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Abstract

Large Language Models (LLMs) demonstrate pro-
ficiency in coding tasks but tend to overcorrect
when debugging, making excessive changes be-
yond what’s necessary. This research evaluates
five approaches to achieve controllable LLM de-
bugging: monolithic prompting, code chunking,
targeted test case injection, multi-agent frame-
works, and AST-based code difference analysis.
Using a modified DebugEVAL framework, we
measure both bug identification accuracy and min-
imality of changes. Our findings reveal a fun-
damental tension: while multi-agent approaches
achieve higher bug resolution rates, they typically
make 40-60% more code changes than neces-
sary. AST-based approaches better balance accu-
racy with minimal intervention. We demonstrate
that effective LLM debugging requires not just
fixing errors but knowing when to stop making
changes—a critical consideration for educational
and production environments.

1. Introduction

In fall 2024, tired of manually debugging student code,
I wondered if LLMs could help streamline this process
by identifying issues or suggesting where to look. While
LLMs have demonstrated impressive capabilities in code
generation, their effectiveness in debugging presented a
more nuanced reality—they could debug, but only “kind
of.”

A common pattern quickly emerged: when asked to debug
code, LLMs often proposed extensive changes that went
well beyond addressing the actual problem. As many users
and developers using coding assistants succinctly describe
it - Al is sometimes too eager to make changes. It constantly
makes suggestions to change a code, although these changes
are not necessary or partly wrong. This observation reveals
a fundamental challenge in LLM-assisted debugging—the
lack of a “stop signal” that indicates when the code is “good
enough.”

The problem manifests in several ways. First, human-
written code is typically shorter and more focused than

LLM-generated code achieving the same functionality. Sec-
ond, LLMs continue generating beyond what is necessary,
whether in code or explanations. Most critically, when
debugging, they often propose multiple changes for small
syntax issues or flag new problems that aren’t actually there,
introducing false positives.

This overcorrection tendency creates significant challenges,
particularly in educational settings where targeted, minimal
fixes are pedagogically preferable. Once LLMs suspect a
bug, they often perform extensive rewrites to ensure they’re
“fixing” the problem, sometimes introducing new code paths
and complexity unnecessarily.

Our research aims to address this fundamental challenge
by developing and evaluating methods that keep LLMs “on
track”—enabling them to fix real bugs while stopping short
of rewriting entire sections of code or generating new ir-
relevant issues. We investigate five distinct approaches to
controlled debugging:

1. Single Prompt (Monolithic) - Providing the entire
codebase with failing test cases in one prompt

2. Code Chunking - Breaking code into manageable
segments for focused analysis

3. Targeted Test Case Injection - Sequentially introduc-
ing failing test cases to build incremental fixes

4. Multi-Agent Frameworks - Distributing debugging
tasks across specialized LLM instances

5. AST-Based Code Differences - Using abstract syntax
trees to precisely identify and align functional differ-
ences

Using a modified version of the DebugEVAL framework,
we evaluate these approaches on their bug identification
accuracy, minimality of changes compared to reference so-
lutions, and computational cost. Our results demonstrate a
fundamental tension between debugging effectiveness and
controllability, with different approaches offering distinct
trade-offs between these competing objectives.

This paper contributes: (1) a systematic analysis of con-
trollability challenges in LLM debugging; (2) comparative
evaluation of five approaches to address these challenges;
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(3) anovel metric for debug efficiency that accounts for both
correctness and minimality; and (4) practical guidelines for
developing more controlled Al-assisted debugging tools for
educational environments.

2. Related Work

Automated program repair has been a subject of active re-
search for over a decade. Early approaches such as GenProg
(Goues et al., 2013) and DeepFix (Gupta et al., 2017) laid the
groundwork by demonstrating that search-based methods
and deep learning could automatically localize and repair
bugs. Although these systems achieved success on a variety
of common bug patterns, they often lacked the ability to
control the extent of code modifications, leading to solutions
that were not minimal in nature.

With the advent of large language models (LLMs), the land-
scape of code synthesis and debugging has shifted dramat-
ically. In (Chen et al., 2021), Chen et al. demonstrated
that LLMs trained on vast code corpora can generate code
completions and even basic fixes. However, as highlighted
by Brown et al. (Brown et al., 2020), while these models
excel at capturing contextual nuances, they tend to over-
correct—making excessive changes beyond what is strictly
necessary to fix a bug. This overcorrection behavior has
been observed in various studies and poses a significant
challenge when minimal intervention is desired, particularly
in educational contexts.

To address these challenges, several more controlled debug-
ging methodologies have emerged. Incremental debugging
strategies such as targeted test case injection (Gupta et al.,
2017; Liu et al., 2022) aim to limit the scope of modifica-
tions by addressing one failing test case at a time. Similarly,
multi-agent frameworks (Yao et al., 2022) decompose the de-
bugging task into specialized components (e.g., debugging,
context analysis, and test evaluation) to better regulate code
modifications. Although these approaches have been shown
to improve bug detection accuracy, they still often result
in more extensive code changes compared to the minimal
reference fixes.

An alternative line of research leverages the structured rep-
resentation of code through abstract syntax trees (ASTs).
AST-based difference analysis (Mou et al., 2016) enables
a fine-grained comparison between student and reference
code, thereby facilitating more targeted interventions. This
method inherently provides a form of a “stop signal,” as it
confines modifications to only those areas where structural
differences are detected.

More recent works have further explored controlled interven-
tion techniques. For instance, Chen et al. (Chen et al., 2022)
investigated transformer-based models with explicit mecha-
nisms to limit overcorrection, while Wang et al. (Wang et al.,

2023) focused on controlled code generation in debugging
contexts. Additional efforts such as the work on AlphaCode
(DeepMind, 2022) and Code Llama (Al, 2023) demonstrate
ongoing advances in generating competitive-level code with
attention to minimality and correctness.

In summary, while early work on automated program re-
pair proved the feasibility of automatic debugging, the tran-
sition to LLM-based methods has introduced new chal-
lenges—particularly, the tendency to overcorrect. Our work
builds on these foundations by systematically evaluating
multiple debugging approaches and proposing strategies
that enforce a more disciplined, minimal set of modifica-
tions.

3. Methodology

Our methodology follows a systematic comparative ap-
proach, evaluating five distinct LLM-based debugging strate-
gies:

* Baseline monolithic approach
* Code chunking technique
* Targeted test case injection

* Multi-agent framework

AST-based code difference analysis

For each methodology, we utilized identical LLM architec-
tures, prompt templates (modified only to accommodate
the specific approach), and test dataset to ensure fair com-
parison. The DebugEVAL dataset provided the foundation
for our experiments, offering a standardized framework for
evaluating debugging capabilities across varying complexity
levels.

3.1. Large Language Models

For our evaluation, we utilized 3 leading closed-source
LLM:s accessible through their official APIs: GPT-40 (Ope-
nAl), Claude 3.5 Sonnet (Anthropic) and Gemini 2.0 Pro
(Google). These models were selected to represent the cur-
rent state-of-the-art in commercial LLM capabilities for
code understanding and manipulation.

To ensure experimental consistency, we maintained standard
parameter settings across all models: a temperature of 0.6
for deterministic outputs and top-p of 0.95. We employed
consistent system prompts across all model interactions,
focusing on clear instructions for bug identification and
minimal code corrections.
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3.2. Dataset Preparation and Characteristics
3.2.1. DEBUGEVAL DATASET

We selected DebugEVAL as our primary dataset for this
research due to its comprehensive evaluation of code de-
bugging capabilities. DebugEVAL designs four task scenar-
ios: BUG Localization, BUG Identification, Code Repair,
and Code Recognition, providing a multifaceted assessment
framework. The dataset consists of approximately 200 de-
bugging problems across various programming languages
and complexity levels.

A key advantage of DebugEVAL for our research is its
structured approach to evaluating different aspects of the
debugging process. Each problem in the original dataset is
presented as a multiple-choice question, with LLMs tasked
with selecting the correct option across four categories. This
format enables precise evaluation of specific debugging
capabilities while maintaining standardization across prob-
lems.

3.2.2. DATA ADAPTATION

For our research, we adapted the DebugEVAL framework to
better assess unguided debugging capabilities. Rather than
using the multiple-choice format, we converted problems
to a JSON identification task format. This modification
removed the progressive hints inherent in multiple-choice
options, requiring LLMs to identify bugs and propose fixes
without guidance.

Our adaptation involved restructuring each problem to in-
clude:

* The original problem description

* Complete buggy code (without highlighting the prob-
lematic areas)

* Failing test cases and expected outputs

* A structured JSON format for responses that included
fields for bug type, location, description, and proposed
fix

This approach allowed us to evaluate not only accuracy in
bug identification but also the minimality and precision of
proposed fixes—a critical dimension for assessing control-
lability in debugging.

3.3. Implementation of Debugging Methodologies

3.3.1. BASELINE MONOLITHIC APPROACH

The baseline monolithic approach represents a straightfor-
ward implementation of LLM-based debugging, serving as
a control condition against which we evaluated our more

sophisticated methodologies. This approach employs a sin-
gle prompt containing the entire student code along with
a description of failing test cases, instructing the LLM to

’Identify the bug(s) and propose a minimal fix.”

For implementation, we provided the LLM with a standard-
ized JSON response format that included fields for bug type,
description, and proposed fix, matching the structure of De-
bugEVAL’s evaluation criteria. This enforced consistency in
response formatting while allowing sufficient freedom for
the LLM to diagnose and resolve issues.

Our observations with this approach revealed several limita-
tions:

* Overly Large Responses: The LLM often rewrote en-
tire functions rather than isolating the one or two lines
that needed fixing

* Occasional Irrelevant Changes: Even with simple bugs
like semicolon omissions, the LLM sometimes “im-
proved” unrelated parts of the code

* Context Overload: For larger solutions, the LLM some-
times missed the real bug or got sidetracked by less
critical warnings

This baseline established the fundamental challenge of con-
trollability in LLM debugging and provided a reference
point for measuring improvements in our more specialized
approaches.

3.3.2. CODE CHUNKING TECHNIQUE

The code chunking approach addresses context window
limitations by dividing large codebases into manageable
segments. This method enables LLMs to process complex
code structures through a divide-and-conquer strategy, pre-
serving semantic coherence while reducing the token count
required for each analysis phase.

Chunking Strategies: We implemented several distinct
chunking strategies, each optimized for different code
characteristics. Line-based chunking divided code into
fixed-size segments while ensuring syntactic completeness.
Function-based chunking extracted individual functions as
independent units, preserving their complete internal logic
while isolating their complexity. For our educational con-
text, function-based chunking proved most effective as it
aligned with students’ natural organization of code.

For each chunk, we prompted the LLM with a consistent
question: ”Any bugs here? If yes, highlight the lines and
propose a fix.” This focused approach enabled more targeted
analysis without the distraction of the entire codebase.

Context Management:
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* Each chunk was processed sequentially with a consis-
tent prompt template

¢ Chunk context (e.g., function headers, module imports)
was preserved

¢ Inter-chunk references were maintained where neces-
sary

Our observations with this approach showed:

 Better Focus: The LLM was more likely to zero in on
the correct lines without distraction

» False Negatives: When bugs involved interactions be-
tween functions in different chunks, the LLM some-
times failed to connect the dots

* Time & Cost Trade-off: Multiple chunks led to more
total queries, increasing token usage

* Limitations with Complex Code: For longer files with
helpers distributed throughout, performance degraded

After processing individual chunks, we employed an aggre-
gation mechanism to synthesize the distributed analyses into
a coherent debugging output, resolving potential conflicts
through confidence scoring based on evidence strength and
context relevance.

3.3.3. TARGETED TEST CASE INJECTION

Our targeted test case injection methodology represents a
novel approach to controlling LLM debugging behavior
by focusing on incremental problem-solving rather than
comprehensive rewriting. Instead of providing all test cases
at once, we systematically introduced failing test cases one
at a time, asking the LLM to analyze and suggest fixes for
each specific case before moving to the next.

This stepped approach mirrors how human teaching assis-
tants guide students through debugging:

* Present a single failing test case with clear expected vs.
actual output

* Ask for analysis and a minimal fix for just this test case
* Apply the suggested fix
* Introduce the next failing test case

* Repeat until all test cases pass

Our implementation carefully considered test case ordering,
generally starting with simpler cases that required minimal

changes and progressing to more complex ones. This se-
quencing proved critical, as adding functionality incremen-
tally was more effective than requiring the LLM to refactor
existing code.

Our observations with this approach revealed:

¢ Incremental Improvement: LLM focused on simpler
fixes first, building toward more complex solutions

» Controlled Changes: Sequential approach prevented
sweeping changes that affected multiple parts simulta-
neously

» Pedagogical Alignment: This approach better matched
how students learn to debug their own code

By constraining the LLM’s focus to one failing test at a
time, we effectively implemented a natural stop signal”
that prevented overcorrection, addressing a key challenge in
controllable debugging.

3.3.4. MULTI-AGENT FRAMEWORK

Our multi-agent framework distributes debugging respon-
sibilities across specialized LLM instances, mimicking the
incremental code debugging methodology human program-
mers use. This approach decomposes the debugging process
into a structured workflow where specialized agents handle
distinct aspects of code analysis and repair.

Agent Architecture: Our implementation featured an or-
chestrator agent managing the debugging process, supported
by three specialized components:

* Debug Agent: Responsible for analyzing code and
identifying potential bugs

» Context Agent: Maintains understanding of the overall
codebase structure and relationships

» Test Agent: Evaluates proposed fixes against test cases
and validates solutions

The orchestrator coordinated a structured workflow:

1. Understanding the code and test cases

2. Sequentially addressing failing tests in order of com-
plexity

3. Making targeted code changes
4. Running tests to verify fixes

5. Tterating through this loop until all tests passed

Our observations with this approach showed:
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* Highest Accuracy: This method achieved the best de-
bugging success rate across all approaches

» Controllability Challenges: Despite success in fixing
bugs, solutions often involved more extensive changes
than necessary (e.g., 40 lines changed when reference
solutions required only 24)

* Cost Considerations: Averaging approximately 7 LLM
calls per problem significantly increased computational
costs

While this approach demonstrated the highest bug resolution
capability, it highlighted the fundamental tension between
debugging effectiveness and controllability that motivated
our research.

3.3.5. AST-BASED CODE DIFFERENCE ANALYSIS

The AST-based code difference approach represents our
most structured method for controlled debugging. Unlike
the previous approaches that analyze code directly as text,
this method leverages abstract syntax trees to precisely iden-
tify and analyze functional differences between reference
and student code.

Our implementation followed a systematic process:

1. Function Header Analysis: Using an LLM to parse
code and systematically document function purposes,
inputs, and outputs

2. AST Generation: Converting both reference and stu-
dent code into Abstract Syntax Trees using language-
specific parsers

3. Node Alignment: Aligning corresponding nodes be-
tween reference and student code based on function
headers and signatures

4. Functionality Diffing: Creating a structured difference
report focusing on critical elements such as initializa-
tions, conditions, loops, and return statements

For LLM integration, we developed a specialized prompt
template that presented the structured difference report in a
JSON format, with explicit instructions to:

* Analyze ONLY the specific differences highlighted

» Explain whether these differences could cause the ob-
served test failure

» Suggest a minimal, focused fix addressing only the
specific issue

* Avoid suggesting changes to other parts of the code

* Maintain the original structure of the function

This highly constrained approach provided clear boundaries
for LLM debugging activity, effectively implementing the
’stop signal” missing in more general approaches. By focus-
ing the LLM’s attention on specific functional differences
rather than the entire codebase, we achieved a better bal-
ance between bug identification accuracy and minimality of
changes.

4. Results

This section presents the key findings from our comparative
evaluation of different LLM-based debugging approaches.
We analyze performance across metrics that address both
debugging accuracy and modification behavior.

4.1. Comparative Performance Analysis

Table 1 summarizes the bug detection accuracy across mod-
els for each methodology.

Table 1. Bug Detection Accuracy by Model (%)

Method Claude 3.5 GPT-40 Gemini 2.0
Baseline 59.8 57.2 48.4
Chunking 67.2 63.5 53.7
Test Case 714 68.7 58.9
Multi-Agent 78.6 76.3 65.1
AST-Based 74.8 72.6 61.8

Table 2 shows the comparison of key metrics across method-
ologies.

Table 2. Performance Metrics Comparison

Method Bug Detection  Code Changes  False Pos.
Accuracy (%) (% of reference) Rate (%)
Baseline 52.3 178 28.6
Chunking 59.8 156 24.1
Test Case 64.7 132 18.3
Multi-Agent 72.6 167 14.7
AST-Based 68.4 115 12.3

Our results demonstrate a clear pattern across debugging
methodologies. The multi-agent framework achieved the
highest bug detection accuracy (72.6%) but at significantly
higher API costs and with excessive code modifications
(167% of reference solution changes). The AST-based ap-
proach offered the best balance between accuracy (68.4%)
and minimality of changes (115% of reference solution).
The baseline monolithic approach performed worst in accu-
racy while paradoxically making the most extensive code
modifications.

The Change Ratio represents how many changes each
method makes compared to the reference solution. For
example, the baseline approach makes 1.78x more changes
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than necessary (if the reference solution changes 10 lines,
the baseline approach would change about 18 lines). The
AST-based approach is the most efficient, making only 1.15x
the necessary changes, while still maintaining good accu-
racy

False positive rates also varied significantly across method-
ologies. The AST-based approach achieved the lowest false
positive rate (12.3%), meaning it was less likely to identify
non-existent problems. This contrasts with the baseline ap-
proach which had more than double the false positive rate
(28.6%), frequently flagging issues that weren’t actually
bugs.

4.2. Model-Specific Performance

As shown in Table 1, performance varied across models, but
the relative advantages of each methodology remained con-
sistent. Claude 3.5 Sonnet consistently outperformed other
models across all debugging approaches, demonstrating su-
perior code comprehension and reasoning capabilities. GPT-
40 performed well but trailed Claude across all methods.
Gemini 2.0 Pro showed significantly lower performance
with a substantial gap compared to the other models, partic-
ularly in the more complex methodologies like multi-agent
and AST-based approaches.

4.3. Code Change Analysis

A critical finding was the variation in modification behav-
ior across approaches. While the multi-agent framework
achieved high accuracy, it typically modified 40-60% more
code than necessary compared to reference solutions. In
contrast, the AST-based approach made more targeted modi-
fications, with changes typically limited to the specific func-
tions containing bugs. This selective modification behavior
is reflected in its lower code change percentage (115%).

The targeted test case injection approach also demonstrated
good minimality (132%), as its incremental nature prevented
the sweeping changes observed in other approaches. Both
the baseline and chunking approaches tended to make ex-
cessive modifications, often completely rewriting functions
when only minor fixes were required.

5. Limitations and Future Work
5.1. Limitations

Our study has several limitations that should be considered
when interpreting the results:

* Dataset Constraints: Although DebugEVAL provides
a standardized framework for evaluation, it may not
represent the full diversity of bugs encountered in pro-
fessional software development. The dataset focuses

primarily on common bug patterns, potentially over-
looking more complex or domain-specific issues.

* Language Coverage: Our evaluation concentrated pri-
marily on Python and JavaScript code samples. The
effectiveness of these approaches may vary across dif-
ferent programming languages, particularly those with
more complex type systems or memory management
requirements.

* Scale Limitations: While we tested on educational
code samples of varying complexity, we did not eval-
uate these approaches on very large production code-
bases with hundreds of thousands of lines of code,
where different challenges might emerge.

5.2. Future Work

Several promising directions for future research emerge
from our findings:

* Incremental Change Path Exploration: Developing
methods that only allow for one change at a time and
incrementally evaluate multiple possible modification
paths. Such an approach would check how each incre-
mental change affects test outcomes, then self-reflect
on whether pairs of changes might be more effective,
continuing this process until reaching the minimal suffi-
cient set of modifications. This would enforce a princi-
pled ”stopping point” based on empirical results rather
than LLM judgment.

¢ Enhanced Prompting Techniques: Developing more
sophisticated prompting strategies specifically de-
signed to limit overcorrection. This could include ex-
plicit ”change budgets” or requiring justification for
each modification.

The long-term goal remains developing LLM-based debug-
ging tools that not only identify and fix bugs correctly but
do so with the minimal necessary intervention—knowing
when to stop is indeed as important as knowing what to fix.
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