EAl Endorsed Transactions
on Internet of Things Research Article EALEU

When Does Context Help? A Controlled Study of
LLM-Based Bug Fixing

Dinesh Kumar Gummadavelli!, Xianshan Qu'*, Xiaopeng Li', Xin Zhang?, Yuqi Song?, Bokai
Yang?

1University of Central Oklahoma, Edmond, OK, USA
2University of Southern Maine, Portland, ME, USA
3University of Wisconsin Eau Claire, Eau Claire, WI, USA

Abstract

Large language models (LLMs) have shown promise for automated program repair, but it remains unclear
which debugging signals are most useful and when additional context becomes distracting, costly, or
ineffective. We present a controlled empirical study of LLM-based bug fixing on FIXEVAL, comparing
three model families—-GPT, Claude, and DeepSeek-under five prompt settings: code-only repair, problem
description, failed test cases, passed and failed test cases, and all available context. We further investigate
whether structured execution feedback improves repair in a second attempt after an initial patch fails.
Across 400 benchmark instances spanning Wrong Answer, Runtime Error, Time Limit Exceeded, and Memory
Limit Exceeded bugs, we evaluate repair accuracy, response time, computation cost and second-attempt
recovery. The results show that contextual information generally improves first-attempt accuracy, but its
benefit depends strongly on bug type and model family. Full context is often most effective for Wrong Answer,
Runtime Error, and Time Limit Exceeded bugs, whereas Memory Limit Exceeded bugs remain difficult across
settings, suggesting that resource-limit failures often require deeper algorithmic redesign. Passed tests provide
limited benefit unless paired with stronger semantic or failing-test signals. Structured failure feedback
improves second-attempt repair most when it exposes concrete behavioral mismatches or runtime failures,
but it is less effective for coarse resource-limit signals. These findings clarify when context helps LLM-based
repair and provide practical guidance for designing cost-aware, feedback-driven repair pipelines.
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1. Introduction showed that pretrained models can repair bench-
) _ mark bugs without task-specific repair templates, but
Automated program repair (APR) aims to generate they also exposed persistent limitations in correctness,
patches that correct software defects with limited  gemantic reasoning, and reliability [1-3].
human intervention. Traditional APR techniques typi- Recent work has therefore moved from single-turn
cally search over predefined edit spaces, mined repair patch generation toward execution-grounded and agen-
templates, or constraint-based transformations, and tic repair. Benchmarks such as FIXEVAL [4] and SWE-
their effectiveness is .often bqunded by the expressive- .. p [5] support more realistic execution-based eval-
ness of the underlying repair space. Large language  .tion by pairing buggy programs or repository issues
models (LLMs) have changed this design space by gen- (i) tests that validate generated fixes. Systems such
erating candld'ate patches directly from cF)de, natural- ¢ ChatRepair [3], SWE-agent [6], AutoCodeRover [7],
langl.lage requirements, and execution evidence. Early ThinkRepair [8], and RepairAgent [9] further show
studies on Codex, ChatGPT, and other code LLMs ¢ 11Ms can benefit from tool use, repository nav-
igation, repeated test execution, and feedback-driven
*Corresponding author. Email: xqul@uco.edu refinement. These systems demonstrate the promise of
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feedback-driven repair, but they also combine multiple
mechanisms such as retrieval, planning, test execution,
prompt engineering, and iterative search-making it dif-
ficult to isolate which debugging signals actually help
the model produce a correct patch.

A key open question is therefore not only whether
LLMs can repair bugs, but also when specific forms
of context help. Human developers rarely debug from
source code alone. They use problem statements, failing
inputs, expected outputs, passing examples, stack
traces, and feedback from previous attempts. LLMs
may similarly benefit from these signals, yet additional
context does not necessarily improve repair. More
information can introduce irrelevant details, increase
latency and cost, and distract the model from the most
diagnostic evidence. Moreover, different bug types may
require different signals: a Wrong Answer bug may
be explained by a failing input-output pair, whereas a
Memory Limit Exceeded bug may require algorithmic
redesign that is not obvious from a small number of
examples.

This paper presents a controlled empirical study
of contextual signals and feedback refinement for
LLM-based bug fixing. We evaluate three model
families—GPT, Claude, and DeepSeek under a shared
repair framework on FIXEVAL [4]. We compare five
prompt settings: a basic code-only prompt, problem
description, failed test cases, passed and failed test
cases, and all contextual signals combined. We then
examine a two-attempt setting in which an initially
failed patch is revised using structured execution
feedback containing the failure type, failing input,
expected output, and observed output. This design
allows us to separate the effect of initial context from
the effect of feedback-based refinement.

Our study is guided by three research questions:

¢ RQ1. What is the value of different contextual
signals for LLM-based bug fixing?

* RQ2. How does the usefulness of context vary
across model families and bug types?

¢ RQ3. To what extent does structured failure feed-
back improve second-attempt repair accuracy?

The paper makes three contributions. First, it pro-
vides a controlled comparison of problem descriptions,
failing tests, passing tests, and combined context for
LLM-based bug fixing across multiple model families
and bug categories. Second, it analyzes the trade-offs
among repair accuracy, response time, and computation
cost, showing when richer prompts justify their over-
head. Third, it evaluates structured failure feedback
in a fixed two-attempt repair setting, clarifying when
execution feedback supports convergence and when it
remains insufficient.

Prior work has examined contextual signals or
feedback mechanisms individually. However, many
studies focus on a single model family [10-13].
Others [3, 7, 9] combine feedback with additional
mechanisms, such as planning and tool use, making it
difficult to isolate the effect of feedback. This study is,
to our knowledge, the first to jointly compare context
type, model family, and bug category within a single
controlled framework. This joint comparison allows us
to observe interactions, such as which context types are
most useful for which bug types, that single-model or
single-context studies cannot reveal.

2. Background

LLM-based bug fixing differs from traditional auto-
mated program repair in that the repair process is
largely prompt-driven. Instead of searching a con-
strained patch space, the model generates a candidate
fix based on the information provided in the prompt. As
a result, the quality and type of contextual information
can strongly influence repair behavior.

2.1. Contextual Signals for Bug Fixing

Contextual signals describe information beyond the
buggy code that may help the model infer the intended
behavior and identify the cause of failure. In this study,
we consider three common types of contextual signals:
problem descriptions, failed test cases, and passed test
cases.

A problem description explains the intended behav-
ior, input-output format, and constraints. It can help the
model infer the correct algorithm, especially when the
bug is difficult to identify from code alone. Failed test
cases provide negative behavioral evidence by showing
inputs on which the program fails, along with expected
and observed outputs. They can directly expose incor-
rect behavior, but may be less informative for resource-
limit bugs when the feedback only indicates timeout or
memory exhaustion. Passed test cases provide positive
behavioral evidence by showing behavior that should be
preserved. They may help avoid regressions, but they
usually do not identify the fault directly.

These signals can be used separately or together.
Richer prompts may provide more complete informa-
tion, but they can also add noise, latency, and cost.
Thus, full context is not necessarily better than selective
context.

2.2. lterative Repair and Failure Feedback

Bug fixing is often iterative. After generating a patch,
developers run tests, inspect failures, and revise the
code. LLM-based repair can follow the same process:
if an initial patch fails validation, the model can use
failure feedback to generate a revised patch.
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Failure feedback may be provided as raw logs or as
structured summaries. Raw logs can be lengthy and
inconsistent, while structured feedback highlights the
key information, such as failure type, failing input,
expected output, and observed output.

In this study, we use a two-attempt design. The first
attempt evaluates the effect of contextual signals. If
the patch fails, the second attempt provides structured
failure feedback together with the original context.
This design allows us to examine both initial repair
performance and feedback-based refinement under a
fixed repair budget.

3. Experimental Setup

3.1. Dataset

We use the FIXEVAL[4] dataset, derived from
CodeNet[14], which contains competitive programming
submissions from AtCoder and Aizu Online Judge. The
CodeNet dataset compiles programs in over 50
languages, and FIXEVAL augments these programs
with open-source unit tests. FIXEVAL is well suited for
our study because it supports controlled sampling at
scale. It also includes more complex bugs than datasets
such as QuixBugs[15], including multi-line logic errors.

We evaluate four bug categories: Wrong Answer,
Memory Limit Exceeded, Time Limit Exceeded, and
Runtime Error. For each category, we randomly sample
100 instances, resulting in a total of 400 evaluation
instances. Each instance contains the buggy program,
problem description, and test cases, which we use to
construct different prompt contexts.

3.2. Models

We evaluate three representative LLM families using
GPT-5, Claude Sonnet 4.5, and DeepSeek-Coder. For
reproducibility, all model calls were made through
the corresponding provider APIs using fixed model
identifiers: GPT-5 via the OpenAlI API, Claude Sonnet
4.5 via the Anthropic API, and DeepSeek-Coder via
the DeepSeek API. All models are evaluated on the
same benchmark instances, prompt settings, validation
procedure, and repair budget. Model-specific changes
are limited to API compatibility. Each model is allowed
at most two repair attempts per instance. The first
attempt evaluates the effect of different contextual
signals. If the generated patch fails validation, the
model receives one additional attempt with structured
failure feedback. This second attempt is used to
evaluate the effect of that feedback.

For all experiments, we configure the decoding
parameters of each model to ensure deterministic
and reproducible outputs. For Claude Sonnet 4.5 and
DeepSeek Coder, temperature is set to 0 to suppress
randomness and produce consistent repairs across runs.

GPT-5 does not expose a temperature parameter in
the same way and is used with its default decoding
configuration. The maximum output token limit is
set to 4,096 for all three models, which is sufficient
to accommodate complete corrected code for the
programming problems in our dataset. No explicit stop
conditions or top-p sampling constraints are applied
beyond the default API behavior. All models are
prompted using the chat completion interface with a
fixed system prompt and a single user message per
repair attempt, with no multi-turn conversation history
maintained between attempts.

3.3. Evaluation Metrics

We evaluate repair effectiveness using execution-
based correctness: a patch is considered successful
if the modified program passes all evaluation tests.
In addition, we report response time per problem,
computation cost per problem, and second-attempt
recovery accuracy. For each problem, cost is calculated
as (input tokens x input token rate) + (output tokens
x output token rate), using each provider’s published
pricing for the corresponding model at the time of
experimentation. Together, these metrics allow us to
assess both repair effectiveness and practical efficiency.

3.4. Contextual Prompt Settings

We study five prompt settings that vary the amount and
type of context provided to the model. All settings use
the same system instruction as follows:

You help in correcting code. Always correct the
code and return it strictly in this JSON format:
{"code": "x", "explanation": "y"} in a single
line. Ensure valid JSON with properly escaped
quotes. Do not include anything outside of the
JSON object.

Keep the explanation concise. The code should be

a complete, corrected version of the input code.

Basic Prompt (BP). This setting assesses the repair abil-
ity using a straightforward prompt that contains only
the buggy code snippet and a general repair instruction,
without any additional contextual guidance. This serves
as the baseline condition and allows us to measure
how well the model can identify defects and infer the
required repair from code alone.

Basic Prompt with Problem Description (PD). To examine
whether semantic information improves debugging
effectiveness, we augment the user prompt with a
detailed problem description while keeping the system
prompt unchanged. The user prompt is extended as
follows:
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Correct this code {code}.

The code is supposed to do this: {description}.

Here, {code} is the buggy code snippet and {description}
is the problem statement retrieved from AtCoder,
including constraints and input/output formats.

Basic Prompt with Failed Test Cases (FT). Because failing
tests often reveal the exact behavior that is incorrect,
we study how the model performs when supplied with
failed test cases and their corresponding outputs. This
setting includes the specific input, expected output, and
actual output for each failing test case, along with the
reason for failure such as wrong answer, runtime error,
timeout, or memory limit exceeded. The user prompt is
as follows:

Correct this code {code}.

Failing test cases (input/expected/actual):
Case 1 - reason: {reason}, Input: {input},
Expected: {expected}, Actual: {actual}.

Here, ({reason} is the failure type, and {input},
{expected}, and {actual} are the test case details. To
maintain consistency and avoid overwhelming the
models, we include at most three failing test cases
for each task. Including all available test cases was
impractical because it would substantially increase
prompt length, inference cost, and response time.

Basic Prompt with Passed and Failed Test Cases (PFT). In
addition to failed tests, human developers often rely
on passed tests to understand which program behaviors
are already correct and should be preserved. To reflect
this perspective, we evaluate the model under a setting
where the prompt is augmented with both passing and
failing test cases. The user prompt is as follows:

Correct this code {code}.

Passed test cases (examples of correct
behavior):

Passed Case 1 - Input: {input}, Expected:
[expected].

Failed test cases (input/expected/actual):
Failed Case 1 - reason: {reason}, Input:
{input}, Expected: {expected}, Actual: {actual}.

The passing cases serve as behavioral constraints that
help the model preserve already-correct behavior while
fixing the identified bugs. Because of token limitations,
and to maintain consistency across tasks and models,
we include up to two passing test cases and three failing
test cases for each task.

Basic Prompt with Problem Description and Test Cases (ALL).
In our final contextual setting, we combine all sources
of information used in the study: the problem descrip-
tion, failing test cases, and passing test cases. The
purpose of this setting is to determine whether a richer,

more comprehensive context yields a synergistic effect
that improves bug-fixing performance, or whether too
much information introduces noise and reduces the
model’s ability to focus on the most relevant debugging
cues. The user prompt is extended as follows:

Correct this code {code}.

The code is supposed to do this: {description}
Passed test cases (examples of correct
behavior):

Passed Case 1 - Input: {input}, Expected:
[expected].

Failed test cases (input/expected/actual):
Failed Case 1 - reason: {reason}, Input:
{input}, Expected: {expected}, Actual: {actual}.

Here, the test case fields follow the same format as the
FT and PFT settings. Up to two passing test cases and up
to three failing test cases are included per task alongside
the full problem description. This setting represents the
maximum context condition and serves as the upper
bound for contextual augmentation in our evaluation.

3.5. Failure Feedback Design

To evaluate whether execution feedback helps models
recover from an unsuccessful repair, we use a fixed
two-attempt protocol. In the first attempt, the model
receives the Problem Description (PD) prompt and
generates a complete corrected program. The generated
program is then compiled and executed against the
validation tests. If it passes all tests, the instance is
counted as repaired and no second attempt is made.
If the first attempt fails, the model is given one
additional opportunity to revise its patch using failure
feedback derived from the test execution results of the
failed attempt. The Round 1 corrected code is used as
input for Round 2, along with the original problem
description and the collected failure information. This
second attempt is designed to measure whether the
model can use feedback to improve an unsuccessful
repair.

We select Problem Description (PD) instead of Basic
Prompt (BP) as the feedback-stage baseline for two
reasons. First, BP provides little information about the
program’s intended behavior, making it hard to tell
whether improvements come from failure feedback or
from the model learning the task in the first attempt.
Using PD avoids this problem because the model
already has access to the problem description in both
attempts, so any improvement in the second attempt
can be more directly attributed to the failure feedback
itself. Second, although the Basic Prompt with Problem
Description and Test Cases (ALL) setting sometimes
achieves higher accuracy than PD, as shown in Table 1,
it does so at a noticeably higher cost (Table 2). In
several cases, PD and ALL produce similar accuracy,
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such as GPT-5 on Wrong Answer (83% vs. 85%)
and DeepSeek on Memory Limit Exceeded (11% vs.
11%), while in other cases ALL performs meaningfully
better, such as DeepSeek on Time Limit Exceeded and
Claude on Wrong Answer. We therefore use PD as a
practical baseline that balances cost and accuracy, and
we acknowledge this as a deliberate trade-off in our
experimental design rather than claiming PD is optimal
in every case.

The failure feedback is structured into a compact
format containing the failure type, the specific test
case input, the expected output, and the actual output
produced by the failed patch. In this stage, we include
at most three representative failing test cases per
task because of token limitations. An example of the
structured failure feedback is shown below:

Table 1. First-attempt repair accuracy (%) across models, bug
types, and context settings

Status: Failed

Failure Type: Wrong answer

Affected Test Case: These are test cases where
the program still performs incorrectly.

Expected Output: [correct output]

Observed OQutput: [incorrect output]
Note: Ensure previously correct behaviors remain
unchanged

4. Results and Analysis

This section presents the empirical findings of the study
in two stages. First, we study how contextual signals
affect first-attempt repair accuracy, response time, and
cost. Second, we evaluate whether structured failure
feedback improves repair accuracy on a second attempt.

4.1. Contextual Signals: Accuracy, Response Time,
and Cost

We first evaluate how the five contextual prompt set-
tings affect first-attempt bug-fixing performance. For
each bug type, we report the repair success rate (accu-
racy) for the three model families considered in this
study: GPT, Claude, and DeepSeek. Table 1 summa-
rizes these first-attempt accuracy results across models,
bug types, and contextual settings. Overall, contextual
information improves repair accuracy compared with
code-only prompting, but the benefit depends strongly
on the type of context, the model family, and the bug
category.

Across all models and bug types, the all-context
setting achieves the highest average first-attempt
accuracy. Averaged over the four bug categories, GPT-
5 improves from 42.75% under the basic prompt to
62.00% under the all-context setting, Claude Sonnet
4.5 improves from 19.25% to 50.25%, and DeepSeek-
Coder improves from 24.75% to 46.00%. These results
suggest that combining semantic information from the
problem description with behavioral evidence from
test cases provides complementary repair signals. The

Model Bug BP PD FT PFT ALL
Wrong Answer 70 83 82 80 85
GPT5 Memory Limit Exceeded 8 19 10 10 13
Time Limit Exceeded 43 56 54 55 64
Runtime Error 50 76 67 64 86
Wrong Answer 28 62 57 55 81
Claude- Memory Limit Exceeded 5 15 14 13 12
sonnet-4-5  Time Limit Exceeded 10 37 22 22 45
Runtime Error 34 60 36 33 63
Wrong Answer 42 67 64 62 77
Deepseek- ~ Memory Limit Exceeded 9 11 16 15 11
coder Time Limit Exceeded 26 32 36 39 56
Runtime Error 22 35 28 32 40

improvement is especially visible for Wrong Answer,
Time Limit Exceeded, and Runtime Error bugs, where
the all-context setting usually provides the best or near-
best performance.

However, the results also show that more context is
not universally better. Memory Limit Exceeded is the
clearest exception. For this category, accuracy remains
low across all models and prompt settings. GPT-5
performs best with the problem description rather
than all context, achieving 19% under the problem-
description setting compared with 13% under all
context. Claude Sonnet 4.5 also performs best with
the problem description, reaching 15% compared with
12% under all context. DeepSeek-Coder performs best
with failed test cases, reaching 16%, while all context
drops to 11%. These results suggest that memory-
limit bugs are less amenable to example-guided repair
because they often require algorithmic redesign, data-
structure replacement, or complexity reduction rather
than localized correction of output behavior.

The usefulness of each context type also depends
on the model. For GPT, the problem description alone
is already strong for Wrong Answer and Runtime
Error bugs, with ALL providing smaller additional
gains. Claude benefits substantially from richer context,
especially for Wrong Answer bugs. DeepSeek also
improves under ALL for most categories, but for
Memory Limit Exceeded, failed test cases alone perform
better than the full context. These results show that
context effectiveness is both model-specific and bug-
type-specific.

Passing test cases provide limited additional benefit
when used without the problem description. In several
cases, PFT performs similarly to or worse than FT,
suggesting that passing examples may introduce extra
information without clearly identifying the repair
target. Passing tests appear most useful when combined
with the problem description and failing cases in the
ALL setting.
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Table 2. Average response time and computation cost per
problem across context settings

(a) Average response time (s)

Model BP PD FT PFT ALL

GPT-5 17.85 16.42 16.87 21.47 24.34
Claude-sonnet-4-5 14.22 15.05 16.55 15.74 15.25
Deepseek-coder ~ 15.12 16.56 15.99 16.62 17.09

(b) Average computation cost (¢)

Model BP PD FT PFT ALL
GPT-5 1.98 250 2.15 2.37 2.63
Claude-sonnet-4-5 0.65 2.87 1.24 1.44 3.49
Deepseek-coder 0.05 0.23 0.08 0.09 0.27

Table 3. First- and second-attempt repair accuracy (%) under
the Problem Description (PD) setting

Model Bug 1st Attempt 2nd Attempt
Wrong Answer 83 85
GPT5 Memory Limit Exceeded 19 19
Time Limit Exceeded 56 64
Runtime Error 76 82
Wrong Answer 62 81
Claude- Memory Limit Exceeded 15 19
sonnet-4-5  Time Limit Exceeded 37 44
Runtime Error 60 65
Wrong Answer 67 71
Deepseek- ~ Memory Limit Exceeded 11 11
coder Time Limit Exceeded 32 41
Runtime Error 35 44

Table 2a reports response time, and Table 2b reports
computation cost. The per-problem cost is averaged
across all evaluated instances within each context
setting to produce the values reported in Table 2b.

GPT shows the clearest latency increase under the
ALL setting, while Claude and DeepSeek remain
relatively stable across context settings. Cost varies
by model and prompt setting, but it is not strictly
monotonic with context size. Overall, the efficiency
results suggest that richer context can improve
accuracy, but the gain should be weighed against
latency and cost, especially for large-scale automated
repair pipelines.

4.2. Failure Feedback and convergence

We next evaluate the effect of failure feedback on the
second repair attempt. Table 3 reports first- and second-
attempt accuracy after adding structured failure
feedback under the Problem Description (PD) setting.
PD setting is selected as described in Section 3.5.
Failure feedback improves repair accuracy in most
model-category pairs, but the gains are uneven. The

largest improvement occurs for Claude on Wrong
Answer bugs, increasing from 62% to 81%. Time Limit
Exceeded and Runtime Error also improve consistently
across all three models, suggesting that execution
feedback is especially useful when the failure exposes
a concrete runtime behavior or performance issue.

Memory Limit Exceeded remains the least responsive
category. GPT and DeepSeek show no improvement,
while Claude improves modestly from 15% to 19%.
This supports the first-attempt finding that memory-
limit bugs are difficult to repair using limited
contextual or execution feedback, likely because they
often require deeper algorithmic changes.

The results also show that second-attempt gains
depend on first-attempt accuracy. GPT starts with the
strongest first-attempt performance and therefore has
fewer remaining recoverable cases, leading to smaller
absolute gains. Claude begins lower but benefits more
from feedback, particularly on Wrong Answer bugs.
DeepSeek shows meaningful gains on Time Limit
Exceeded and Runtime Error bugs, but smaller gains
on Wrong Answer bugs and none on Memory Limit
Exceeded bugs.

Overall, structured failure feedback helps models
refine unsuccessful patches, especially when the
feedback identifies a concrete mismatch between
expected and observed behavior. However, feedback is
less effective when the failure signal is too coarse, as in
Memory Limit Exceeded, where knowing that memory
was exceeded does not indicate which data structure or
algorithmic choice should be changed.

5. Related Work

Prior work on LLM-based software engineering has
explored code review, code refinement, and automated
program repair. However, existing studies have mostly
evaluated whether LLMs can repair bugs under a single
prompt setting or benchmark, while less attention has
been paid to how different contextual signals and
feedback mechanisms affect repair performance across
models and bug types.

5.1. LLMs for Code Review and Refinement

Several studies have examined the ability of LLMs to
review, refine, and improve code [7, 10-12, 16-18]. Fu
et al.[10] evaluated ChatGPT on software vulnerability
detection, classification, and repair, finding that the
model struggled to reliably identify vulnerabilities and
generate correct patches. Ribeiro et al. [11] investigated
the use of GPT-3 for debugging OCaml programs,
while Guo et al. [12] studied ChatGPT for code
refinement tasks and showed that prompt design
can substantially affect performance. Other work
has explored GPT-based support for programming
education. For example, Crandall et al.[17] applied GPT
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to automated code review for student programming
assignments, and Jalil et al. [18] examined ChatGPT’s
usefulness in software testing education.

These studies show that LLMs can assist with code
understanding, review, and refinement, but they also
highlight limitations in reliability and correctness. In
contrast, our work focuses specifically on executable
bug fixing and studies how different forms of repair
context affect model behavior.

5.2. LLMs for Automated Program Repair

LLMs have also been increasingly studied for auto-
mated program repair. Early work evaluated ChatGPT
and related models on QuixBugs [15], a small bench-
mark of 40 buggy programs. Wuisang et al. [19] and
Sobania et al. [2] found that LLM-based repair can out-
perform traditional Automated Program Repair (APR)
baselines [20] on this benchmark. Additional studies
evaluated ChatGPT and other LLMs for bug fixing,
localization, and patch generation [1, 13, 21].

More recent work has moved beyond single-
turn repair toward more autonomous repair work-
flows. Zhang et al. [7] proposed AutoCodeRover for
autonomous program improvement. Chandramohan et
al. [22] explored the use of multiple tools in LLM-based
repair. Bouzenia et al. [9] introduced RepairAgent, an
autonomous LLM-based repair agent, while Xia et al. [3]
studied conversational program repair. Other work has
investigated self-directed automated repair [8], agent-
based repair on SWE-bench [23], cost-efficient repair
with LLMs [24], and the role of semantic reasoning in
program repair [25].

These studies demonstrate the promise of LLMs for
program repair, especially when models can interact
with external tools, tests, or feedback. However, many
evaluations either focus on a single model family, a
single prompt design, or a limited benchmark setting.

5.3. Context and Feedback in LLM-Based Repair

Context and execution feedback are central to LLM-
based repair. Prior studies show that prompt design
can substantially affect code refinement and debugging
performance, and that the same model may behave
differently depending on whether it receives only
code, natural-language intent, test cases, or execution
errors [12, 13]. However, many studies evaluate either
one specific type of error or a full repair system, which
makes it difficult to identify the marginal contribution
of individual context types for different bugs.
Feedback-driven repair has been explored in con-
versational and agentic systems. ChatRepair uses a
dialogue style loop in which test failures and previ-
ous repair attempts guide subsequent patch generation
[3]. SWE-agent emphasizes the role of agent-computer
interfaces that allow models to inspect files, edit code,

and execute commands [6]. AutoCodeRover combines
LLMs with code search to localize and modify rele-
vant program locations [7], while RepairAgent studies
autonomous LLM-based repair over established APR
benchmarks [9]. Recent refinement work also shows
that deciding which candidate patch to refine involves
an exploration-exploitation trade-off when test feed-
back is available [26].

These systems demonstrate that feedback and inter-
action can improve repair, but they typically combine
multiple mechanisms, including retrieval, localization,
planning, tool use, and repeated validation. In contrast,
our study isolates a smaller set of debugging signals
under a fixed repair budget. This controlled design
allows us to compare problem descriptions, failing
tests, passing tests, full context, and structured failure
feedback across model families and bug types.

6. Limitations

This study has several limitations. First, our evaluation
is based on FIXEVAL [4], which contains competitive
programming tasks. Although this benchmark provides
executable tests and diverse bug categories, its
programs are generally smaller and more self-contained
than real-world software systems. As a result, the
findings may not fully generalize to large codebases
that involve multiple files, dependencies, build systems,
or complex runtime environments. However, the
qualitative patterns we observe, such as the limited
benefit of additional context for resource-limited
bugs and the varying effectiveness of structured
feedback on signal specificity, are properties of how
language models use contextual information rather
than properties specific to competitive programming.
We therefore expect these patterns to extend to other
software repair settings, although this remains to be
validated on real-world codebases.

Second, we evaluate a fixed set of contextual signals:
problem descriptions, failed test cases, and passed test
cases. Other forms of debugging information, such
as stack traces, compiler diagnostics, code comments,
commit history, issue reports, or repository-level
context, may affect repair performance differently. Our
results therefore characterize the studied context types
rather than all possible repair signals.

Third, the study uses a fixed prompt structure
and a two-attempt repair budget. Different prompt
templates, feedback formats, sampling parameters, or
additional repair attempts could lead to different
results. In particular, more interactive or agent-based
repair systems may benefit from repeated execution,
tool use, or search strategies that are outside the scope
of this controlled setup.

Fourth, using only a subset of failing and passing
test cases in the prompts may increase the risk of
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patch overfitting, where a model fixes the observed
failures but fails to generalize to unobserved cases.
This risk is mitigated by our evaluation protocol,
which requires each generated patch to pass all
available tests; overfitted patches are therefore counted
as unsuccessful. At the same time, providing only
a subset of test cases may limit the amount of
behavioral evidence available to the model, potentially
underestimating the effectiveness of the corresponding
context settings. Nevertheless, because the same test-
selection strategy and evaluation protocol are applied
consistently across all models and prompt settings, the
comparative trends reported in this study remain valid.

7. Conclusion

In this study, we present a controlled empirical study
of contextual signals and feedback refinement for LLM-
based bug fixing. We compared three model fami-
lies—GPT, Claude, and DeepSeek—on FIXEVAL [4]
using five prompt settings: basic code-only prompting,
problem description, failed test cases, passed and failed
test cases, and all context combined. We further eval-
uated whether structured failure feedback improves
repair accuracy in a second attempt.

Our results show that contextual information gen-
erally improves first-attempt repair accuracy, but its
effectiveness depends on both the model family and
bug type. Full context often performs well, especially
for Wrong Answer, Time Limit Exceeded, and Runtime
Error bugs, but it is not universally optimal. Mem-
ory Limit Exceeded remains challenging across mod-
els, suggesting that resource-limit bugs often require
deeper algorithmic changes that are not easily inferred
from problem descriptions or test examples alone.

The results also show that structured failure
feedback can improve second-attempt repair accuracy,
particularly when the feedback exposes concrete
behavioral mismatches or runtime failures. However,
the gains are uneven, and feedback is less effective when
the failure signal is too coarse, as in Memory Limit
Exceeded cases.
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