ERKG: Error—Repair Knowledge Graph for LLLM-Based Code Repair

Anonymous ACL submission

Abstract

Large language models have demonstrated
strong capabilities in automatic code generation
tasks, but the programs they generate still of-
ten fail in actual execution due to logical errors
or missing boundary conditions. To address
this issue, we propose a retrieval-augmented
code repair framework that explicitly incorpo-
rates structured error—repair knowledge to im-
prove the execution reliability of code gener-
ated by large language models. Unlike previ-
ous methods that mainly relied on unstructured
self-reflection or original execution feedback,
this paper constructs a hierarchical knowledge
graph from error to repair operations. Based
on the execution feedback, the framework re-
trieves relevant knowledge and generates struc-
tured repair documents, guiding the model to
make minimal and targeted code modifications.
Experimental results on BigCodeBench show
that the proposed method can absolute improve
the PASS@1 index by 5.0-13.5 percentage
points on a variety of open-source and closed-
source large language models. It is indicated
that explicitly introducing error-repair knowl-
edge graph into the code repairing process can
significantly enhance the reliability and stabil-
ity of the repairs.

1 Introduction

Large language models (LLMs) have demon-
strated strong capabilities in automatic code gen-
eration, enabling applications such as compet-
itive programming, software development, and
intelligent tutoring. Recent models such as
Codex (Chen, 2021), StarCoder (Li et al., 2023),
Code Llama (Roziere et al.,, 2023), and GPT-
4 (Achiam et al., 2023a)exhibit high fluency in
translating natural language into executable pro-
grams. However, LLM-generated code remains
unreliable for complex algorithmic tasks that re-
quire rigorous logical correctness and comprehen-
sive test coverage. Even state-of-the-art mod-
els frequently fail hidden tests, mishandle edge

cases, or encounter runtime errors (Liu et al., 2023;
Chen et al., 2023b; Khoury et al., 2023; Lai et al.,
2023). These failure modes persist across mod-
ern benchmarks—including HumanEval-V (Zhang
etal.,2024), MBPP, APPS (Hendrycks et al., 2021),
and BigCodeBench (Zhuo et al., 2024),highlight-
ing the pressing need to improve the reliability of
LLM-generated code. This challenge is further
compounded by limitations in current benchmarks,
such as inadequate test coverage and ambiguously
specified problems.

Prior work has pursued several directions to en-
hance code reliability. One approach trains special-
ized neural repair models to correct generated code,
yielding performance gains on various tasks (Gupta
et al., 2020; Wang et al., 2017; Fu et al., 2019;
Chen et al., 2023a), albeit requiring additional train-
ing. Others leverage LLMs for self-debugging(Pan
et al., 2024), where execution feedback is used
to iteratively refine outputs (Koyuncu et al., 2020;
Madaan et al., 2023; Chen et al., 2023b; Shinn
et al., 2023). Execution-guided methods (Chen
et al., 2018; Haque et al., 2025) further incorpo-
rate program-level signals (e.g., failed tests, run-
time traces) to steer revision. More recently, neural
patch generation techniques (Le Goues et al., 2011;
Liu et al., 2019; Xia et al., 2023) frame LLMs as
end-to-end repair agents.

Despite these advances, existing approaches are
hindered by two fundamental limitations:

* Lack of structured knowledge. Current sys-
tems rely solely on the LLM’s implicit rea-
soning over raw error logs or self-generated
rationales, without incorporating structured
knowledge. This often yields superficial or
inconsistent repairs and can even introduce
new bugs or regressions.

* Failure to capture systematic error patterns.
LLMs consistently exhibit recurrent fault pat-
terns across tasks but existing approaches treat
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Figure 1: RA-SRF Overview: Given a programming task, an LLM first generates an initial solution from the
natural-language description @. The generated code is then executed under the benchmark’s evaluation protocol
to produce an evaluation report @. Based on the initial code and execution feedback, the error is parsed and
normalized into a standardized error label ®. The framework subsequently queries the error knowledge graph using
the normalized label, retrieves relevant repair strategies and templates, and synthesizes a structured repair document
@. Guided by this document, the LLM performs targeted modifications to the initial solution, yielding the repaired

program ®.

each failure in isolation, ignoring cross-task
regularities that could inform and constrain
the repair process.

This motivates our central research question: How
can we effectively incorporate explicit struc-
tured repair knowledge into LLM-based code
repair to enable more robust, accurate, and in-
terpretable corrections ? To address this, we
propose a novel Retrieval Enhanced Code Repair
Framework (RA-CRF), which integrates error re-
pair knowledge into LLM-based code repair by re-
trieving error repair knowledge from a hierarchical
error knowledge graph and converting it into ac-
tionable repair guidelines. This results in more ro-
bust, accurate, and interpretable code correction.As
shown in Figure 1.

Our contributions are as follows: 1) We intro-
duce a hierarchical error repair knowledge graph
that explicitly models the relationships between
error categories, error types, repair strategies, and
repair templates, which has not been explicitly for-
malized in previous LL.M-based code repair work.
2) We propose a retrieval-augmented structured
repair pipeline that integrates knowledge retrieval
with structured repair document generation to en-
able stable, targeted, and interpretable code re-
pairs. 3) We show that incorporating structured
error—repair knowledge provides an effective in-
ductive bias for LLM-based code repair, improving

generalization across error types and enabling more
controllable and verifiable repairs.

2 Related Work

2.1 LLM for Code Generation and Repair

LLMs such as Codex(Chen, 2021), Code
Llama(Roziere et al., 2023), and StarCoder(Li
et al., 2023) excel at code generation but often pro-
duce incorrect programs, especially on algorithmic
or boundary-sensitive tasks(Seo et al., 2021; Liu
et al., 2023; Khoury et al., 2023; Lyu et al., 2025;
Hasan et al., 2025). To address this, recent work
employs self-debugging(Koyuncu et al., 2020;
Madaan et al., 2023; Chen et al., 2023b; Shinn
et al., 2023) using error feedback to iteratively re-
fine outputs or proposed CodeTrans(Elnaggar et al.,
2021), will repair is modeled as a task sequence to
sequence.However, these methods rely solely on
the LLM’s implicit reasoning over raw error sig-
nals, lacking explicit knowledge of error types or
repair strategies. This leads to inconsistent, superfi-
cial repairs and occasional regressions.

2.2 Automated Program Repair (APR)

Traditional automatic Program repair (APR) meth-
ods typically rely on test cases to locate and re-
pair defects(Arslan et al., 2024). Including search-
based strategies (such as GenProg(Le Goues et al.,
2011; Zhou et al., 2022)), semantic constraint meth-
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Figure 2: We construct the ERKG through a combination of human error annotation and LLM-assisted inference.
For each buggy program, we first manually map its failure based on the problem description, source code, and
execution feedback to one of the 15 predefined error types in QuixBugs, which serves as a reference signal for
subsequent LLM reasoning. When no suitable match is identified, the LLM directly infers the error category,
underlying cause, repair strategy, and fix template, thereby completing the four-level knowledge graph construction.

ods (such as SemFix(Nguyen et al., 2013; Wang
et al., 2017)), and template-driven methods (such
as TBar(Liu et al., 2019)) Recently, there have
also been works introducing neural networks to
repair(Tufano et al., 2019). These methods assume
the existence of clear test oracles and error loca-
tions. Similarly, recent LLM will be used for re-
pairing agent work(Xia et al., 2023; Gupta et al.,
2020) is still using this premise, the modification
of execution feedback or test failure. However, the
code generated by LLMS often fails due to log-
ical errors or the absence of boundary handling.
The lack of clear oracle and location signals makes
the traditional APR method of dependency testing
difficult to apply.

2.3 Knowledge-Augmented LLMs for Code

Knowledge-augmented large language models for
code typically rely on retrieving unstructured or
weakly structured textual resources to assist code
generation, such as technical documentation and
code repositories on GitHub, discussion threads
from programming Q&A communities like Stack
Overflow and functionally or semantically similar
code examples (Liu et al., 2019; Svyatkovskiy et al.,
2020; Huang et al., 2024; Wang et al., 2025; Shaka
et al., 2024). However, most of this knowledge
is task-independent and lacks a structured organi-
zation oriented towards repair, making it difficult

to provide fine-grained error location and repair
guidance.

2.4 Error Analysis and Taxonomies in Code
Generation

Recent research has analyzed the failures of LLM
code on benchmark tests and the problems that oc-
cur in real programming scenarios, and proposed
a classification of errors(Martin et al., 2011; Just
etal., 2014; Lin et al., 2017). However, these analy-
ses remain largely descriptive to a large extent, and
their error categories are rarely manipulated into
actionable repair mechanisms. Our work Bridges
this gap by mapping error types to specific repair
strategies and templates in structured knowledge
graphs, transforming diagnostic insights into ac-
tionable repair guidance.

3 Methodology

We propose a knowledge-guided code repair frame-
work that improves the success rate of LLM-based
code repair by explicitly modeling and leverag-
ing structured knowledge of code bug fixing. Un-
like previous methods that rely on unstructured
self-reflection or raw execution feedback, our ap-
proach introduces a hierarchical bug fixing knowl-
edge graph (ERKG) to provide systematic and con-
trolled guidance throughout the repair process. The
overall framework is shown in Figure 1.



Node Type Count Description Example
High-level conceptual groups of LLM-specific code errors,
ErrorCategory 5 such as exceptions, assertion violations, output errors, and "LogicError"
timeouts.
ErrorType 41 Concrete manifestations of failures within each category. "Incorrect data type return"

RepairStrategy 41

Abstract repair actions that address a given error type.

"Cast the result to float () or
use 0.0 instead of @ to satisfy
the return type requirement."

RepairTemplate 41

Standardized code templates for repairs.

"return float({result})"

Table 1: The definitions of each node in the Error—Repair Knowledge Graph and an example of an error under

"LogicError".

3.1 Error-Repair Knowledge Graph (ERKG)
Construction

3.1.1 Motivation and Design Principles

Most existing LLM-based code repair methods
treat execution feedback as unstructured text.
While useful, such feedback offers only limited
guidance: similar error symptoms often stem from
different root causes and require distinct repairs.
This ambiguity obscures the mapping from ob-
served failures to actionable repair strategies, di-
minishing the role of structured knowledge in the
repair process.

To bridge this gap , we have constructed a hi-
erarchical error repair knowledge graph (ERKG),
which explicitly encodes the structured relation-
ships among program errors and their correspond-
ing repair mechanisms , particularly linking error
categories, specific error types, repair strategies,
and standardized repair templates. As a structured
intermediary between the original execution feed-
back and code-level editing, ERKG enables LLMS
to perform systematic and controllable reasoning
during the repair process.

3.1.2 Graph Construction Process

Our Error Repair Knowledge Graph (ERKG) is in-
spired by the error classification method proposed
in QuixBugs(Lin et al., 2017)and is built based on
a systematic analysis of fault cases in programs
generated by LLM on BigCodeBench(Zhuo et al.,
2024). The specific process is shown in Figure 2.
At the Error Category level, we collect failure in-
stances from execution feedback and abstract them
into high-level error categories according to their
semantic characteristics, such as exception types,
failure locations, and observed runtime behaviors.
At the Error Type level, we further analyze the un-
derlying causes of these failures and consolidate
recurring patterns into a unified set of fine-grained

error types.At the Repair Strategy level, we asso-
ciate each error type with one or more high-level
repair strategies, distilled from prior code repair
literature and common human debugging practices.
Finally, at the Repair Template level, we opera-
tionalize each repair strategy as a parameterized
code-editing template, enabling it to be instantiated
across different programs and contexts.

Throughout the build process, we placed par-
ticular emphasis on designing repair templates to
minimize interference with correct code regions
while maintaining semantic correctness, thereby
achieving reliable and reusable repairs across tasks.
To ensure a clear graph structure, we performed re-
dundancy elimination and syntax validation on the
knowledge being built. The final ERKG contains
5 error categories, 41 error types, 41 repair strate-
gies, and 41 repair templates, forming a compact
and well-defined hierarchical structure, as shown
in Table 1. Each error type is associated with a
corresponding repair strategy, ensuring end-to-end
coverage from error diagnosis to specific code-level
editing.

3.2 Error extraction and normalization

Effective knowledge-guided remediation requires
transforming raw execution feedback into a struc-
tured error representation so that it can be reli-
ably mapped to an error remediation knowledge
graph.However, execution outputs generated by
different benchmarks and runtime environments
are highly heterogeneous in format and granularity
ranging from brief exception messages to detailed
test logs.To address this challenge, we designed a
unified error extraction and normalization process
to transform heterogeneous feedback into struc-
tured remediation guidelines, as shown in Figure
3.
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Figure 3: Transforming heterogeneous feedback into a structured remediation guide is implemented in two phases. In
Phase A, we first collect the execution feedback generated during benchmarking and extract error information(3.2.1),
normalizing it into standardized error labels(3.2.2). In Phase B, the standardized error label is used for node
matching and retrieval in the Error-Remediation Knowledge Graph (ERKG) to obtain the corresponding error
types, remediation strategies, and remediation templates(3.2.3,3.3.1).These are then integrated into a structured
remediation knowledge package for subsequent code remediation(3.3.2).

3.2.1 Error Label Extraction

Given an initial candidate program, we execute
it under the benchmark’s evaluation protocol and
extract structured error signals from the resulting
execution feedback. For each failed test case, we
record the corresponding exception or failure type.
In addition, we capture contextual information in-
cluding the location of the faulty code region and
salient execution traces which together are used to
construct a standardized error label for subsequent
normalization and retrieval.

3.2.2 Error Normalization

The original error signal usually contains noise,
redundancy or input-related details. To support ef-
ficient knowledge graph retrieval, we normalize it
into a standardized error label, which retains the
fundamental fault features while abstracted irrele-
vant details. Normalization consists of two steps:
(1) Message simplification: Remove variable val-
ues, memory addresses, or input dependencies that
have no repair value; (2) Context disambiglement:
By using context cues such as the location of the
fault or the point of assertion violation, semanti-
cally similar errors are distinguished and mapped
to the most matching error type in the ERKG. The
final error label is represented as a tuple [error type,
context tag] , serving as an interface between execu-
tion feedback and structured knowledge retrieval.

3.2.3 Mapping to the Error Knowledge Graph

The standardized error labels are subsequently
matched against nodes in the Error—Repair Knowl-
edge Graph (ERKG). For labels that directly cor-
respond to predefined error types, the mapping is
performed deterministically. When an exact match
is unavailable, candidate error types are identified
using a set of heuristic rules and contextual fea-
tures, including exception semantics, failure loca-
tions, and code-structure cues. If the error label
cannot be uniquely resolved, multiple candidate
mappings are retained and disambiguation is de-
ferred to the downstream retrieval and repair plan-
ning stage. This design avoids premature error
commitment and preserves flexibility during repair.
By transforming heterogeneous execution feedback
into structured, ERKG-compatible error labels, the
normalization pipeline provides a reliable founda-
tion for knowledge retrieval and subsequent ERKG-
guided repair.

3.3 ERKG-Guided Retrieval via RAG

Given standardized error labels, we retrieve rel-
evant repair knowledge from the Error-Repair
Knowledge Graph (ERKG) and integrate it into
the LLM repair process. Specifically, we adopt the
Graph-RAG paradigm for retrieval enhancement
generation, enabling repair decisions to be based
on explicit structured error knowledge rather than
free text context.



3.3.1 Graph-Based Knowledge Retrieval

Retrieval over the ERKG is performed through con-
strained graph traversal rather than unstructured
similarity search. Starting from the matched Error
Type node, we deterministically traverse the graph
to collect the associated Repair Strategy and Fix
Template nodes along the predefined hierarchy. By
explicitly encoding error—repair relationships and
relying on context-aware heuristic ranking, ERKG-
based retrieval remains interpretable and control-
lable, in contrast to opaque embedding-based re-
trieval approaches.

3.3.2 Retrieved Knowledge Package

The output of the retrieval stage is a structured
knowledge package that summarizes the retrieved
content and is used for downstream reasoning.
Each package includes: (i) the inferred error type,
(i1) the corresponding fix strategy, and (iii) the
corresponding fix template represented in an ab-
stract code pattern with placeholders. This repre-
sentation is deliberately compressed to minimize
prompt overhead while retaining actionable repair
guidance. Then, the retrieved knowledge package,
along with the original program and execution feed-
back, is passed to the maintenance planning stage.
By separating knowledge retrieval from genera-
tion, this framework ensures that subsequent LLM
reasoning is based on explicit domain knowledge
rather than relying solely on implicit model priors.

3.4 Controllable Code Repair via Structured
Guidance

Directly prompting an LLMS to rewrite code based
on error feedback and retrieval knowledge often
leads to uncontrollable edits and inconsistent re-
pairs. To address this issue, we introduced a struc-
tured repair document as an explicit intermediate
representation, formalizing the repair intent before
code modification. This document is generated by
the LLM based on three parts of input: (1) the orig-
inal program, (2) execution feedback and standard-
ized error labels, and (3) the structured knowledge
package retrieved from the ERKG. LLM generates
structured repair documents strictly based on three
parts of input. This mechanism effectively inhibits
the repair of hallucinations and irrelevant changes.
In the final stage, the repairing document guides
the LLM to perform local code editing . Only mod-
ify the error areas marked in the document, rather
than rewriting the entire program. This will sepa-
rate the repair plan from the code editing, ensuring

that the modifications are precise, controllable and
minimized.

4 Experimental Setup

4.1 Datasets

We chose BigCodeBench (BCB)(Zhuo et al., 2024)
as the main experimental dataset because it is
specifically designed to evaluate the execution cor-
rectness and robustness of large language mod-
els in real programming scenarios, and is partic-
ularly suitable for code repair research. Unlike
early benchmarks such as HumanEval(Zhang et al.,
2024) or the original MBPP(Austin et al., 2021),
which focused on short algorithmic problems and
rarely involved library calls, BCB tasks originated
from real code repositories, covering tool usage,
API calls, and cross-library interactions, making
them closer to actual development.

To comprehensively assess the generalization
ability of the method in terms of natural language
instruction understanding and semantic alignment,
we supplement the use of MBPP-sanitized(Austin
et al., 2021). This version systematically cleans
the original MBPP: it corrects ambiguous or am-
biguous descriptions, inconsistent test cases, and
enhances boundary scenario coverage, thereby pro-
viding more reliable and discriminative execution
feedback.

4.2 Models

We evaluate our framework across different code
capabilities LLMS (7B-480B), spanning both open-
source and closed-source families. For open-source
models, we fine-tune the versions using instructions
from Qwen (Hui et al., 2024; Yang et al., 2025)and
DeepSeek(Liu et al., 2024, 2025): Qwen2.5-coder
(7B, 32B), Qwen2.5 (72B), Qwen3-Coder (30B,
480B) Qwen3-Next (80B) and Deepseeking v3 /
v3.2 both run in a fully replicable environment
to analyze how scale and architecture affect the
repairs. For closed-source models, we conducted
tests on the OpenAl system: gpt-4o(Hurst et al.,
2024), GPT-4 Turbo (2024-04-09)(Achiam et al.,
2023b), GPT-4.1(Fachada et al., 2025), and GPT-
5.1, representing the most advanced proprietary
code generators.

In all the experiments, the same model was used
for initial generation and repair to ensure that im-
provements only came from our knowledge guid-
ance framework, rather than model switching or
capability stacking. All models run in inference



BigCodeBench

MBPP-sanitized

Models Initial code Modified code Initial code Modified code
The closed-source models
GPT4o 51.66 61.14(1 9.48) 86.18 87.58(1 1.40)
GPT-4-turbo-2024-04-09 49.64 61.14(1 11.50) 85.01 89.22(1 4.21)
GPT-4.1-2025-04-14 50.43 61.14(1 10.71) 84.77 89.46(1 4.69)
GPT-5.1-chat-2025-11-13 50.87 64.29(1 13.42) 83.84 88.52(1 4.68)
The open-source models
Qwen2.5-Coder-7B-Instruct 39.12 45.17(1 6.05) 81.49 83.37(1 1.88)
Pro-Qwen2.5-Coder-7B-Instruct 38.77 44.21(1 5.44) 82.66 84.07(1 1.41)
Qwen2.5-Coder-32B-Instruct 39.12 48.50(1 9.38) 81.49 83.37(1 1.88)
Qwen2.5-72B-Instruct 47.54 55.70(1 8.16) 85.48 88.29( 1 2.81)
Qwen3-Coder-30B-A3B-Instruct 48.94 56.75(1 7.81) 83.37 85.94(1 2.57)
Qwen3-Coder-480B-A35B-Instruct 39.82 52.80(1 12.98) 85.24 88.05(1 2.81)
Qwen3-Next-80B-A3B-Instruct 50.26 60.17(19.91) 84.54 90.16(1 5.62)
DeepSeek-V3 50.17 61.92(1 11.75) 87.11 88.75(1 1.64)
DeepSeek-V3.2 46.92 58.50(1 11.58) 86.18 90.86(1 4.68)

Table 2: The experimental results of each model using RA-SRF on the BigCodeBench and MBPP-sanitized datasets
are presented. The bolded sections indicate the best performance and the largest improvement in the closed-source

and open-source models, respectively.

mode without fine-tuning and have the same decod-
ing Settings (e.g., temperature, maximum length)
for fair comparison in both phases.

4.3 Maetrics

We use PASS@1 (Chen et al., 2021)as the pri-
mary evaluation metric because code repairs start
from a repaired failed program and aim to gen-
erate the only correct repair version. Compared
with PASS@K (K>1), PASS@1 can avoid overes-
timating performance by allowing multiple results
thereby providing a stricter and more reliable eval-
uation of the repair effect.

5 Main Results

As shown in Table 2, on all evaluation models, the
method proposed in this paper can significantly
improve the execution correctness on the basis of
direct code generation, verifying its overall effec-
tiveness in code repair tasks.

In the closed-source model, GPT-5.1 achieved
the highest PASS@1 performance on Big-
CodeBench (BCB) and achieved the optimal ab-
solute improvement; On MBPP-sanitized, the over-
all performance of GPT-4.1 was slightly better
than that of GPT-5.1. In the open-source model,
Deepseek-V3 achieved a maximum PASS@1 of
61.92 on BCB, while Qwen3-Coder-480B-A35B-
Instruct achieved a maximum absolute improve-

ment of 12.98 percentage points. On MBPP-
sanitized, DeepSeek-V3.2 achieved the best per-
formance with 90.86 Pass@ 1, while Qwen3-Next-
80B-A3B-Instruct achieved the best absolute im-
provement of 5.62 percentage points. From the
overall trend, the average absolute improvement
of the method proposed in this paper on BCB is
9.85 percentage points, and the maximum improve-
ment reaches 13.42 percentage points. On MBPP-
sanitized, the average absolute increase was 3.10
percentage points, and the maximum increase was
5.62 percentage points. We believe that the differ-
ence in the extent of improvement between the two
mainly stems from the inherent nature differences
of the datasets themselves. Compared with BCB,
MBPP-sanitized is more likely to have been incor-
porated into the training data of some models, and
its initial generation accuracy rate is relatively high,
thereby limiting the improvement space that can be
brought by further repair. It is worth noting that the
optimal absolute performance and the maximum
performance improvement do not always occur in
the same model. To some extent, this indicates
that the repair effect of the method proposed in this
paper does not strictly depend on the initial perfor-
mance level of the model, but rather stems more
from the proposed repair mechanism itself.

Overall, the above experimental results indicate
that the framework proposed in this paper can ef-



fectively correct programs that fail in initial gener-
ation, verifying the effectiveness of explicitly intro-
ducing structured error-repair knowledge in code
repair tasks. It is worth noting that this performance
improvement is consistent on both open-source and
closed-source models, indicating that the method
proposed in this paper has strong model indepen-
dence. This phenomenon further indicates that the
performance gain mainly stems from the proposed
repair mechanism itself rather than the improve-
ment of the specific model’s capabilities.

6 Analysis

The experimental results show that the method
proposed in this paper can achieve stable perfor-
mance improvement on language models of dif-
ferent scales and architectures. It is worth noting
that the optimal absolute performance and the max-
imum performance improvement do not always
occur in the same model. This phenomenon further
indicates that the improvement of the repair effect
does not mainly depend on the parameter scale or
initial performance level of the model, but rather
stems from the knowledge-guided repair mecha-
nism itself proposed. To further illustrate the effec-
tiveness of this method, we conducted an ablation
study on the key components of the repair frame-
work, as shown in Table 3.

Method Variant BigCodeBench
39.28

42.45(13.17)
43.85(1 4.57)
37.28(] 2.00)

52.80(1 12.98)

Initial Generation

- w/o Execution Feedback and ERKG
- w/o ERKG
- w/o Execution Feedback

Evaluation report + ERKG(Ours)

Table 3: To obtain representative and highly distinguish-
able ablation results, we conducted ablation experiments
on BigCodeBench (BCB). To minimize the impact of
differences in the model’s context understanding ability
on the results, all ablation experiments were repaired to
use Qwen3-Coder-480B-A35B-Instruct as the basis for
generating and repairing models. The experiment still
used PASS@1 as the evaluation index and compared the
results of each ablation variant uniformly with the cor-
responding initial generation performance to quantify
the contribution of each component to the repair effect.

The results of the ablation experiment show that
the performance improvement brought about by re-
lying solely on direct prompts for repair or simply
based on execution feedback is relatively limited.
This indicates that in the absence of systematic

repair constraints, the model is difficult to stably
convert local error feedback into effective code
modifications. It is worth noting that when only
the external error knowledge graph is used as the
basis for repair without considering the execution
feedback, the repair performance not only fails to
improve but also shows a negative gain. Our anal-
ysis suggests that the main reason lies in the fact
that in the absence of a specific execution context,
the model has difficulty accurately aligning the ab-
stract error types with the actual fault locations and
manifestations in the current code, which may trig-
ger inappropriate repair strategies and introduce
new errors. This phenomenon, from the side, em-
phasizes the significant role of execution feedback
in error location and repair decision-making during
the code repair process. In contrast, a complete
framework, under the premise of uniformly inte-
grating execution feedback and structured error-
repair knowledge, can simultaneously provide pre-
cise error location information and clear repair strat-
egy guidance, thereby significantly enhancing the
stability and effectiveness of the repair. The over-
all ablation results verified the rationality and ef-
fectiveness of the knowledge-guided code repair
framework proposed in this paper in terms of de-
sign.

Despite the overall effectiveness of our approach,
there remain a small number of tasks where the gen-
erated code cannot be successfully repaired.These
observations suggest that expanding the coverage
of error—repair knowledge and incorporating richer
semantic and contextual modeling will be impor-
tant directions for future work to further improve
the robustness of knowledge-guided code repair.

7 Conclusion

This paper proposes a Retrieval-Augmented Struc-
tured Repair Framework(RA-SRF), which explic-
itly introduces structured error-repair knowledge
and decouples the error analysis from the code
modification process with the help of repair docu-
mentation, thereby achieving more stable and con-
trollable code repair. The experimental results veri-
fied the effectiveness of the framework on different
models and benchmarks, indicating that combining
execution feedback with explicit error knowledge
is a feasible path to enhance the code reliability of
large language models.



Limitations

Although the knowledge-guided code repair frame-
work proposed in this paper has achieved stable per-
formance improvements on multiple models and
benchmarks, it still has certain limitations. Firstly,
the repair effect is to some extent limited by the
coverage of the error knowledge graph. Analysis
shows that when tasks contain implicit external con-
straints or complex semantic assumptions that have
not yet been modeled, existing graphs are difficult
to provide precise enough guidance for repair. Sec-
ondly, the method proposed in this paper relies on
the feedback information generated during the exe-
cution phase to trigger and guide the repair process.
In scenarios where test coverage is insufficient or
tasks cannot be executed, the scarcity of error sig-
nals may affect the accuracy of error normalization
and repair knowledge retrieval. Finally, compared
with direct code generation, the multi-stage repair
process introduces additional computational over-
head, which may pose limitations in application
scenarios that are sensitive to inference latency. Fu-
ture work can further enhance the applicability and
efficiency of the method by expanding the coverage
of error knowledge, introducing richer semantic
modeling, and exploring more lightweight repair
strategies.
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