capable of addressing accessibility is-
sues across multiple Android frameworks and
testing scenarios. In particular, the Interpreter
Agent correctly validated the inputs 93% of the
time (100% with Gemini 2.5 PRO) and correctly
identified and mapped the issues to the corre-
sponding ARB category 97% of the time, with
an 11% hallucination rate and a 3% omission
rate. Furthermore, the Analyzer Agent achieved
an 88% correct matching rate with the ARB res-
olution methods (97% with Gemini 2.5 PRO),
selecting the correct component 35 out of 36
times. No instances of self-generated auditory
clutter were observed, and when it is already
present, the agent addresses it 11 out of 12 times.
Note that Gemini has a 100% correct compo-
nent choice rate and a 100% auditory clutter



MAS with Gemini [l MAS with GPT [l Single LLM GPT-40

20

15

Single LLM GPT-5.2

Wolikh,

Compiling Files Non-Compiling  Addressed Ignored Issues  Hallucinated Best-Practice Risking

Files Issues

Figure 2

addressing rate. We also noticed that the An-
alyzer Agent makes better suggestions for real
and semi-real situations. It has the most diffi-
culties in the specifically arranged artificial tests,
since we created the tests with specific challeng-
ing situations. Moreover, the Repairer Agent
produced 100% of files that compile correctly
and addresses 100% of the Analyzer Agent’s
suggestions. The only minor flaws regard the
adopted practices used to resolve the issues, 89%
of the practices used can be considered the best
ones. As emerged before, Gemini achieved 95%
of best-practice solutions. Notice that the re-
sults are quite independent of the programming
language used. Lastly, the Critic and the Re-
viewer maintain sufficiently rigorous standards
to reject suboptimal work, ensuring that the re-
mediation process successfully achieves a valid
result in over 97% of cases. Approximately 30%
of the tasks required at least one additional iter-
ation before approval, highlighting the practical
contribution of the Critic and Reviewer agents in
refining intermediate outputs (the GPT model
is more prone to requesting a reiteration). We
noticed that every Critic’s rejection was well-
grounded, while only once the Reviewer rejected
the Repairer’s work because of its own halluci-
nation: it misunderstood the diff-file three times
in a row.

5.3. Comparison with a Single-LLM
Baseline

The bar charts in Fig. 2 compare two single-
LLM baselines (one with GPT-40 as in the Al-
jedaani et al. [3] work, and one with GPT-5.2)
with the MAS performances. The comparison
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: Charts comparing the produced code patches between the MAS and the two single LLMs

highlights a clear advantage of the multi-agent
approach. GPT-40 produced non-compiling files
in approximately 42% of the evaluated scenar-
ios, ignored 45% of the reported accessibility
barriers, and generated four hallucinated modi-
fications unrelated to the requested remediation.
Although GPT-5.2 improved compilation suc-
cess and addressed a larger number of issues,
it still produced non-compiling patches, ignored
19% of the barriers, and generated eight hallu-
cinated modifications. Beyond correctness, the
quality of the applied fixes differed significantly.
The MAS consistently adopted accessibility-
aware remediation strategies, whereas the single-
LLM approaches frequently selected suboptimal
practices that could increase auditory clutter
or negatively affect the user experience. In
particular, GPT-40 and GPT-5.2 adopted non-
recommended remediation strategies in 45% and
64% of the addressed issues, respectively. These
results indicate that the observed improvements
derive primarily from the multi-agent architec-
ture rather than from the underlying foundation
model.

5.4. Discussion

The obtained results allow us to answer the pre-
sented RQs:

RQ1 The proposed multi-agent architecture is
highly effective in automating accessibility
remediation across different Android frame-
works. Decomposing the workflow into spe-
cialized tasks allows the system to main-
tain reasoning quality and implementation
correctness without being tied to a single
framework.



RQ2 The iterative validation stages are cru-
cial for the reliability of the process, sig-
nificantly outperforming a single-LLM ap-
proach. Validation agents actively reduce
the impact of hallucinations and reasoning
inconsistencies before the final output gen-
eration.

RQ3 The effectiveness of the proposed architec-
ture is partially dependent on the capa-
bilities of the underlying language model.
While both models successfully completed
the remediation flow, their approaches
yielded distinct stability profiles. Gemini
2.5 PRO generally produced more stable
outputs. It achieved a higher first-pass ap-
proval rate and generated fewer subopti-
mal solutions. On the other hand, GPT-5.2
occasionally demonstrated a deeper under-
standing of specific accessibility scenarios.
Consequently, improvements in foundation
models are likely to benefit the performance
of the remediation workflow.

6. Related Work

Existing research has primarily focused on ac-
cessibility detection tools, such as TimeStump
[9] and AI1yArgus [5], while automated ac-
cessibility remediation remains largely underex-
plored. Recent approaches, such as the single-
LLM framework proposed by Aljedaani et al. [3]
and the multi-agent system FizAlly 8], demon-
strated the potential of LLMs for accessibility
repair. However, these approaches either rely
on isolated issues remediation or focus on the
iOS ecosystem, and they do not incorporate ex-
plicit validation mechanisms to mitigate halluci-
nations and unreliable code modifications.

7. Conclusions

This thesis presented an LLM-based Multi-
Agent System for the automated remediation
of accessibility barriers affecting blind users in
Android applications. It combines specialized
agents, iterative validation mechanisms, and
context-aware reasoning to generate reliable ac-
cessibility fixes across multiple Android frame-
works. Compared with existing solutions, the
proposed architecture introduces three key con-
tributions.
ing across multiple accessibility issues, allow-
ing remediation decisions to consider the sur-

First, it enables holistic reason-

rounding interface context and avoid introduc-
ing secondary barriers such as auditory clut-
ter.  Second, it incorporates iterative self-
validation mechanisms that improve the reliabil-
ity of generated remediation strategies and code
patches. Third, it provides Android-native re-
mediation support across multiple development
frameworks. The evaluation demonstrated that
the system consistently generated syntactically
valid code patches with high remediation ac-
curacy, significantly outperforming single-LLM
baselines. These benefits come at the cost of
increased execution time and API consumption,
due to the multiple model interactions required
throughout the workflow. Future work will in-
vestigate more cost-efficient architectures, in-
cluding model distillation strategies. Overall,
the results suggest that multi-agent architec-
tures represent a promising direction for auto-
mated accessibility remediation in mobile appli-
cations.
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