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Abstract

Debugging consumes a substantial portion of the software devel-
opment lifecycle, yet researchers do not yet understand well the
effectiveness of Large Language Models (LLMs) in this task. Com-
petitive programming offers a rich benchmark for such evaluation,
given its diverse problem domains and strict efficiency require-
ments. We present an empirical study of LLM-based debugging
on competitive programming problems and introduce DEPRro, a
test-case—driven approach that assists programmers by correcting
existing code rather than generating new solutions. DEPRO com-
bines brute-force reference generation, stress testing, and iterative
LLM-guided refinement to efficiently identify and resolve errors.
Experiments on 13 faulty user submissions from Codeforces demon-
strate that DEPRo consistently produces correct solutions, reducing
debugging attempts by up to 64% and debugging time by an average
of 7.6 minutes per problem compared to human programmers and
zero-shot LLM debugging.
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« Software and its engineering — Software testing and debug-
ging.
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1 Introduction

Debugging, the process of identifying and fixing software defects,
is a multi-step procedure involving bug identification, localization,
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reproduction, root cause analysis, and resolution [23]. Researchers
estimate that debugging consumes nearly 50% of the software de-
velopment life cycle [20]. Effective debugging requires not only
familiarity with the source code but also reasoning about root
causes; incomplete or superficial fixes often introduce additional
errors [19].

Large Language Models (LLMs) [22] have recently transformed
Natural Language Processing (NLP) [18] and code-related tasks
such as algorithmic problem solving and code generation [6, 12].
Their growing adoption in software engineering raises an important
question: to what extent can LLMs assist in debugging, particularly
in complex, real-world scenarios? Despite progress in LLM-based de-
velopment tools (e.g., Copilot [5], AlphaCode [1]), systematic eval-
uations of their debugging capabilities remain limited. Competitive
programming provides a rich and rigorous testbed for evaluating de-
bugging techniques. These problems span diverse domains, impose
strict computational constraints, and demand both efficiency and
correctness, making them well-suited for assessing the debugging
capabilities of LLMs [12].

Recent work has analyzed LLMs’ ability to solve competitive
programming problems [12]. Other studies have investigated LLM-
assisted debugging in broader contexts, including interactive debug-
ging [17], scientific debugging frameworks [15], and multi-agent
collaboration for code repair [8]. However, research on debugging
within competitive programming remains limited, and systematic
evaluations of LLM performance in this context are lacking. Given
the diversity and rigor of competitive programming challenges, ana-
lyzing LLMs’ zero-shot debugging effectiveness offers a meaningful
measure of their overall debugging capabilities.

In this paper, we first present an empirical and manual study
on 10 different problems from Codeforces [3]. For each problem,
we selected 10 users who had repeatedly submitted incorrect so-
lutions. For each user, we took their faulty code and asked GPT-5
[4] to debug it—not by generating new code, but by correcting the
existing code. We then analyzed the results and found that the LLM
generally required fewer attempts than human users. However, in
some cases, the LLM needed many attempts; for instance, it took
8 attempts to fix a single user’s errors. We manually investigated
the causes behind these high-attempt cases and also observed dif-
ferences in the LLM’s code-solving strategies. Our manual study
summary is as follows: LLMs are effective at reproducing stan-
dard solution patterns and applying localized fixes, but they lack
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the flexibility and strategic reasoning that human programmers
employ, particularly for problems with multiple valid solutions or
unconventional approaches.

We propose an automated approach, DEPRro, based on the ob-
servation that LLMs debug more effectively when provided with
specific problem details, particularly failing test cases. DEPRro first
generates a brute-force reference solution using GPT-5, then stress-
tests both the user’s code and the reference on random and edge-
case inputs to identify failures. The LLM is iteratively prompted
with the failing input, expected output, and user code to suggest
fixes, with each modification retested for up to eight iterations. This
process enables the LLM to refine code, identify errors, and improve
debugging efficiency. We evaluate DEPRO on 13 cases drawn from 6
faulty Codeforces problems [3], each submitted by a different user,
and find that it can effectively debug all 13 problems, producing
correct solutions in an average of 6.5 minutes per problem. We
published all the data and results for future use [21].

1.1 Empirical Study

1.1.1  Data Collection. We curate a dataset of 10 problems, each
with 10 user codes, resulting in a total of 100 user codes. We take
these codes from the popular competitive programming platform
Codeforces [3]. We select the problems based on user attempts,
focusing on cases where users submit multiple wrong answers,
struggle to debug their solutions, but ultimately solve the problems
after several tries. We define an attempt as a single modified sub-
mission intended to correct the previous error. The problem set
includes constructive algorithms (4), math (2), greedy (3) and imple-
mentation (1). Their difficulty ranges from easy (3) to intermediate
(7).

We also select user codes based on the number of attempts re-
quired to solve the problem. In particular, we include codes that fail
on the first submission. To ensure variety, we choose codes with
different failure points across test cases (e.g., TC-2, TC-8, TC-15)
rather than selecting codes that fail at the same point. This approach
prevents the dataset from biasing toward a single debugging pat-
tern. We test GPT-5’s reasoning model by providing the LLM with
the problem statement, time complexity, memory complexity, input,
and output before giving it the user’s code. We then use Prompt 1
to extract the debugging feedback generated by the LLM.

Prompt 1: Debugging Feedback Extractor Prompt

Problem Statement: You are given an array al,a2, [...]

Time Limit: 1 second Memory Limit: 256 megabytes

Input: Each test contains multiple test cases [...]

Output: For each test case, output a single integer [...]

Sample Input: 8 152230  Sample Output: 7

Task: Consider the given problem description. Here is my code for this problem. I got wrong answer.
Can you debug my code?

1.1.2  Data Preprocessing: We remove unnecessary spacing and
newlines, then decompose each problem into distinct components,
such as, problem statement, time constraint, memory constraint,
input, output, and initial prompt to improve clarity. We clarify and
simplify mathematical notations before presenting the problems to
the LLM.

1.1.3  Empirical Study Result: We analyze the LLM’s responses after
administering Prompt 1. Our primary objective is to compare the
number of attempts the LLM requires to solve a problem with the
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Table 1: Empirical study on LLM performance

Name Difficulty | Type N_U | N_L | Similarity Score
Flip Bits Intrm Con. Algo. 4.2 1.3 3.8
Equal with mod Intrm Con. Algo. 6.7 | 4.2 1.9
Alternating Easy Implement 4 2 4.4
Stable Groups Intrm Implement 3.8 1 5
Good Start Intrm Implement 3.7 2.6 43
Cherry Bomb Intrm Implement 4 1.3 3.8
T-primes Intrm Implement 3.2 1.2 4.7
Bobritto Banditto | Intrm Implement 2.6 1.9 2.7
Letter Home Intrm Implement 2.2 1.5 4
Brightness Begins | Intrm Implement 2.4 1 3

N_U = Average number of manual attempts by the user. N_L. = Average
number of attempts by the LLM.

number of attempts made by human problem solvers. The first three
columns of Table 1 present the problem name, difficulty level, and
problem type. Columns four and five report the average number of
attempts made by the problem solvers and by the LLM, respectively.
For each problem, we collect data from ten problem solvers. On
average, human problem solvers require 3.68 attempts to solve a
problem, whereas the LLM requires 1.8 attempts.

1.2 Manual Study

Two competitive programmers analyze our dataset and compare
the problem-solving approaches of human participants and the
LLM. For the manual study, they first construct a table similar to
Table 2. Drawing on their experience, they describe the human
and LLM debugging approaches, which appear in Columns 3 and
4 of Table 2. They then assign a similarity score from 1 to 5 to
indicate how closely the two approaches align and record it in the
final column. We compute the similarity score by averaging the
two programmers’ ratings. The final column of Table 1 reports the
average similarity score for each problem. Through this manual
study, we address three research questions.

RQ1: Is the LLM’s response relevant to the user’s solution?

When humans and the LLM converge on similar approaches, the
resulting solutions typically follow canonical or well-known strate-
gies, indicating that the LLM effectively reproduces documented
solution patterns. For purely mathematical problems, the LLM of-
ten uses different formulas than human solvers. In contrast, when
humans rely on unconventional heuristics, shortcuts, or domain-
specific tricks, the LLM tends to diverge, producing alternative
solutions that are syntactically correct but sometimes less efficient,
more verbose, or structurally different. We also observe that the
LLM struggles with problems that admit multiple valid solutions,
as it usually converges on a single reasoning template rather than
exploring diverse approaches.

RQ2: How do the LLM’s answers differ from users’ code in terms of
approach?

The LLM’s debugging behavior differs from humans’. Humans
locate errors by testing boundary cases, reasoning backward, or
restructuring their approach. The LLM tends to make localized
edits around failing test cases, adjusting loops, conditions, or data
structures based on learned patterns. While this may fix issues
quickly, it can repeat ineffective fixes or regress to earlier bugs.
This highlights a key distinction: humans rely on flexible reasoning
and strategic exploration, whereas the LLM primarily uses pattern-
based refinements.

RQ3: How can we improve the performance of LLM?
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Table 2: Summary of the manual
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study on LLM performance

Name User

Approach (User)

Approach (LLM) Similarity Score

Cherry Bomb ul

Collect known pairs b; > 0, form s; = a; + b;. If multiple distinct
s; — 0; if one x verify 0 < x — a; < k for missing b;; if none
count integers in [max; a;, min;(a; + k)].

Enforce single forced x (or none), validate only missing-b; 5
indices, and use count = max(0, min;(a; + k) — max; a; + 1).

u2

Set first forced x = a; + b; but later overwrote it; used global

Keep-first-x (or second-pass verify all known sums); clamp 5

min/max for all-—1 case.

negative counts to 0.

Bobritto Bandito | ul

exclude 0.

Shrank only right by (n — m) (assumes unilateral growth), may

Split rewind: take_left = min(n — m, —I), take_right =
m) — take_left; I’ = [ + take_left, r’ = r — take_right.

(n— 3

We evaluate an LLM’s performance by its ability to transform
buggy code into an accepted solution when provided with failing
test cases. We prompt the LLM to debug the user’s code (Prompt 1),
and submit the generated solution to Codeforces. If the submission
fails, we provide the corresponding failing test case along with
the code. We find that supplying failing test cases significantly im-
proves debugging performance compared to re-prompting without
additional information. This observation motivates DEPRrRo, which
leverages failing test cases to enhance LLM-assisted debugging.

2 Methodology and Evaluation

Based on our manual observations, we find that LLMs perform
more effectively in debugging when prompted with specific details
of the problem, particularly the failing test case. Motivated by this
finding, we develop an automated technique, DEPRo, that leverages
LLM-assisted debugging and evaluate it on 13 real-world problems.

2.1 DEPRo Architecture:

Figure 1 illustrates the workflow of DEPRO, which consists of three
major steps: (1) initial code generation, (2) stress testing and identi-
fication of the failure-inducing test case, and (3) debugging with
the LLM.

User’s Buggy
Code

@)

Debug with
LLM

w“\‘ ‘ Brute Force
Solution
Generation

Identify Test
Case

(4

-

Figure 1: Overview of DEPRo Methodology

Initial Code Generation: The process begins by prompting GPT-
5’s reasoning model with a problem template that we construct,
which includes the problem description, constraints, and input-
output specifications. We instruct the LLM to generate a brute-force
solution that prioritizes passing all sample test cases. This solution
serves as a reference for subsequent debugging steps and provides
a benchmark to compare against the user’s original code.

Stress Testing and Failure Detection: After generating the brute-
force solution we conduct stress testing with the user’s original
code. We execute both programs on a wide range of generated test
cases, including edge cases and boundary values. A separate script
generates the inputs with ranges defined by the problem statement.
The test case generation helps to identify any mismatch between
the brute-force solution and the user code. The stress testing loop
terminates when it encounters a failing test case. For each failing
case, we extract and store both the input and the resulting output
for use in the subsequent debugging phase.

Iterative Debugging with LLM: After identifying a failing test

Prompt 2: DEPRo Debugging Prompt

This is my code. It failed in the test case:
Input: 1234  Output: 2

Expected Output: 4

Can you debug my code?
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Figure 2: Attempts required by DEPRo, manual methods, and
zero-shot LLMs

case, we prompt the LLM with the failing input, the expected out-
put, and the user’s original code. We instruct the model to analyze
and debug the code, as shown in Prompt 2. Once the LLM suggests
modifications, we subject the updated code to another round of
stress testing. This process creates a feedback loop in which de-
bugging is guided primarily by failing test cases. The loop of code
modification and stress testing continues for up to eight iterations.
In each iteration, the model refines the code’s logic, learns from
previous failures, and identifies potential sources of error.

2.2 Evaluation

We select 13 faulty user codes from 6 problems, for which the LLM
requires an average of 4 attempts to debug, with a maximum of 8 at-
tempts and a minimum of 2 attempts. We evaluate the effectiveness
and efficiency of DEPRo.

We implemented a prototype of DEPro using GPT-5s reason-
ing model [4]. The prototype consisted of three main C++ files:
(i) a brute-force solution, (ii) a user-provided solution, and (iii) a
random test generator. We orchestrated and executed together via
a batch script [2]. During execution, if the output of the user’s
solution differed from that of the brute-force solution, the system
automatically displayed the corresponding failing test cases in the
terminal. We conducted the experiments on a single workstation
with an 11th-Gen Intel® Core™ i7-1165G7 @ 2.80 GHz, 16 GB RAM,
a graphics device with 2 GB VRAM.

Figure 2 presents a comparison of the total number of attempts
required by human problem solvers, zero-shot LLMs, and DEProO
for each problem. On average, DEPRrO reduces the number of at-
tempts by 64% compared to the zero-shot LLM approach described
in Section 2, with a maximum reduction of 75% and a minimum of
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Time Required for Debugging by DePro
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Figure 3: Total time in Debugging

50%. Across all 13 faulty user codes, DEPRroO consistently requires
fewer attempts than both human solvers and zero-shot LLMs, suc-
cessfully producing the correct solution after debugging the user’s
code. These results demonstrate that DEPRro is highly effective at
debugging a variety of problem types.

DEPRro reduces the overall time required to debug competitive
programming problems, taking an average of 6.5 minutes per prob-
lem. Figure 3 compares the debugging times of DEPRo and human
problem solvers across our 13 user codes. On average, DEPRO re-
duces the debugging time by 7.6 minutes per problem compared to
manual methods. These results demonstrate that DEPRo is highly
efficient in debugging competitive programming solutions.

3 Related Work

LLM-based debugging has gained traction, with studies exploring
strategies from agent-based collaboration to runtime feedback.
Interactive Debugging. Systems have been developed that inte-
grate LLMs with debuggers for natural-language interaction. Chat-
DBG [17] connects LLMs to GDB/LLDB, allowing queries about
program state. AutoSD [15] combines LLMs with hypothesis gen-
eration and testing, and DebugBench [24] introduces a benchmark
for evaluating LLM debugging across multiple error types.
Runtime Feedback. Several approaches incorporate execution
feedback into the debugging process. LDB [8] uses runtime traces
to validate program blocks. Ledex [13] applies execution-guided
refinement to train LLMs to self-debug and provide explanations.
RTLFixer [25] addresses hardware description languages by using
compilation feedback to repair RTL syntax errors.

Agent-Based Debugging. Multi-agent frameworks assign differ-
ent roles to the debugging process. FixAgent [16] separates tasks
such as fault localization and patch generation. RGD [14] and
COAST [28] explore role-based collaboration and data synthesis.
AGDebugger [10] introduces user-driven steering mechanisms for
multi-agent debugging systems.

Automated Program Repair. LLM-based program repair meth-
ods show strong results on real-world bugs. AutoCodeRover [30]
achieves 19% on SWE-bench using structure-aware search, SWE-
agent [27] leverages iterative tool-based interfaces, and Inspect-
Coder [26] enables dynamic debugging. However, these approaches
focus on production code rather than the complexity and efficiency
demands of competitive programming. Although prior studies have
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advanced LLM-assisted debugging, they generally overlook dy-
namic, test-case—driven feedback. We bridge this gap by integrating
brute-force generation, stress testing, and iterative refinement.

4 Threats to Validity

In this section, we discuss four types of threats, similar to prior
research related to LLM[7, 12, 22].

Internal Validity: Data contamination poses a significant threat
to the internal validity of our study, as some of the problems we
evaluate may already exist in the training data of the LLM.
External Validity: We used a dataset of 100 code submissions.
Although the dataset is relatively small, we ensured generalizability
by collecting code from 10 different users for each problem, result-
ing in 100 unique user submissions. This diversity reduces threats
to external validity by incorporating variations in coding styles
across different programmers. Additionally, we used the latest GPT
version at the time of our experiment for the evaluation.
Construct Validity: We document all experimental procedures.
The prompts for data collection and solution evaluation are publicly
available to promote reproducibility and transparency.
Conclusion Validity: To reduce bias, we conducted all evaluations
using a consistent prompt. Furthermore, we validated through man-
ual data annotations by two independent separate programmers.

5 Discussion & Future Scope

Our study shows that LLMs can effectively assist debugging, par-
ticularly when guided by execution feedback.

While we focus on competitive programming, DEPRro has broader
applications in software engineering, where failing test cases are
often unavailable. By combining automated stress testing with
LLM-based debugging, DEPRO can support software maintenance,
program repair, and automated debugging workflows. However, it
depends on correct brute-force solutions and effective test genera-
tion, which may not scale to large or complex inputs.

Future work could extend DEPRro to more complex settings by
integrating runtime debuggers and symbolic execution tools such
as GDB [11] and KLEE [9], enabling richer feedback and uncov-
ering hidden edge cases. Additional directions include adaptive
prompting and integration into educational tools, IDEs, and ver-
sion control systems for real-time analysis, fix suggestions, and
automated refactoring.

6 Conclusion

We conduct an initial manual and empirical study on LLMs’ perfor-
mance in debugging competitive problems using zero-shot prompt-
ing. Based on this study, we introduce DEPRro, a novel debugging
approach that combines the capabilities of Large Language Models
(LLMs) with an iterative, test-case—driven method. DEPRo inte-
grates an iterative feedback loop guided by failing test cases and
enhances the efficiency and effectiveness of debugging. Our study
shows that this approach expands debugging techniques and simpli-
fies the process compared to manual methods. DEPRo holds strong
potential to serve as a debugging assistant tool for developers.
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