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Abstract

While recent studies have increasingly empha-
sized the role of reflection in code repair tasks,
existing benchmarks still target the repair gener-
ation capability of LLMs, lacking fine-grained
evaluation of reflection generation capability.
To this end, we propose Code Reffix, a bench-
mark featuring an automated pipeline with or-
acle reflections and a dual-task protocol to de-
couple the evaluation of reflection from re-
pair. Through extensive experiments on 14
LLMs and fine-tuning analysis, we aim to pin-
point performance bottlenecks of code repair,
quantify reflection quality, and verify the value
of reflection optimization. Evaluations reveal
that underperforming reflection capabilities of
small-scale LLMs remain a major bottleneck
for code repair. By quantifying this gap, Code
Reffix provides a critical foundation for opti-
mizing LLMs to achieve superior repair perfor-
mance.

1 Introduction

Large language models (LLMs) have made signifi-
cant progress in the field of code generation (Peng
et al., 2023; Huang et al., 2023; Hong et al., 2023;
Qian et al., 2024), but they still struggle to guaran-
tee the correctness of generated code when facing
complex programming scenarios, making code re-
pair tasks increasingly important.

Early work (Zhang et al., 2023; Paul et al.,
2023; Fan et al., 2023; Jiang et al., 2023) typically
adopted a direct repair paradigm, taking error code
and auxiliary context (such as defect reports and
test feedback) as input to generate repaired code.
Such methods view repair as a single-step task, re-
lying excessively on the model’s ability to directly
map input to correct code, making them difficult to
apply to complex scenarios.

Inspired by the diagnose-correct process of hu-
man developers, recent work has shifted towards
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a reflection repair paradigm (Chen et al., 2023b;
Madaan et al., 2024). This paradigm is divided into
two phases: the reflection phase uses LLMs to
analyze error code and auxiliary context, identify
root causes, and provide repair suggestions; the re-
pair phase uses reflection information to guide the
generation of repaired code. Under this paradigm,
many studies focus on enhancing repair capabili-
ties by optimizing reflection generation, achieving
notable improvements (Ni et al., 2024; Jiang et al.,
2024).

Although the code repair paradigm has upgraded
from direct repair to reflection repair, code repair
benchmarks have not yet shifted. Commonly used
benchmarks such as HumanEvalFix (Muennighoff
et al., 2023) typically only verify the correctness of
the repaired code, which are only applied to eval-
uate the generation capability in the repair phase,
while ignoring the fine-grained quality analysis of
the reflection phase. This lack of evaluation dimen-
sion makes it difficult for researchers to indepen-
dently assess the contribution of reflection results
to the final repair.

To address this gap, we introduce Code Reffix,
a benchmark designed to achieve precise evalu-
ation of code repair through process decomposi-
tion and multi-perspective metrics, while providing
high-quality corpora to enhance model reflection
capabilities. For data collection, we sample a large
number of error codes from two public code gen-
eration benchmarks (Zhuo et al., 2024; Jain et al.,
2024). In the evaluation process, Code Reffix re-
quires models to first generate reflections based on
error codes, then leverage the reflections to guide
the repair process, and finally validate the repaired
codes. To evaluate reflection quality, we construct
high-quality oracle reflections for each error code
by leveraging the corresponding correct code. This
reflection can serve as a standard for measuring
the quality of generated reflections and as a label
for optimizing model reflection capability. Finally,
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we build a dataset containing 7,633 samples. Each
sample contains an error code, a task description,
test feedback, and an oracle reflection.

Our advantage lies in extending the outcome-
based evaluation on final repair to a process-based
evaluation targeting the reflection repair paradigm,
precisely locating the model’s capability bottle-
neck. This goal is refined into three progressive
levels: 1) Identification: Based on the reflection
repair paradigm, precisely locate the bottleneck
phase restricting model performance; 2) Measure-
ment: Targeting the reflection phase identified as
the bottleneck, construct multi-perspective metrics
to quantify generation quality; 3) Optimization:
Utilize oracle reflections to explore the potential of
reflection capability optimization. Experiments on
various closed-source or open-source LLMs indi-
cate that the reflection capability of existing models
has obvious space for optimization. Meanwhile,
model optimization based on oracle reflections can
improve their code repair performance.

In summary, our contributions are as follows:
1. We propose Code Reffix, a code repair bench-

mark that decouples the evaluation of code reflec-
tion and repair capability, supporting fine-grained
analysis of LLM repair process.

2. We construct a code repair dataset contain-
ing 7,633 samples, each equipped with structured
oracle reflections generated under the guidance of
correct codes, providing valuable supervision data
for the community.

3. We conduct extensive evaluations on 14
LLMs and optimize 2 models using oracle reflec-
tions. Experiments show that reflection is a key
bottleneck phase currently limiting model repair
performance, proving the dual value of oracle re-
flections in evaluation and optimization.

2 Related Work

Direct Repair. Code repair aims to automatically
correct errors in code, typically adopting a direct
repair paradigm that maps input data to repaired
code. Within this paradigm, many studies improve
repair performance by enhancing input data, such
as adding execution traces (Gupta et al., 2020;
Bouzenia et al., 2023) and test feedback (Zhang
et al., 2023; Zheng et al., 2024). However, such
a method can only provide shallow information,
relying excessively on the model’s generation ca-
pability, which is limited in complex scenarios.

Reflection Repair. Some studies have turned

to reflection repair paradigms (Yao et al., 2022;
Chen et al., 2023b; Joshi et al., 2023; Shinn et al.,
2024; Madaan et al., 2024; Zhong et al., 2024).
This paradigm uses LLMs to analyze input con-
tent such as error code and provide suggestions to
guide subsequent repair. By introducing a reflec-
tion process, this paradigm utilizes prior knowledge
in LLMs and can effectively improve their repair
performance.

Given its potential, recent research has concen-
trated on a deeper exploration of this reflection
process. This includes empirical studies investi-
gating the impact of reflection quality on repair
performance (Olausson et al., 2023; Kamoi et al.,
2024), efforts to integrate reflection as a supervi-
sory signal (Ni et al., 2024; Jiang et al., 2024; Yang
et al., 2024; Zhou et al., 2025), and deployment
of reflection during inference to iteratively refine
code (Zhong et al., 2024; Shi et al., 2024; Li et al.,
2025).

Code Repair Benchmarks. While many studies
have proven the critical role of reflection quality in
this paradigm, existing code repair benchmarks still
pay little attention to the evaluation of reflection.
These benchmarks typically only consider the cor-
rectness of repaired code, lacking fine-grained anal-
ysis of reflection quality (Just et al., 2014; Muen-
nighoff et al., 2023; Jimenez et al., 2023). Recently,
some researchers have attempted to build special-
ized benchmarks for reflection quality evaluation
and optimization (Chae et al., 2024).

In comparison, our proposed Code Reffix tar-
gets more complex code repair scenarios, introduc-
ing fine-grained structured reflection design and
diverse evaluation perspectives, which can not only
identify key bottlenecks in the repair process but
also explore the actual impact of reflection opti-
mization on repair performance.

3 Code Reffix

3.1 Definition and Motivation

Code repair refers to fixing error code into correct
code, defined as follows:

Definition 1 (Code Repair). Let C̃ be the given
error code, E represent the auxiliary context
(e.g., test feedback), and the test suite T =
{t1, t2, . . . , tn} be a set of test cases. The task
aims to construct a generation function that maps
C̃ and E to repaired code C:

F : (C̃, E) → C. (1)
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C is correctly repaired if and only if it passes T ,
i.e., ε(C, T ) = 1. ε is the verification function.

However, the repair work of human developers
actually corresponds to a complex cognitive pro-
cess, which usually includes multiple steps such as
understanding errors and developing plans before
implementing repair (Brooks, 1999). To facilitate
modeling this process, we summarize these prelim-
inary steps as reflection and define reflection repair
as follows:
Definition 2 (Reflection Repair). Following Def-
inition 1, this task aims to model code repair
as a two-phase generation task. The reflection
phase aims to construct a reflection generation
function R : (C̃, E) → I , mapping error code
and auxiliary context to reflection I; the repair
phase aims to construct a repair generation func-
tion F : (C̃, E, I) → C, using reflection as prior
guidance to generate repaired code C. The entire
process can be formalized as solving a composite
mapping function:

C = F(C̃, E,R(C̃, E)). (2)

Recent studies show that incorporating this re-
flection process can improve repair performance.
However, traditional benchmarks typically focus on
the evaluation of repair effects, ignoring in-depth
research on reflection quality. Consequently, re-
searchers face challenges in discerning the precise
cause of repair failures: whether the model failed to
comprehend the error, lacked viable improvement
ideas (reflection defects), or simply erred during
code generation (repair defects). This inability to
precisely pinpoint shortcomings hinders targeted
model improvement efforts.

To this end, we propose Code Reffix, aimed at
decoupling reflection generation from code repair.
We are committed to exploring the following three
progressive core research questions:

RQ1: Identification. In reflection repair, is
the main bottleneck restricting model performance
reflection capability or repair capability?

RQ2: Measurement. How to construct metrics
from multiple perspectives to quantify reflection
quality in a fine-grained way?

RQ3: Optimization. Does targeted optimiza-
tion of reflection capability have both significant
effectiveness and unique value in code repair?

3.2 Dataset Construction
Error Code Sampling. We collected submis-
sions released by BigCodeBench (Zhuo et al.,

Table 1: CODE REFFIX statistics.

Split Easy Hard Overall

Train
#Tasks 927 275 1202
#Samples 5567 1773 7340
Avg. #Error Code Len. 1163 1967 1357
Avg. #Task Description Len. 1024 1354 1104
Avg. #Test Feedback Len. 486 588 511
Avg. #Oracle Reflection (Failure Trace) Len. 853 892 862
Avg. #Oracle Reflection (Cause Diagnosis) Len. 147 150 148
Avg. #Oracle Reflection (Repair Guidance) Len. 409 489 428
Avg. #Oracle Reflection Total Len. 1408 1531 1438

Eval
#Tasks 217 76 293
#Samples 217 76 293
Avg. #Error Code Len. 1319 2137 1531
Avg. #Task Description Len. 939 1308 1035
Avg. #Test Feedback Len. 493 499 495
Avg. #Oracle Reflection (Failure Trace) Len. 511 527 515
Avg. #Oracle Reflection (Cause Diagnosis) Len. 136 142 137
Avg. #Oracle Reflection (Repair Guidance) Len. 346 424 367
Avg. #Oracle Reflection Total Len. 993 1093 1019
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Scenario Distribution

Error Type Distribution

Computation
Contest
Cryptography
General
Network
System
Time
Visualization

AttributeError
IndexError
KeyError
TIMEOUT
TypeError
ValueError
WrongAnswer
Others

Figure 1: CODE REFFIX distributions. Infrequent error
types are grouped into the Others.

2024) and LiveCodeBench (Jain et al., 2024) of-
ficials, screened error codes among them, and
constructed auxiliary contexts for the error codes.
To make auxiliary information unified and de-
tailed, we formalized it as a quadruple E =
(Edesc, Etype, Emsg, Ecase), representing task de-
scription, error type, error message, and failed test
case, respectively, as shown in Fig. 3. Finally, we
divided the processed data into training and evalua-
tion sets according to task ID.

Reflection Design. Inspired by the cognitive pro-
cess of human developers (Weiser, 1982; Brooks,
1999; Vessey, 2007), we formalized the reflection
I as a triple I = (Itrace, Icause, Iguide), where Itrace
is the failure trace, aimed at analyzing code be-
havior and identifying error locations; Icause is the
cause diagnosis, aimed at concisely pointing out
the root cause of failure; Iguide is the repair guid-
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Find indices of two numbers 
that add up to target.

Task Description

Error Code

Test Suite

Input Output

[3,2,4], 6 [1,2]

… …

def�twoSum(nums,�tagt):����
for�i�in�range(len(nums)):
…

Execute Error Code !𝐶

Task Description

Error Code

Task Description

Test Feedback

Error Code

Test Feedback

## Error Type
WrongAnswer

## Error Message
Excepted [1,2], but get [0,0]

## Failed Case
Input: [3, 2, 4], 6;
Output: [0, 0]

Leverage LLM 𝑀 generate reflection 𝐼

Reflection

Guide LLM 𝑀 generate repair 𝐶

## Failure Trace
The inner loop starts from 0, 
causing self-addition (e.g., nums[i] 
+ nums[i]), so the same element…
## Cause Diagnosis
The inner loop allows j to equal i… 
## Repair Guidance
Start the inner loop from i + 1…

Repair Code

def�twoSum(nums,�tagt):�
for�i�in�range(len(nums)):
for�j�in�range(i+1,�len(nums)):
if�nums[i]�+�nums[j]�==�tagt:
return�[i,�j]

Test Suite

Input Output

[3,2,4], 6 [1,2]

[1,3,5], 4 [0, 1]

[2,8,7,4], 9 [0,2]

… …

Repair Pass!
test suite passed

𝐸#$%&: Task Description

𝑇: Test Suite

𝐸'()$: Error Type

𝐸*%+: Error Message

𝐸&,%$: Failed Case

𝐼'-,&$: Failure Trace

𝐼&,.%$: Cause Diagnosis

𝐼+./#: Repair Guidance

Execution1 Reflection2 Repair3
Verify correctness of Repair 𝐶

Verification4

Figure 2: CODE REFFIX pipeline.

ance, aimed at providing specific suggestions to
guide subsequent repair. This design can simulate
human cognition in a fine-grained way and enhance
the quality and interpretability of generated content
(Wei et al., 2022).

Code Reffix further introduces an oracle re-
flection Î as a reference for evaluating I (Fig.
3). Specifically, we use DeepSeek-V3.2 combined
with error code C̃, auxiliary context E, and correct
code Ĉ (where ε(Ĉ, T ) = 1) to synthesize oracle
reflection, and prevent data distortion caused by Î
leaking code fragments from Ĉ, through checking
and rewriting mechanisms.

Finally, we completed the data construction of
Code Reffix, covering a wide range of difficulty
levels, task scenarios, and error types, as shown in
Tab. 1 and Fig. 1. More details are presented in
Appendix A.

3.3 Benchmarking Pipeline

As shown in Fig. 2, the benchmarking pipeline
includes 4 steps.

Step 1: Execution. Code Reffix executes the
error code C̃ within a Docker-based sandbox to
capture test feedback and construct the auxiliary
context E. As detailed in Section 3.2, this step is
integrated into our data construction process.

Step 2: Reflection. Utilizing a LLM M , Code
Reffix generates a reflection I by processing C̃ and
E through a specialized prompt (see Appendix E),
formulated as I = R(C̃, E).

Step 3: Repair. With a LLM M , Code Reffix
incorporates the reflection I into the prompt to
guide the repair process. The repaired code C is

Error Code: !𝐶

Auxiliary Context: 𝐸

Oracle Reflection: $𝐼

def twoSum(self, nums, target):
for i in range(len(nums)):

for j in range(len(nums)):
if nums[i] + nums[j] == target:

return [i, j]

Task Description (𝐸!"#$): Find indices of two numbers that add up to target.
Error Type (𝐸%&'"): AssertionError
Error Message (𝐸(#)): Expected [1, 2], but output: [0, 0]
Failed Case (𝐸$*#"): Input: [3, 2, 4], 6; Output: [0, 0]

## Failure Trace (𝐼%+*$")
The inner loop starts from 0, causing self-addition(e.g., nums[i] + nums[i]),so the same 
element to be used twice (as in the failed output [0, 0]), which violates the constraint.
## Cause Diagnosis (𝐼$*,#")
The inner loop allows j to equal i , violating the requirement for distinct elements.
## Repair Guidance (𝐼),-!")
Start the inner loop from i + 1 instead of 0 to ensure only distinct pairs are compared.

Figure 3: CODE REFFIX sample example

generated as C = F(C̃, E, I).
Step 4: Verification. Code Reffix verifies the

repaired code C in the sandbox by executing the
test suite T , denoted as ε(C, T ).

3.4 Evaluation Protocol
Based on Code Reffix, we evaluate model capabili-
ties from two dimensions: repair and reflection.

Repair Capability Evaluation. We take the
repair pass rate P as the metric for this dimension,
defining the P of model M under the guidance of
reflection I as:

P (M, I) =
1

NC̃

∑

i

I(ε(Ci, Ti) = 1) (3)

where NC̃ represents the number of error codes,
and I(·) is the indicator function. In cases where I
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Table 2: Validity of reflection and bottleneck identification of reflection repair (RQ1).

Category Model Scale Pfix(%) Pself(%) Pguid(%) ∆Pself,fix(%) ∆Pguid,self(%)

Easy Hard All Easy Hard All Easy Hard All Easy Hard All Easy Hard All

Closed-Source

Gemini-3-Flash - 62.67 30.26 54.27 65.90 30.26 56.66 71.43 36.84 62.46 3.23 0.00 2.39 5.53 6.58 5.80
GPT-5 - 54.38 31.58 48.46 57.54 35.53 51.54 71.43 43.42 64.16 3.16 3.95 3.08 13.89 7.89 12.62
Claude-Sonnet-4.5 - 55.76 27.63 48.46 56.22 30.26 49.49 67.28 39.47 60.07 0.46 2.63 1.03 11.06 9.21 10.58
GPT-4o - 47.93 31.58 43.69 41.01 19.74 35.49 64.52 36.84 57.34 -6.92 -11.84 -8.20 23.51 17.10 21.85
Avg. - 55.19 30.26 48.72 55.17 28.95 48.30 68.67 39.14 61.01 -0.02 -1.32 -0.43 13.50 10.20 12.71

Open-Source
General

DeepSeek-V3.2 685B 52.07 27.63 45.73 55.76 31.48 49.49 70.05 53.95 65.87 3.69 3.85 3.76 14.29 22.47 16.38
Qwen2.5 14B 27.19 21.05 25.60 32.26 10.53 26.62 67.28 43.42 61.09 5.07 -10.52 1.02 35.02 32.89 34.47
Llama3 8B 12.90 7.89 11.60 13.82 6.58 11.95 47.93 31.58 43.69 0.92 -1.31 0.35 34.11 25.00 31.74
Mistral-v0.3 7B 7.37 2.30 6.14 7.83 3.95 6.83 37.33 17.11 32.08 0.46 1.65 0.69 29.50 13.16 25.25
Avg. - 19.91 11.77 17.81 21.93 10.51 18.98 44.52 29.21 40.55 2.03 -1.27 1.16 22.58 18.70 21.57

Open-Source
Code

Qwen2.5-Coder 14B 30.41 18.42 27.30 27.65 14.47 24.23 67.28 43.42 61.09 -2.76 -3.95 -3.07 39.63 28.95 36.86
Qwen2.5-Coder 7B 12.90 9.21 11.95 16.59 11.84 15.36 65.44 38.16 58.36 3.69 2.63 3.41 48.85 26.32 43.00
CodeGemma 7B 6.45 3.95 5.80 6.91 6.58 6.83 47.93 27.63 42.66 0.46 2.63 1.03 41.02 21.05 35.83
DeepSeek-Coder 6.7B 11.52 6.58 10.24 11.52 3.95 9.56 55.76 28.95 48.81 0.00 -2.63 -0.68 44.24 25.00 39.25
Avg. - 15.32 9.54 13.82 15.67 9.21 14.00 59.10 34.54 52.73 0.35 -0.33 0.17 43.44 25.33 38.74

Community
Work

CoffeeEval 6.7B 12.44 9.21 11.60 10.60 6.58 9.56 57.14 32.98 50.85 -1.84 -2.63 -2.04 46.54 26.40 41.29
ReflectionCoder 6.7B 5.53 1.32 4.44 8.76 1.32 6.83 50.23 21.05 42.66 3.23 0.00 2.39 41.47 19.73 35.83
Qwen-Reffix(Ours) 7B 20.28 6.58 16.72 28.11 13.16 24.23 63.13 39.47 57.00 7.83 6.58 7.51 35.02 26.31 32.77
DeepSeek-Reffix(Ours) 6.7B 8.76 5.26 7.85 28.11 13.16 24.23 60.83 32.98 53.58 19.35 7.9 16.38 32.72 19.82 29.35
Avg. - 11.75 5.59 10.15 18.90 8.56 16.21 57.83 31.62 51.02 7.14 2.96 6.06 38.94 23.07 34.81

* Bold indicates global optimal, underline indicates intra-category optimal.

is an empty string (or null), the metric is simplified
to P (M), representing the direct repair paradigm.

We further set up the following three re-
pair settings and denote their repair rates as
Pfix, Pself, Pguid, respectively:

• Direct Repair: Generate repair based on C̃ and
E, i.e., C = F(C̃, E)

• Self-Reflection: Repair based on model-
generated reflection, i.e., I = R(C̃, E), C =
F(C̃, E, I).

• Oracle-Guided: Repair based on oracle reflec-
tion, i.e., C = F(C̃, E, Î).

By comparing Pself with Pfix, we can identify the
contribution of the reflection phase to repair, and
use ∆Pself,fix = Pself −Pfix to roughly estimate the
model’s reflection capability. By leveraging oracle
reflection, we treat the model’s performance under
oracle guidance (Pguid) as the upper bound of its
repair capability. Consequently, the optimization
space for reflection capability can be quantified by
the performance gap ∆Pguid, self = Pguid − Pself.

In Section 4.2, we will separately evaluate the
model’s capabilities in each phase and locate its
bottlenecks.

Reflection Quality Evaluation. Given reflec-
tion I and oracle reflection Î , we evaluate its qual-
ity from two perspectives: downstream perfor-
mance and semantic quality.

To evaluate downstream performance, we in-
troduce the relative pass rate gain G to quantify the
improvement over the baseline repair pass rate of
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Figure 4: Pass rate distribution of Gemini-3-Flash.

model M . It is computed as:

G =
P (M, I)− P (M)

P (M, Î)− P (M)
1 (4)

This metric isolates the impact of I through dif-
ferencing and employs the upper bound Î for nor-
malization. By doing so, G measures how closely
the performance approaches its upper bound, while
providing a standardized scale for averaging results
across multiple models.

Regarding semantic quality, we employ the sim-
ilarity metric S = CosineSim(I∗, Î∗) to evaluate
the semantic proximity of Itrace, Icause, and Iguide
to the oracle reflection. This allows for a quantita-
tive assessment of how closely these components
align with the ground truth. The correlation be-
tween these two perspectives is further explored in
Section 4.3.

1The denominator is always positive in our experiments.
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Table 3: Downstream performance of reflection (RQ2). Red indicates negative G.

Category Reflector Scale DeepSeek-V3.2 Qwen2.5-Coder-7B DeepSeek-Coder-6.7B Avg.

P (%) G P (%) G P (%) G P (%) G

Closed-Source

Gemini-3-Flash - 54.95 0.46 45.73 0.73 36.86 0.69 45.85 0.63
GPT-5 - 53.92 0.41 45.73 0.73 37.54 0.71 45.73 0.61
Claude-Sonnet-4.5 - 52.56 0.34 44.03 0.69 37.20 0.70 44.60 0.58
GPT-4o - 45.05 -0.03 34.81 0.49 26.96 0.43 35.61 0.30
Avg. - 51.62 0.29 42.58 0.66 34.64 0.63 42.95 0.53

Open-Source
General

DeepSeek-V3.2 685B 49.49 0.19 38.57 0.57 32.08 0.57 40.05 0.44
Qwen2.5 14B 37.88 -0.39 24.91 0.28 18.43 0.21 27.07 0.03
Llama3 8B 36.52 -0.46 15.02 0.07 12.63 0.06 21.39 -0.11
Mistral-v0.3 7B 33.11 -0.63 11.95 0.00 7.51 -0.07 17.52 -0.23
Avg. - 39.25 -0.32 22.61 0.23 17.66 0.19 26.51 0.03

Open-Source
Code

Qwen2.5-Coder 14B 40.96 -0.24 22.53 0.23 16.72 0.17 26.74 0.05
Qwen2.5-Coder 7B 37.20 -0.42 15.36 0.07 15.36 0.13 22.64 -0.07
DeepSeek-Coder 6.7B 38.23 -0.37 12.97 0.02 9.56 -0.02 20.25 -0.12
CodeGemma 7B 35.49 -0.51 9.90 -0.04 9.22 -0.03 18.20 -0.19
Avg. - 37.97 -0.39 15.19 0.07 12.72 0.06 21.96 -0.08

Community
Work

CoffeeEval 6.7B 35.84 -0.49 10.92 -0.02 8.87 -0.04 18.54 -0.18
ReflectionCoder 6.7B 41.64 -0.20 11.26 -0.01 10.92 0.02 21.27 -0.07
Qwen-Reffix(Ours) 7B 38.57 -0.36 24.57 0.27 19.45 0.24 27.53 0.05
DeepSeek-Reffix(Ours) 6.7B 40.96 -0.24 23.21 0.24 17.75 0.19 27.31 0.07
Avg. - 39.25 -0.32 17.49 0.12 14.25 0.10 23.66 -0.03

4 Evaluation

4.1 Experimental Setup

Evaluated Models. We select 14 closed-source
or open-source LLMs 2, covering various scales
and domains, including Gemini-3-Flash, GPT-
5, Claude-Sonnet-4.5, GPT-4o, DeepSeek-V3.2
(Liu et al., 2025), Qwen2.5-14B (Qwen et al.,
2025), Llama3-8B (Grattafiori et al., 2024), Mistral-
7B-v0.3, Qwen2.5-Coder (14B/7B) (Hui et al.,
2024), CodeGemma-7B (Team et al., 2024),
DeepSeek-Coder-6.7B (Guo et al., 2024), Re-
flectionCoder(6.7B) (Ren et al., 2025), CoffeeE-
val(6.7B) (Chae et al., 2024).

In addition, to verify the optimization poten-
tial of reflection, we train Qwen-Reffix (based on
Qwen2.5-Coder-7B) and DeepSeek-Reffix (based
on DeepSeek-Coder-6.7B) utilizing the training
dataset of Code Reffix and evaluate them together.

Inference Settings. We access closed-source
models and DeepSeek-V3.2 via API; deploy other
models using vLLM framework (Kwon et al., 2023)
and an NVIDIA RTX 6000 Ada Generation GPU.
All inferences use greedy decoding.

Training Settings. We fine-tune Qwen-Reffix
and DeepSeek-Reffix using LoRA (Hu et al., 2022)
on an NVIDIA RTX 6000 Ada Generation GPU.
More training setup details are in Appendix B.

2Unless otherwise specified, models are instruct(chat)-
versions.

4.2 Bottleneck Identification of Reflection
Repair (RQ1)

We evaluate the performance of 14 LLMs along
with 2 fine-tuned models in three repair settings.
Tab. 2 demonstrates that while incorporating re-
flection generally improves performance compared
to direct repair, the effectiveness of this improve-
ment depends heavily on the quality of the reflec-
tion. The marginal ∆Pself,fix reveals limited gains
from self-reflections, which can even cause severe
adverse effects in complex scenarios. For exam-
ple, while Qwen2.5-14B achieves a 5.07% gain
on easy codes, its performance drops sharply to
-10.52% on hard codes. Furthermore, using oracle
reflections results in significant performance im-
provements (with a large ∆Pguid,self), particularly
for small-scale models (with parameters ≤14B).

Main bottlenecks in LLMs vary by scale. Large-
scale closed-source models and DeepSeek-V3.2
perform well across Pfix, Pself, and Pguid, indicat-
ing limited room for reflection improvement and
a primary bottleneck in repair capabilities. In con-
trast, for smaller-scale models, reflection capabil-
ity becomes the critical bottleneck. When pro-
vided with the same oracle reflections, small-scale
models achieve performance comparable to larger
ones. For example, Qwen2.5-14B achieves Pguid
of 61.09%, close to 65.87% for DeepSeek-V3.2.
This suggests smaller models rely heavily on high-
quality reflections due to limited internal analysis
and understanding.

To analyze the bottlenecks in large-scale LLMs
for repair, we take Gemini-3-Flash as a representa-
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Table 4: Semantic quality of reflection (RQ2).

Category Model Scale BGE-M3 Similarity Multilingual-E5-Large Similarity Average Similarity

Itrace Icause Iguide Avg. Itrace Icause Iguide Avg. Itrace Icause Iguide Avg.

Closed-Source

Gemini-3-Flash - 0.81 0.73 0.76 0.77 0.93 0.93 0.93 0.93 0.87 0.83 0.85 0.85
GPT-5 - 0.79 0.71 0.74 0.75 0.93 0.92 0.91 0.92 0.86 0.81 0.83 0.83
Claude-4.5-Sonnet - 0.78 0.70 0.71 0.73 0.92 0.91 0.90 0.91 0.85 0.80 0.81 0.82
GPT-4o - 0.80 0.70 0.73 0.74 0.94 0.92 0.92 0.93 0.87 0.81 0.83 0.83
Avg. - 0.79 0.71 0.74 0.75 0.93 0.92 0.92 0.92 0.86 0.81 0.83 0.83

Open-Source
General

DeepSeek-V3.2 685B 0.79 0.63 0.65 0.69 0.92 0.89 0.88 0.90 0.86 0.76 0.76 0.79
Qwen2.5 14B 0.77 0.66 0.69 0.71 0.92 0.91 0.90 0.91 0.85 0.78 0.79 0.81
Llama3 8B 0.76 0.64 0.70 0.70 0.92 0.91 0.91 0.91 0.84 0.77 0.80 0.81
Mistral-v0.3 7B 0.75 0.64 0.68 0.69 0.92 0.91 0.90 0.90 0.84 0.77 0.79 0.80
Avg. - 0.77 0.64 0.68 0.69 0.92 0.90 0.90 0.91 0.84 0.77 0.79 0.80

Open-Source
Code

Qwen2.5-Coder 14B 0.75 0.65 0.66 0.69 0.91 0.90 0.89 0.90 0.83 0.77 0.78 0.79
Qwen2.5-Coder 7B 0.74 0.65 0.68 0.69 0.92 0.91 0.90 0.91 0.83 0.78 0.79 0.80
DeepSeek-Coder 6.7B 0.72 0.62 0.66 0.66 0.91 0.90 0.90 0.90 0.82 0.76 0.78 0.78
CodeGemma 7B 0.72 0.60 0.66 0.66 0.91 0.90 0.90 0.90 0.81 0.75 0.78 0.78
Avg. - 0.73 0.63 0.66 0.67 0.91 0.90 0.90 0.90 0.82 0.76 0.78 0.79

Community
Work

CoffeeEval 6.7B 0.66 0.61 0.62 0.63 0.90 0.90 0.89 0.89 0.78 0.76 0.75 0.76
ReflectionCoder 6.7B 0.72 0.61 0.65 0.66 0.91 0.90 0.89 0.90 0.82 0.75 0.77 0.78
Qwen-Reffix 7B 0.81 0.67 0.70 0.73 0.93 0.93 0.91 0.91 0.87 0.80 0.81 0.82
DeepSeek-Reffix 6.7B 0.80 0.65 0.72 0.72 0.93 0.91 0.91 0.92 0.87 0.78 0.82 0.82
Avg. - 0.75 0.64 0.67 0.69 0.92 0.91 0.90 0.91 0.83 0.77 0.79 0.80

tive case (see Fig. 4). While oracle reflections con-
sistently improve repair performance—achieving
nearly a 100% pass rate on ValueError—the im-
provements are limited in other categories. This
indicates that, even with perfect reflection informa-
tion, the model’s inherent implementation capabili-
ties remain a significant bottleneck.

To verify the potential of reflection optimiza-
tion for small-scale LLMs, we fine-tune 2 models
based on the training dataset of Code Reffix. We
observe that reflection optimization effectively mit-
igates the performance bottlenecks of small-scale
models. For instance, both models significantly out-
perform the average level of open-source and com-
munity models under the self-reflection settings.
This underscores the critical nature of reflection
and demonstrates the importance of the reflection
optimization.

The results highlight the high quality of our ora-
cle reflections. Open-source code models achieve
an average Pguid of 52.73% when using oracle re-
flections, which significantly outperforms their av-
erage Pself of 14.00% under the self-reflection set-
ting. Remarkably, the 52.73% also exceeds the
Pself of closed-source models (48.30%).

4.3 Measurement of Reflection Quality (RQ2)

While RQ1 analyzes performance across difficulty
levels to identify the primary bottleneck, RQ2 seeks
to establish a general benchmark for reflection qual-
ity. We aggregate the results across all difficulties
to ensure sufficient sample size and maximize sta-
tistical significance for our metric validation. To

comprehensively evaluate reflection capability, we
examine model-generated reflections from two per-
spectives.

Downstream Performance. We use reflec-
tion to guide 3 downstream models (DeepSeek-
V3.2, Qwen2.5-Coder-7B, DeepSeek-Coder-6.7B)
to generate repairs respectively, and use G to mea-
sure their effects. Tab. 3 shows that, in cross-model
comparison, large-scale models can all produce
reflections with good guidance effects, while the
effects of small-scale models are generally poor.

Moreover, we find G can intuitively reflect the
negative effect of reflection, where the reflection
may instead hinder the repair process. This phe-
nomenon is particularly significant on DeepSeek-
V3.2. Specifically, low-quality reflection often suf-
fers from hallucinations, such as nonexistent code
snippets or wrong suggestions. These inaccuracies
can mislead downstream models and hinder their
understanding of code errors, ultimately leading to
repair failures. We provide a case in Appendix D
to show the detail.

In fact, reflections of small-scale models are pre-
dominantly negative (Avg.G < 0), highlighting
a critical need for improvement. Notably, reflec-
tion optimization significantly boosted reflection
quality, leading both fine-tuned models to achieve
positive Avg.G values, with DeepSeek-Reffix in
particular successfully crossing the threshold from
negative to positive.

Semantic Quality. We calculate the seman-
tic similarity S between reflection and oracle re-
flection using BGE-M3 (Chen et al., 2023a) and
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Figure 5: Correlation analysis between semantic quality (average S) and downstream performance (Avg.G).

Multilingual-E5-Large (Wang et al., 2024) respec-
tively. Tab. 4 shows that, in terms of average
similarity, the similarity of Itrace is significantly
higher than that of Icause and Iguide, indicating that
models find it easier to describe the surface behav-
ior of code but are deficient in deep cause diagno-
sis and repair suggestions. Consistent with their
downstream performance, large-scale models also
exhibit generally higher semantic similarity than
small-scale models.

We further explored the correlation of metrics
under the two perspectives. Fig. 5 shows that S and
G have significant positive correlations of Pearson
(0.69, p < 0.01) and Spearman (0.74, p < 0.01).
Specifically for each component, the correlation
strengths of Itrace and Icause are particularly pro-
nounced, reflecting the role of accurate error loca-
tion and cause diagnosis in reflection.

Given that the calculation of G requires high in-
ference and testing costs, this result validates the
feasibility of S as a low-cost proxy and the value
of oracle reflection in reflection quality evaluation.
To complement this embedding-based measure, we
further report an LLM-as-a-judge analysis in Ap-
pendix C.

4.4 Reflection Optimization Potential (RQ3)

To explore the feasibility and value of reflection
optimization, we compared 3 SFT strategies based
on oracle reflections in Code Reffix: optimizing
repair code generation with error code (Direct), op-
timizing reflection generation with error code (Ref-
Only), and joint optimization (Joint), and evaluated
the fine-tuning effects of 2 models. All strategies
follow the same training settings, where the re-
sults of Ref-Only correspond to Qwen-Reffix and
DeepSeek-Reffix.

Fig. 6 illustrates that different strategies exhibit
distinct advantages across various repair settings;
specifically, Direct outperforms others in the direct
repair setting, whereas Ref-Only excels in the self-
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Figure 6: Performance enhancement of diverse SFT
strategies on two LLMs using Code Reffix training
dataset. The x-axis represents repair settings.

reflection context. Notably, for DeepSeek-Reffix,
the Ref-Only strategy achieves the best repair per-
formance across all settings. Given that the oracle-
guided setting is impractical in real-world scenar-
ios, we omit further comparisons for it. However,
we also observe an impact of the Ref-Only strategy
on the model’s direct repair capability. Under the
direct repair setting, incorporating reflection pro-
cess optimization (i.e., Ref-Only, Joint) proves less
effective than focusing solely on repair generation.
Particularly for DeepSeek-Reffix, its performance
even falls significantly below that of the original
model (Origin).

Meanwhile, the Joint strategy fails to produce a
synergistic effect; it only achieves optimal perfor-
mance on Qwen2.5-Coder-7B in the self-reflection
setting. This suggests that a simple SFT objective
may struggle to harmonize repair and reflection
tasks, indicating a need for more sophisticated train-
ing strategy designs in future research. Neverthe-
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less, the experimental results collectively validate
the significant potential of reflection optimization
for enhancing code repair tasks.

5 Conclusion

We propose Code Reffix, a benchmark designed
for reflection repair paradigm. We evaluated 14
current LLMs and analyzed their reflection quality
from two perspectives, verifying that reflection is
the bottleneck restricting their repair performance.
Moreover, we optimized two LLMs based on Code
Reffix, demonstrating the feasibility and potential
of reflection optimization. In this work, we de-
liberately focus on function-level repair to isolate
additional engineering variables and enable a tar-
geted study of reflection. Although our findings
do not automatically generalize to repository-level
repair, they still provide useful insights into the
importance of reflection quality and the value of
decoupling reflection from implementation. Ex-
tending the benchmark to repository-level settings
remains an important direction for future work.

Limitations

Function-level benchmark scope. Code Reffix is
intentionally scoped to function-level repair, which
helps isolate the role of reflection without introduc-
ing additional confounding factors (e.g., cross-file
retrieval, multi-file editing and build/test execu-
tion). However, this design also limits the bench-
mark’s ability to capture the full complexity of
repository-level software maintenance scenarios.
Therefore, extending the benchmark to repository-
level settings is an important direction for future
work.

Single oracle reflection per sample. We provide
one unified oracle reflection for each sample, which
offers a consistent reference for evaluation, bottle-
neck analysis, and supervised training. However,
multiple reflections may lead to the same correct
fix, and different models may benefit from different
forms of guidance. Therefore, using a single oracle
may underestimate the achievable upper bound of
some models in the oracle-guided setting, and we
leave incorporating multiple valid oracle reflections
as future work.

Lack of manual analysis. Limited by cost, we
only explored reflection quality analysis based on
automated metrics. Although we introduced ad-
vanced embedding models and LLM-as-a-judge
evaluation to assess reflection quality, this method

may still overlook some subtle but critical seman-
tic deviations. Therefore, our automated metrics
should be combined with human evaluation to com-
prehensively assess reflection quality.

Further exploration of reflection optimization.
We verified the feasibility and potential of targeted
optimization of reflection capability in RQ3, but
only adopted the SFT training strategy. We look
forward to the community exploring more reflec-
tion optimization methods based on Code Reffix.

Acknowledgments

This work was supported by the National Natural
Science Foundation of China U23B2057.

References
Islem Bouzenia, Yangruibo Ding, Kexin Pei, Baishakhi

Ray, and Michael Pradel. 2023. Tracefixer: Exe-
cution trace-driven program repair. arXiv preprint
arXiv:2304.12743.

Ruven Brooks. 1999. Towards a theory of the cognitive
processes in computer programming. International
Journal of Human-Computer Studies, 51(2):197–211.

Hyungjoo Chae, Taeyoon Kwon, Seungjun Moon,
Yongho Song, Dongjin Kang, Kai Tzu-iunn Ong,
Beong-woo Kwak, Seonghyeon Bae, Seung-won
Hwang, and Jinyoung Yeo. 2024. Coffee-gym: An
environment for evaluating and improving natural lan-
guage feedback on erroneous code. arXiv preprint
arXiv:2409.19715.

Jianlv Chen, Shitao Xiao, Peitian Zhang, Kun Luo, Defu
Lian, and Zheng Liu. 2023a. Bge m3-embedding:
Multi-lingual, multi-functionality, multi-granularity
text embeddings through self-knowledge distillation.
Preprint, arXiv:2309.07597.

Xinyun Chen, Maxwell Lin, Nathanael Schärli, and
Denny Zhou. 2023b. Teaching large language mod-
els to self-debug. arXiv preprint arXiv:2304.05128.

Zhiyu Fan, Xiang Gao, Martin Mirchev, Abhik Roy-
choudhury, and Shin Hwei Tan. 2023. Automated
repair of programs from large language models.
In 2023 IEEE/ACM 45th International Conference
on Software Engineering (ICSE), pages 1469–1481.
IEEE.

Aaron Grattafiori, Abhimanyu Dubey, Abhinav Jauhri,
Abhinav Pandey, Abhishek Kadian, Ahmad Al-
Dahle, Aiesha Letman, Akhil Mathur, Alan Schelten,
Alex Vaughan, and 1 others. 2024. The llama 3 herd
of models. arXiv preprint arXiv:2407.21783.

Daya Guo, Qihao Zhu, Dejian Yang, Zhenda Xie, Kai
Dong, Wentao Zhang, Guanting Chen, Xiao Bi,
Yu Wu, YK Li, and 1 others. 2024. Deepseek-
coder: When the large language model meets

15549

https://arxiv.org/abs/2309.07597
https://arxiv.org/abs/2309.07597
https://arxiv.org/abs/2309.07597


programming–the rise of code intelligence. arXiv
preprint arXiv:2401.14196.

Kavi Gupta, Peter Ebert Christensen, Xinyun Chen, and
Dawn Song. 2020. Synthesize, execute and debug:
Learning to repair for neural program synthesis. Ad-
vances in Neural Information Processing Systems,
33:17685–17695.

Sirui Hong, Xiawu Zheng, Jonathan Chen, Yuheng
Cheng, Jinlin Wang, Ceyao Zhang, Zili Wang, Steven
Ka Shing Yau, Zijuan Lin, Liyang Zhou, and 1
others. 2023. Metagpt: Meta programming for
multi-agent collaborative framework. arXiv preprint
arXiv:2308.00352.

Edward J Hu, Yelong Shen, Phillip Wallis, Zeyuan
Allen-Zhu, Yuanzhi Li, Shean Wang, Lu Wang,
Weizhu Chen, and 1 others. 2022. Lora: Low-rank
adaptation of large language models. ICLR, 1(2):3.

Di Huang, Ziyuan Nan, Xing Hu, Pengwei Jin, Shaohui
Peng, Yuanbo Wen, Rui Zhang, Zidong Du, Qi Guo,
Yewen Pu, and 1 others. 2023. Anpl: towards natural
programming with interactive decomposition. Ad-
vances in Neural Information Processing Systems,
36:69404–69440.

Binyuan Hui, Jian Yang, Zeyu Cui, Jiaxi Yang,
Dayiheng Liu, Lei Zhang, Tianyu Liu, Jiajun
Zhang, Bowen Yu, Keming Lu, and 1 others. 2024.
Qwen2. 5-coder technical report. arXiv preprint
arXiv:2409.12186.

Naman Jain, King Han, Alex Gu, Wen-Ding Li, Fanjia
Yan, Tianjun Zhang, Sida Wang, Armando Solar-
Lezama, Koushik Sen, and Ion Stoica. 2024. Live-
codebench: Holistic and contamination free eval-
uation of large language models for code. arXiv
preprint arXiv:2403.07974.

Nan Jiang, Xiaopeng Li, Shiqi Wang, Qiang Zhou,
Soneya Binta Hossain, Baishakhi Ray, Varun Ku-
mar, Xiaofei Ma, and Anoop Deoras. 2024. Training
llms to better self-debug and explain code. arXiv
preprint arXiv:2405.18649.

Nan Jiang, Kevin Liu, Thibaud Lutellier, and Lin Tan.
2023. Impact of code language models on automated
program repair. In 2023 IEEE/ACM 45th Interna-
tional Conference on Software Engineering (ICSE),
pages 1430–1442. IEEE.

Carlos E Jimenez, John Yang, Alexander Wettig,
Shunyu Yao, Kexin Pei, Ofir Press, and Karthik
Narasimhan. 2023. Swe-bench: Can language mod-
els resolve real-world github issues? arXiv preprint
arXiv:2310.06770.

Harshit Joshi, José Cambronero Sanchez, Sumit Gul-
wani, Vu Le, Gust Verbruggen, and Ivan Radiček.
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Construction Detail. We constructed our dataset
based on BigCodeBench (1140 tasks) and Live-
CodeBench (1055 tasks) data up to April 2025. By
re-executing the public submissions of the official
Top-K leaderboard models, we obtained consistent
test feedback and filtered out samples containing
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## User
{Task Description}
## Assistant
{Error Code}
## User
The code failed during testing. Repair it based on the error 
information.
**Error information** (only one error shown even if multiple 
exist):
- error type: {Error Type}
- error message: {Error Message}
- failed test case: {Failed Case}

Return only the repaired code, no code block markers or 
explanations.
## Assistant

Figure 7: Prompt for Direct Repair

incomplete submissions, invalid feedback, or miss-
ing correct code. For dataset partitioning, we split
the dataset based on task ID; specifically, for Live-
CodeBench, we adopted a temporal partitioning
strategy, placing later-released tasks into the evalu-
ation set to reduce the risk of data leakage.

We utilize DeepSeek-V3.2 to synthesize oracle
reflections, and provide the prompt of oracle re-
flection generation in Appendix E. Training dataset
samples are generated by DeepSeek-V3.2 (Chat)
and the integrity of the reflection structure is veri-
fied. Evaluation dataset samples are generated by
DeepSeek-V3.2 (Thinking) and checked for leaked
reference code. Specifically, we filter potentially
leaky samples by detecting suggestive keywords,
unique identifiers, and overlapping code snippets.
Flagged samples are rewritten using DeepSeek-
V3.2 (Chat) and manually reviewed to ensure that
the oracle reflections can be inferred solely based
on buggy code and test feedback.

As an additional quality assurance step, we man-
ually audited a subset of the Code Reffix evaluation
set using a predefined rubric. A reflection is con-
sidered correct if it identifies at least one key cause
consistent with the observed failure and provides
actionable repair guidance without revealing the
reference implementation. Among the 30 audited
evaluation samples, we found 1 clear misdiagnosis.
The remaining reflections are generally correct and
useful.

Figure 10 presents a representative misdiagnosed
reflection. In this case, the oracle reflection focuses
on the handling of equal values in the monotonic
stack (highlighted in red in ‘ Reflection’ section),
but that part of the logic is actually correct. In
contrast, it overlooks the critical boundary error

in the count_subarrays helper function, where
the variable M is not clipped to the upper bound
A+1 (highlighted in red in ‘ Error Code’ section).
Therefore, applying the modifications suggested by
the oracle reflection cannot fix this defect.

B Training Setup Details

To account for model-specific architectures, dis-
tinct training hyperparameters were selected. For
Qwen-Reffix, we used a LoRA rank of 32, a LoRA
dropout of 0.05, a learning rate of 5e-6, a batch size
of 16, and a training epoch of 2. For DeepSeek-
Reffix, we used a LoRA rank of 32, a LoRA
dropout of 0.1, a learning rate of 3e-5, a batch
size of 16, and a training epoch of 3. Both mod-
els use the AdamW optimizer. The Code Reffix
training set was split by task ID, with 1% reserved
for validation. In this paper, we report the test
performance achieved at the checkpoint with the
minimum validation loss.

C Additional Experiments

C.1 LLM-as-a-judge Evaluation.
To complement the semantic-similarity-based eval-
uation used in RQ2, we further introduce LLM-
as-a-judge to assess the semantic quality of reflec-
tions. Specifically, we use DeepSeek-V3.2 (Chat)
and Qwen3.5-flash to compare generated reflec-
tions with oracle reflections, and evaluate each
component independently on a 1–5 Likert scale
(see Appendix E for the prompt). Figure 8 shows a
significant positive correlation between the judge
scores and the downstream performance G. In par-
ticular, the Pearson correlations range from 0.94 to
0.97, while the Spearman correlations range from
0.91 to 0.92, with all p-values below 10−5. These
results provide strong evidence that high-quality re-
flections, as judged by LLM evaluators, are closely
associated with downstream repair effectiveness.

Importantly, the LLM-based analysis leads to
conclusions largely consistent with those from se-
mantic similarity. As shown in Tab. 5, across all
models, the semantic quality of Itrace is consistently
higher than that of Iguid, suggesting that analyzing
surface-level symptoms is easier than generating ac-
tionable guidance. In addition, large-scale models
consistently achieve higher scores than small-scale
models, indicating better overall semantic quality
in generated reflections. Taken together, these re-
sults suggest that the main findings of RQ2 are ro-
bust under both embedding-based and LLM-based

15552



2 3 4

Avg. Score of Itrace

−0.2

0.0

0.2

0.4

0.6

Av
g.
G

Pearson: 0.97 (p=6.7699e-10)
Spearman: 0.91 (p=1.2382e-06)

2 3 4

Avg. Score of Icause

−0.2

0.0

0.2

0.4

0.6

Pearson: 0.94 (p=5.2205e-08)
Spearman: 0.91 (p=1.2382e-06)

2 3

Avg. Score of Iguid

−0.25

0.00

0.25

0.50

Pearson: 0.95 (p=1.6914e-08)
Spearman: 0.92 (p=4.3634e-07)

2 3 4

Avg. Score of Avg.

−0.2

0.0

0.2

0.4

0.6

Pearson: 0.96 (p=4.4284e-09)
Spearman: 0.91 (p=1.2382e-06)

Claude-4.5-Sonnet
CodeGemma-7B
CoffeeEval
DeepSeek-Coder-6.7B
DeepSeek-Reffix (Ours)
DeepSeek-V3.2
GPT-4o
GPT-5

Gemini-3-Flash
Llama3-8B
Mistral-7B
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Figure 8: Correlation analysis between semantic quality (based on LLM-as-a-judge) and downstream performance
(Avg.G).

Table 5: LLM-as-a-judge evaluation for reflection quality (RQ2 supplement). Scores are on a 1–5 Likert scale.

Category Reflector Scale DeepSeek-V3.2 Qwen3.5-flash Avg. Score

Itrace Icause Iguid Avg. Itrace Icause Iguid Avg. Itrace Icause Iguid Avg.

Closed-Source

Gemini-3-Flash - 4.13 4.20 3.64 3.99 4.32 4.50 3.96 4.26 4.22 4.35 3.80 4.12
GPT-5 - 4.25 4.11 3.61 3.99 4.25 4.23 3.72 4.06 4.25 4.17 3.66 4.03
Claude-4.5-sonnet - 4.03 3.79 3.29 3.71 3.99 3.83 3.24 3.69 4.01 3.81 3.27 3.70
GPT-4o - 3.29 3.33 2.98 3.20 3.48 3.76 3.27 3.50 3.38 3.55 3.12 3.35
Avg. - 3.92 3.86 3.38 3.72 4.01 4.08 3.55 3.88 3.97 3.97 3.46 3.80

Open-Source
General

DeepSeek-V3.2 685B 3.78 3.17 2.74 3.23 3.62 3.13 2.73 3.16 3.70 3.15 2.73 3.19
Qwen2.5 14B 2.87 2.73 2.41 2.67 3.04 3.19 2.67 2.97 2.95 2.96 2.54 2.82
Llama3 8B 2.15 2.15 1.96 2.09 2.58 2.73 2.37 2.56 2.37 2.44 2.16 2.32
Mistral-v0.3 7B 2.00 2.00 1.77 1.92 2.54 2.62 2.10 2.42 2.27 2.31 1.93 2.17
Avg. - 2.70 2.51 2.22 2.48 2.95 2.92 2.47 2.78 2.82 2.72 2.34 2.63

Open-Source
Code

Qwen2.5-Coder 14B 2.74 2.61 2.30 2.55 3.02 3.04 2.45 2.84 2.88 2.83 2.38 2.70
Qwen2.5-Coder 7B 2.34 2.29 2.09 2.24 2.77 2.75 2.30 2.61 2.55 2.52 2.19 2.42
DeepSeek-Coder 6.7B 1.79 1.78 1.68 1.75 2.39 2.42 2.16 2.32 2.09 2.10 1.92 2.03
CodeGemma 7B 1.66 1.65 1.57 1.63 2.27 2.31 1.96 2.18 1.96 1.98 1.77 1.90
Avg. - 2.13 2.08 1.91 2.04 2.61 2.63 2.22 2.49 2.37 2.36 2.06 2.26

Community
Work

Coffee-Gym 6.7B 1.54 1.55 1.48 1.52 2.12 2.19 1.97 2.09 1.83 1.87 1.72 1.81
ReflectionCoder 6.7B 1.75 1.73 1.59 1.69 2.37 2.27 1.98 2.21 2.06 2.00 1.79 1.95
Qwen-Reffix 7B 2.86 2.84 2.43 2.71 2.94 3.04 2.56 2.84 2.90 2.94 2.49 2.78
DeepSeek-Reffix 6.7B 2.40 2.37 2.16 2.31 2.50 2.65 2.35 2.50 2.45 2.51 2.25 2.40
Avg. - 2.14 2.12 1.92 2.06 2.48 2.54 2.21 2.41 2.31 2.33 2.07 2.23
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Figure 9: Training performance variation curves of
DeepSeek-Coder-6.7B under different SFT strategies.

evaluation.

C.2 Training-dynamics Analysis.

In Section 4.4, we observed that joint optimiza-
tion does not produce a consistent synergistic ef-

fect. Figure 9 provides one possible explanation by
showing that the repair and reflection objectives fol-
low different optimization dynamics. Specifically,
Direct performs best at early checkpoints on the
direct-repair setting but then declines, while Ref-
Only improves more steadily on the self-reflection
setting and performs worse on the direct-repair set-
ting as training proceeds. In contrast, Joint shows a
more balanced trend: it continues to improve on the
metrics at later checkpoints, but does not match the
best reflection performance achieved by Ref-Only.
This suggests that the current joint SFT objective
tends to learn a compromise solution rather than
simultaneously optimizing both objectives. One
plausible reason is that the two tasks differ in both
data distribution and learning objective: repair is
closer to a many-to-one mapping from diverse error
implementations to a correct solution, whereas re-
flection requires error localization and causal analy-
sis and is therefore inherently more diverse. Under
the current joint setup with a simple combined SFT
objective, the model may not automatically balance
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Table 6: Self-reflection performance Pself (%) of several
representative models under multiple reflection rounds.

Model Scale k = 1 k = 2 k = 3

Qwen2.5-Coder 7B 15.36 20.14 22.18
Qwen2.5-Coder 14B 24.23 32.76 36.52
Qwen2.5 14B 26.62 34.81 37.88
DeepSeek-V3.2 685B 49.49 61.77 65.87

these two objectives and may therefore converge to
a compromise solution.

C.3 Multi-round Reflection.

We further study multi-round reflection in the self-
reflection setting. Starting from the initial (C̃, E),
we repeat the “reflect–repair–verify” loop for up to
k rounds, updating C̃ and E after each round.

Tab. 6 shows the self-reflection performance
Pself of several representative models under dif-
ferent numbers of reflection rounds. Additional
rounds consistently improve the pass rate, but the
marginal gains gradually diminish. Importantly,
these results do not change our main conclusion:
for small-scale models, the main bottleneck re-
mains reflection capability, and even with multiple
rounds they still lag behind the oracle-reflection
setting. Since the first round already brings most
of the gains, we use k = 1 as the default setting to
keep evaluation cost controllable and avoid intro-
ducing additional variables such as search policies.

D Case Study

In section 4.3, we observed that when the down-
stream performance G is low, it can actually hinder
the repair process. We present a concrete exam-
ple in Fig. 11: the original code failed to add
the Z-score column to the returned variable ‘out-
liers’. The reflection model (Qwen2.5-Coder-7B)
attributed the error to the code attempting to access
the non-existent Z_score column during plotting
(hallucination) and suggested modifying the actu-
ally correct plotting code. This caused the down-
stream model (DeepSeek-V3.2) to be distracted by
false information, ignoring the real bug and ulti-
mately failing to fix it.

E Prompts

E.1 Oracle Reflection Generation Prompts

Through multi-round interaction and continuous
optimization with advanced LLM, we design the
generation prompt for oracle reflection. We divide
the prompt into two parts: system and user, as

shown in Fig. 12. The former describes the task
scenario, critical rules, output format (consistent
with the design of reflection in this paper), and
three manually written examples to help the LLM
understand the task; the latter includes the error
code to be processed, its auxiliary context, and
related correct code.

E.2 Direct Repair Prompt
We model the direct repair as a two-round dialogue.
The first round is code generation, directly utilizing
the error codes in the dataset. The second round is
repair generation. The prompt is shown in Fig. 7.

E.3 Reflection Repair Prompts
We model the reflection repair as a 3-round dia-
logue. Round 1 is code generation, directly uti-
lizing error codes from the dataset. Round 2 is
reflection generation; in self-reflection setting, this
content is generated by the model; in oracle-guided
setting, it directly uses oracle reflections. Round
3 is repair generation. For ease of parsing, we re-
quire models to wrap their reflections with special
tokens. For locally deployed offline models, con-
sidering their limited generation capabilities, we
only require them to return reflections in Mark-
down format. The specific content of the prompts
is shown in Fig. 13 and Fig. 14.

E.4 LLM-as-a-judge Prompt
Fig. 15 shows the prompt of LLM-as-a-judge eval-
uation.
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## Task Description
You are given an integer array nums and a positive integer k. Return the sum of the maximum and minimum elements of all subarrays 
with at most k elements.

Example 1 
Input: nums = [1, 2, 3], k = 2. Output: 20 
Explanation: The subarrays of nums with at most 2 elements are:
Subarray Min Max Sum
[1] 1 1 2 
[2] 2 2 4 
[3] 3 3 6 
[1, 2] 1 2 3 
[2, 3] 2 3 5 
Total 20 
You should write self-contained code starting with:
'''
class Solution:

def minMaxSubarraySum(self, nums: List[int], k: int) -> int:    
'''
## Error Code
from typing import List

class Solution:
def minMaxSubarraySum(self, nums: List[int], k: int) -> int:

n = len(nums)

# Helper to compute sum of contributions using boundaries L and R and length limit k
def count_subarrays(L: int, R: int, k: int) -> int:

# We count pairs (a, b) with 0 <= a <= L, 0 <= b <= R, a + b + 1 <= k
# Let A = min(L, k-1). Only a up to A contribute.
A = min(L, k - 1)
if A < 0:

return 0
# If R >= k-1, then for all a in [0..A]:
#   b_max = min(R, k-1-a) = k-1-a
#   so count = sum_{a=0..A} (k - a)
if R >= k - 1:

# sum_{a=0..A} (k - a) = (A+1)*k - (A*(A+1))//2
return (A + 1) * k - (A * (A + 1)) // 2

# Otherwise R < k-1. Let M be first a where k-1-a <= R:
#   Solve k-1-a <= R  => a >= k-1-R
M = max(0, k - 1 - R)
# a in [0..M-1]: b_max = R => contributes (R+1) each
cnt1 = (R + 1) * M
# a in [M..A]: b_max = k-1-a => contributes (k - a) each
if A >= M:

length = A - M + 1
# sum_{a=M..A} (k - a) = length*k - sum_{a=M..A} a
sum_a = (A * (A + 1) // 2) - ((M - 1) * M // 2)
cnt2 = length * k - sum_a

else:
cnt2 = 0

return cnt1 + cnt2

# Monotonic stack to get prev and next smaller (or larger) indices
def boundaries(is_min: bool):

prev = [-1] * n
next_ = [n] * n
stack = []
for i in range(n):

# For min: we want prev strictly less, next less-or-equal
# For max: prev strictly greater, next greater-or-equal
while stack:

j = stack[-1]
if (is_min and nums[j] > nums[i]) or (not is_min and nums[j] < nums[i]):

# j cannot dominate i for prev boundary
stack.pop()

else:
break

prev[i] = stack[-1] if stack else -1
stack.append(i)

# clear and do next
stack.clear()
for i in range(n-1, -1, -1):

while stack:
j = stack[-1]
if (is_min and nums[j] >= nums[i]) or (not is_min and nums[j] <= nums[i]):

stack.pop()
else:

break
next_[i] = stack[-1] if stack else n
stack.append(i)

return prev, next_

total = 0
# sum of minimums
prev_min, next_min = boundaries(is_min=True)
for i in range(n):

L = i - prev_min[i] - 1
R = next_min[i] - i - 1
cnt = count_subarrays(L, R, k)
total += nums[i] * cnt

# sum of maximums
prev_max, next_max = boundaries(is_min=False)
for i in range(n):

L = i - prev_max[i] - 1
R = next_max[i] - i - 1
cnt = count_subarrays(L, R, k)
total += nums[i] * cnt

return total
## Test Feedback
error_info: Expected 28959597955, but output: 141577768327...
error_type: WrongAnswer
failed_case: ‘input’: [37749,738200,842016,405637, … (Too long. Truncated) 
## Reflection
## Analysis
The code attempts to compute the sum of min+max for all subarrays of length  k using a monotonic stack to determine for each element 
the range where it is the minimum or maximum. The execution output is significantly larger than expected, indicating severe 
overcounting. The primary issue lies in the boundary calculations: for equal elements, the stack conditions do not enforce the necessary 
strictness on one side to avoid double-counting. Specifically, for minimums, the current code allows previous elements with equal value 
(<=) and requires next elements to be strictly less, which incorrectly inflates the right boundary R when equal elements are present. 
Similarly for maximums, leading to overcounted subarrays where the element is not uniquely the min/max.

## Root Cause
The monotonic stack conditions incorrectly handle equal elements, causing inflated left or right boundaries and overcounting 
contributions from duplicate values.

## Fix Suggestion
Modify the boundaries function to enforce correct strictness: For is_min=True (minimums), in the forward loop change the pop condition 
to `nums[stack[-1]] >= nums[i]` so prev is strictly less; in the reverse loop change to `nums[stack[-1]] > nums[i]` so next is less-or-equal. 
For is_min=False (maximums), forward loop change to `nums[stack[-1]] <= nums[i]` for prev strictly greater; reverse loop change to 
`nums[stack[-1]] < nums[i]` for next greater-or-equal. This ensures unique assignment and correct L/R counts.

Figure 10: Representative Misdiagnosed Reflection (Part I).
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## Task Description
You are given an integer array nums and a positive integer k. Return the sum of the maximum and minimum elements of all subarrays 
with at most k elements.

Example 1 
Input: nums = [1, 2, 3], k = 2. Output: 20 
Explanation: The subarrays of nums with at most 2 elements are:
Subarray Min Max Sum
[1] 1 1 2 
[2] 2 2 4 
[3] 3 3 6 
[1, 2] 1 2 3 
[2, 3] 2 3 5 
Total 20 
You should write self-contained code starting with:
'''
class Solution:

def minMaxSubarraySum(self, nums: List[int], k: int) -> int:    
'''
## Error Code
from typing import List

class Solution:
def minMaxSubarraySum(self, nums: List[int], k: int) -> int:

n = len(nums)

# Helper to compute sum of contributions using boundaries L and R and length limit k
def count_subarrays(L: int, R: int, k: int) -> int:

# We count pairs (a, b) with 0 <= a <= L, 0 <= b <= R, a + b + 1 <= k
# Let A = min(L, k-1). Only a up to A contribute.
A = min(L, k - 1)
if A < 0:

return 0
# If R >= k-1, then for all a in [0..A]:
#   b_max = min(R, k-1-a) = k-1-a
#   so count = sum_{a=0..A} (k - a)
if R >= k - 1:

# sum_{a=0..A} (k - a) = (A+1)*k - (A*(A+1))//2
return (A + 1) * k - (A * (A + 1)) // 2

# Otherwise R < k-1. Let M be first a where k-1-a <= R:
#   Solve k-1-a <= R  => a >= k-1-R
M = max(0, k - 1 - R)
# a in [0..M-1]: b_max = R => contributes (R+1) each
cnt1 = (R + 1) * M
# a in [M..A]: b_max = k-1-a => contributes (k - a) each
if A >= M:

length = A - M + 1
# sum_{a=M..A} (k - a) = length*k - sum_{a=M..A} a
sum_a = (A * (A + 1) // 2) - ((M - 1) * M // 2)
cnt2 = length * k - sum_a

else:
cnt2 = 0

return cnt1 + cnt2

# Monotonic stack to get prev and next smaller (or larger) indices
def boundaries(is_min: bool):

prev = [-1] * n
next_ = [n] * n
stack = []
for i in range(n):

# For min: we want prev strictly less, next less-or-equal
# For max: prev strictly greater, next greater-or-equal
while stack:

j = stack[-1]
if (is_min and nums[j] > nums[i]) or (not is_min and nums[j] < nums[i]):

# j cannot dominate i for prev boundary
stack.pop()

else:
break

prev[i] = stack[-1] if stack else -1
stack.append(i)

# clear and do next
stack.clear()
for i in range(n-1, -1, -1):

while stack:
j = stack[-1]
if (is_min and nums[j] >= nums[i]) or (not is_min and nums[j] <= nums[i]):

stack.pop()
else:

break
next_[i] = stack[-1] if stack else n
stack.append(i)

return prev, next_

total = 0
# sum of minimums
prev_min, next_min = boundaries(is_min=True)
for i in range(n):

L = i - prev_min[i] - 1
R = next_min[i] - i - 1
cnt = count_subarrays(L, R, k)
total += nums[i] * cnt

# sum of maximums
prev_max, next_max = boundaries(is_min=False)
for i in range(n):

L = i - prev_max[i] - 1
R = next_max[i] - i - 1
cnt = count_subarrays(L, R, k)
total += nums[i] * cnt

return total
## Test Feedback
error_info: Expected 28959597955, but output: 141577768327...
error_type: WrongAnswer
failed_case: ‘input’: [37749,738200,842016,405637, … (Too long. Truncated) 
## Reflection
## Analysis
The code attempts to compute the sum of min+max for all subarrays of length  k using a monotonic stack to determine for each element 
the range where it is the minimum or maximum. The execution output is significantly larger than expected, indicating severe 
overcounting. The primary issue lies in the boundary calculations: for equal elements, the stack conditions do not enforce the necessary 
strictness on one side to avoid double-counting. Specifically, for minimums, the current code allows previous elements with equal value 
(<=) and requires next elements to be strictly less, which incorrectly inflates the right boundary R when equal elements are present. 
Similarly for maximums, leading to overcounted subarrays where the element is not uniquely the min/max.

## Root Cause
The monotonic stack conditions incorrectly handle equal elements, causing inflated left or right boundaries and overcounting 
contributions from duplicate values.

## Fix Suggestion
Modify the boundaries function to enforce correct strictness: For is_min=True (minimums), in the forward loop change the pop condition 
to `nums[stack[-1]] >= nums[i]` so prev is strictly less; in the reverse loop change to `nums[stack[-1]] > nums[i]` so next is less-or-equal. 
For is_min=False (maximums), forward loop change to `nums[stack[-1]] <= nums[i]` for prev strictly greater; reverse loop change to 
`nums[stack[-1]] < nums[i]` for next greater-or-equal. This ensures unique assignment and correct L/R counts.

Figure 10: Representative Misdiagnosed Reflection (Part II).
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## Task Description
Identifies and plots outliers in the 'closing_price' column of a given DataFrame using the Z-Score method. Constants: - Z-Score threshold 
for identifying outliers is customizable via the 'z_threshold' parameter. >>> df2 = pd.DataFrame({ ... 'closing_price': [10, 20, 30, 40, 50, 
100] ... }) >>> outliers2, plot2 = task_func(df2, z_threshold=1.5)
The function should output with:
tuple: A tuple containing the following elements:
pandas.DataFrame: A DataFrame containing the outliers in the 'closing_price' column.
matplotlib.axes._axes.Axes: The plot object displaying the outliers, if x-axis label 'Index', y-axis label 'Closing Price', and title 'Outliers in 
Closing Prices'.
You should write self-contained code starting with:
```
import numpy as np
import matplotlib.pyplot as plt
from scipy.stats import zscore
def task_func(df, z_threshold=2):
```
## Error Code
import numpy as np
import pandas as pd
import matplotlib.pyplot as plt
from scipy.stats import zscore
def task_func(df, z_threshold=2):
# Calculate Z-Scores for the 'closing_price' column
z_scores = zscore(df['closing_price'])
# Identify outliers based on the Z-Score threshold
outliers = df[np.abs(z_scores) > z_threshold]
# Plot the data and highlight outliers
fig, ax = plt.subplots()
ax.plot(df.index, df['closing_price'], label='Closing Price', marker='o')
ax.scatter(outliers.index, outliers['closing_price'], color='red', label='Outliers', zorder=5)
# Set plot labels and title
ax.set_xlabel('Index')
ax.set_ylabel('Closing Price')
ax.set_title('Outliers in Closing Prices')
ax.legend()
# Show the plot
plt.show()
return outliers, ax
## Test Feedback
error_info: 'Z_score'
error_type: KeyError
failed_case: 
def test_case_2(self):

df2 = pd.DataFrame({
'closing_price': [10, 20, 30, 40, 50, 100]

})
outliers2, plot2 = task_func(df2, z_threshold=1.5)
self.assertEqual(outliers2['closing_price'].tolist(), [100])
self.assertEqual(outliers2['Z_score'].tolist(), [2.004094170098539])"""

## Reflection
## Analysis
The code calculates the Z-Scores for the 'closing_price' column and identifies outliers based on the Z-Score threshold. However, when 
plotting the outliers, the code attempts to access a column named 'Z_score', which does not exist in the DataFrame. This leads to a 
KeyError.

## Root Cause
The error is caused by the code trying to access a non-existent column 'Z_score' in the DataFrame.

## Fix Suggestion
To fix the error, the code should remove the attempt to access the 'Z_score' column when plotting the outliers. Instead, it should plot the 
Z-Scores directly. Here is the suggested change:

```python
# Plot the data and highlight outliers
fig, ax = plt.subplots()
ax.plot(df.index, df['closing_price'], label='Closing Price', marker='o')
ax.scatter(outliers.index, z_scores[outliers.index], color='red', label='Outliers', zorder=5)
```

This change ensures that the plot correctly displays the Z-Scores of the outliers, avoiding the KeyError.

Figure 11: Case study: Low-quality reflection hinders the repair of the downstream model.
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## System
You are an expert coding agent and educator. Your task is to analyze a failed code submission and provide structured repair 
guidance.

**CRITICAL RULES**:
1.  **Blind Analysis**: You have access to a reference solution internally to verify the bug, but your response must be written as if 
no reference exists. **Never mention or hint at the reference solution.**
2.  **Style Mimicry**: Adopt the user's coding style. Do not introduce variable names from the reference solution.
3.  **Minimal Invasive Fix**: Prioritize fixing the existing logic. Do not rewrite the algorithm unless it is fundamentally impossible 
(e.g., O(N^2) logic on O(N) constraints, or mathematically wrong).
- If a pivot is required, explicitly state the unfixable point (e.g., complexity, constraint) in <|reasoning|>.
- Provide specific architectural direction (e.g., data structures) in <|suggestion|> instead of full code.
4.  **Sandbox Noise**: Critically evaluate the execution feedback.  If error messages seem inconsistent (e.g., claiming undefined 
functions that clearly exist), explicitly note it in <|reasoning|> and continue to provide a code-based fix.

**Response Format**:
<|reasoning|>Detailed analysis of failed code behavior, where its behavior diverges from the expected result, and why the error 
message arises.<|endofblock|>
<|cause|>The specific logical flaw or syntax error that directly leads to the failure (one sentence if possible).<|endofblock|>
<|suggestion|>Concrete repair suggestion describing what to change and why. Do not regenerate the full code 
solution.<|endofblock|>

Strictly format your response with above special tokens and follow these constraints.
- Keep block content complete and concise. Max 6 sentences per block.
- No full code rewrites. Use directive descriptions (e.g., "Change loop start from 0 to i+1").
- Output NOTHING outside the three blocks.

**Examples**:

**Example 1** (Minimal Fix Rather Than Forced Align With Reference)
- Problem: Two Sum (Find indices of two numbers that add up to target).
- Incorrect Code:
class Solution:

def twoSum(self, nums: List[int], target: int) -> List[int]:
for i in range(len(nums)):

for j in range(len(nums)):
if nums[i] + nums[j] == target:

return [i, j]
- Reference Solution: Uses a Hash Map (O(N)).
- Execution Feedback:
error type: Wrong Answer
failed test case: {'nums': [3, 2, 4], 'target': 6}
error message: Expected [1, 2], but output: [0, 0]
- Response:
<|reasoning|>The code logically flawed because the inner loop starts from 0. This causes the code to check nums[i] + nums[i], 
effectively using the same element twice (as seen in the failed test case returning [0, 0]), which violates the problem constraints. 
The approach uses a brute force O(N^2). While not optimal, we can still focus on fixing this index logic within the current approach 
rather than suggesting a completely different one like Hash Map.<|endofblock|>
<|cause|>The inner loop allows using the same index twice (j == i), violating the “two distinct elements” 
requirement.<|endofblock|>
<|suggestion|>Modify the inner loop range to start from `i + 1` instead of `0`. This ensures only comparing distinct pairs of 
elements and avoids using the same element twice.<|endofblock|>

**Example 2** (Sandbox Noise)
- Problem: 
Given a string s, return the longest palindromic substring in s.
- Incorrect Code:
def helper(s, l, r): ... # Correctly defined
class Solution:

def longestPalindrome(self, s):
res = ""
for i in range(len(s)):

tmp = helper(s, i, i) # Only odd length
if len(tmp) > len(res): res = tmp

return res
- Reference Solution:
def helper(s, l, r): ... # Same as above
class Solution:

def longestPalindrome(self, s):
res = ""
for i in range(len(s)):

# Check both odd (i,i) and even (i,i+1)
res = max(res, helper(s, i, i), helper(s, i, i+1), key=len)

return res
- Execution Feedback:
error type: NameError
failed test case: test_even_palindrome ...
error message: name 'helper' is not defined
- Response:
<|reasoning|>The NameError likely comes from context/scope (helper not in execution context), not the core logic. Since helper is 
clearly defined, it may be a code-sandbox noise. ignoring this and analyzing the logic: The failed code only expands around `(i, i)`, 
which detects odd-length palindromes (like "aba"). It fails to expand around `(i, i+1)`, which is necessary to detect even-length 
palindromes (like "bb"). This omission causes it to miss the longest palindrome in the failed test case.<|endofblock|>
<|cause|>Missing edge case handling for even-length palindromes due to single-center expansion strategy.<|endofblock|>
<|suggestion|>Inside the main loop, call helper(s, i, i+1) in addition to helper(s, i, i). Compare both results against res and update if 
larger. Just to be on the safe side, define the helper inside the class like `def helper(self, s, l, r)` and call via 
self.helper(...).<|endofblock|>

**Example 3** (Algorithmic pivot)
- Problem:
Return the minimum cost to paint n houses such that no two adjacent houses have the same color, and houses equidistant from 
the ends (i and n-1-i) have different colors.
- Incorrect Code:
# Sequential DP approach
for i in range(n):

if i < n//2: 
dp[i] = cost[i] + min(prev) # Ignores equidistant constraint

else: 
dp[i] = cost[i] + min(prev, dp[n-i-1]) # Tries to check back, but dp[n-i-1] is already fixed

- Reference Solution:
# Pairwise DP approach
for pair_idx in range(n//2):

# Decide colors for both house[i] and house[n-1-i] simultaneously
# Enforce color[i] != color[n-1-i] and adjacent constraints

- Execution Feedback:
error type: Wrong Answer
failed test case: {'input': 4...}
error message: Expected 9, but output: 6
- Response:
<|reasoning|>The failed code uses a linear DP iterating from `0` to `n-1`. It fails because `dp[0]` is finalized without knowing `dp[n-
1]`'s color choice, but `dp[n-1]` is constrained by `dp[0]`. The code attempts to check `dp[n-i-1]` when processing the second half, 
but the values in `dp[n-i-1]` were computed without awareness of the future constraint. This sequential processing creates an 
unresolvable circular dependency for the bidirectional equidistant constraints.<|endofblock|>
<|cause|>Sequential processing creates a circular dependency for bidirectional constraints; the correct approach requires defining 
state based on pairs of houses.<|endofblock|>
<|suggestion|>Change the DP strategy to process houses in equidistant pairs simultaneously. Define the state as 
`dp[pair_idx][left_color][right_color]`. Iterate through pairs `(i, n-1-i)` and compute costs for valid `(left, right)` color combinations 
that satisfy both adjacent and equidistant constraints.<|endofblock|>

## User
**Input**:
- Problem: 
$context

- Incorrect Code: 
$code

- Execution Feedback:
- error type: $error_type
- error message: $feedback 
- failed test case: $test

- Reference Solution: 
$standard_code

Again：
- Never mention the existence of reference solution.
- Suggest switching to a reference-style approach only when the original architecture is impractical to fix—and never expose any of 
its code.
**Your Response** (wrapped with special tokens, no redundant content outside; keep the content complete and concise):

Figure 12: Oracle Generation Prompt (Part I).
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## System
You are an expert coding agent and educator. Your task is to analyze a failed code submission and provide structured repair 
guidance.

**CRITICAL RULES**:
1.  **Blind Analysis**: You have access to a reference solution internally to verify the bug, but your response must be written as if 
no reference exists. **Never mention or hint at the reference solution.**
2.  **Style Mimicry**: Adopt the user's coding style. Do not introduce variable names from the reference solution.
3.  **Minimal Invasive Fix**: Prioritize fixing the existing logic. Do not rewrite the algorithm unless it is fundamentally impossible 
(e.g., O(N^2) logic on O(N) constraints, or mathematically wrong).
- If a pivot is required, explicitly state the unfixable point (e.g., complexity, constraint) in <|reasoning|>.
- Provide specific architectural direction (e.g., data structures) in <|suggestion|> instead of full code.
4.  **Sandbox Noise**: Critically evaluate the execution feedback.  If error messages seem inconsistent (e.g., claiming undefined 
functions that clearly exist), explicitly note it in <|reasoning|> and continue to provide a code-based fix.

**Response Format**:
<|reasoning|>Detailed analysis of failed code behavior, where its behavior diverges from the expected result, and why the error 
message arises.<|endofblock|>
<|cause|>The specific logical flaw or syntax error that directly leads to the failure (one sentence if possible).<|endofblock|>
<|suggestion|>Concrete repair suggestion describing what to change and why. Do not regenerate the full code 
solution.<|endofblock|>

Strictly format your response with above special tokens and follow these constraints.
- Keep block content complete and concise. Max 6 sentences per block.
- No full code rewrites. Use directive descriptions (e.g., "Change loop start from 0 to i+1").
- Output NOTHING outside the three blocks.

**Examples**:

**Example 1** (Minimal Fix Rather Than Forced Align With Reference)
- Problem: Two Sum (Find indices of two numbers that add up to target).
- Incorrect Code:
class Solution:

def twoSum(self, nums: List[int], target: int) -> List[int]:
for i in range(len(nums)):

for j in range(len(nums)):
if nums[i] + nums[j] == target:

return [i, j]
- Reference Solution: Uses a Hash Map (O(N)).
- Execution Feedback:
error type: Wrong Answer
failed test case: {'nums': [3, 2, 4], 'target': 6}
error message: Expected [1, 2], but output: [0, 0]
- Response:
<|reasoning|>The code logically flawed because the inner loop starts from 0. This causes the code to check nums[i] + nums[i], 
effectively using the same element twice (as seen in the failed test case returning [0, 0]), which violates the problem constraints. 
The approach uses a brute force O(N^2). While not optimal, we can still focus on fixing this index logic within the current approach 
rather than suggesting a completely different one like Hash Map.<|endofblock|>
<|cause|>The inner loop allows using the same index twice (j == i), violating the “two distinct elements” 
requirement.<|endofblock|>
<|suggestion|>Modify the inner loop range to start from `i + 1` instead of `0`. This ensures only comparing distinct pairs of 
elements and avoids using the same element twice.<|endofblock|>

**Example 2** (Sandbox Noise)
- Problem: 
Given a string s, return the longest palindromic substring in s.
- Incorrect Code:
def helper(s, l, r): ... # Correctly defined
class Solution:

def longestPalindrome(self, s):
res = ""
for i in range(len(s)):

tmp = helper(s, i, i) # Only odd length
if len(tmp) > len(res): res = tmp

return res
- Reference Solution:
def helper(s, l, r): ... # Same as above
class Solution:

def longestPalindrome(self, s):
res = ""
for i in range(len(s)):

# Check both odd (i,i) and even (i,i+1)
res = max(res, helper(s, i, i), helper(s, i, i+1), key=len)

return res
- Execution Feedback:
error type: NameError
failed test case: test_even_palindrome ...
error message: name 'helper' is not defined
- Response:
<|reasoning|>The NameError likely comes from context/scope (helper not in execution context), not the core logic. Since helper is 
clearly defined, it may be a code-sandbox noise. ignoring this and analyzing the logic: The failed code only expands around `(i, i)`, 
which detects odd-length palindromes (like "aba"). It fails to expand around `(i, i+1)`, which is necessary to detect even-length 
palindromes (like "bb"). This omission causes it to miss the longest palindrome in the failed test case.<|endofblock|>
<|cause|>Missing edge case handling for even-length palindromes due to single-center expansion strategy.<|endofblock|>
<|suggestion|>Inside the main loop, call helper(s, i, i+1) in addition to helper(s, i, i). Compare both results against res and update if 
larger. Just to be on the safe side, define the helper inside the class like `def helper(self, s, l, r)` and call via 
self.helper(...).<|endofblock|>

**Example 3** (Algorithmic pivot)
- Problem:
Return the minimum cost to paint n houses such that no two adjacent houses have the same color, and houses equidistant from 
the ends (i and n-1-i) have different colors.
- Incorrect Code:
# Sequential DP approach
for i in range(n):

if i < n//2: 
dp[i] = cost[i] + min(prev) # Ignores equidistant constraint

else: 
dp[i] = cost[i] + min(prev, dp[n-i-1]) # Tries to check back, but dp[n-i-1] is already fixed

- Reference Solution:
# Pairwise DP approach
for pair_idx in range(n//2):

# Decide colors for both house[i] and house[n-1-i] simultaneously
# Enforce color[i] != color[n-1-i] and adjacent constraints

- Execution Feedback:
error type: Wrong Answer
failed test case: {'input': 4...}
error message: Expected 9, but output: 6
- Response:
<|reasoning|>The failed code uses a linear DP iterating from `0` to `n-1`. It fails because `dp[0]` is finalized without knowing `dp[n-
1]`'s color choice, but `dp[n-1]` is constrained by `dp[0]`. The code attempts to check `dp[n-i-1]` when processing the second half, 
but the values in `dp[n-i-1]` were computed without awareness of the future constraint. This sequential processing creates an 
unresolvable circular dependency for the bidirectional equidistant constraints.<|endofblock|>
<|cause|>Sequential processing creates a circular dependency for bidirectional constraints; the correct approach requires defining 
state based on pairs of houses.<|endofblock|>
<|suggestion|>Change the DP strategy to process houses in equidistant pairs simultaneously. Define the state as 
`dp[pair_idx][left_color][right_color]`. Iterate through pairs `(i, n-1-i)` and compute costs for valid `(left, right)` color combinations 
that satisfy both adjacent and equidistant constraints.<|endofblock|>

## User
**Input**:
- Problem: 
$context

- Incorrect Code: 
$code

- Execution Feedback:
- error type: $error_type
- error message: $feedback 
- failed test case: $test

- Reference Solution: 
$standard_code

Again：
- Never mention the existence of reference solution.
- Suggest switching to a reference-style approach only when the original architecture is impractical to fix—and never expose any of 
its code.
**Your Response** (wrapped with special tokens, no redundant content outside; keep the content complete and concise):

Figure 12: Oracle Generation Prompt (Part II).
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## User
{Task Description}
## Assistant
{Error Code}
## User
The code failed during testing. Analyze the error based on the error information and provide a repair suggestion.
**Error information** (only one error shown even if multiple exist):
- error type: {Error Type}
- error message: {Error Message}
- failed test case: {Failed Case}

**Your response** (strict format):
<|reasoning|>Step-by-step trace of how the code handles the given test, where its behavior diverges from the expected result, 
and why the error message arises<|endofblock|>
<|cause|>The specific logical flaw or syntax error that directly leads to the failure (one sentence if possible)<|endofblock|>
<|suggestion|>Concrete repair suggestion describing what to change and why (Do not regenerate full solution)<|endofblock|>
## Assistant
{Reflection}
## User
Repair the code based on your suggestion. Return only the repaired code, no code block markers or explanations.
## Assistant

Figure 13: Reflection Repair Prompts for Online LLMs.

## User
{Task Description}
## Assistant
{Error Code}
## User
The code failed during testing. Analyze the error based on the error information and provide a repair suggestion.
**Error information** (only one error shown even if multiple exist):
- error type: {Error Type}
- error message: {Error Message}
- failed test case: {Failed Case}

Structure your response using the following three Markdown headers exactly:
## Analysis
[Step-by-step trace of how the code handles the given test, where its behavior diverges from the expected result, and why the 
error message arises]

## Root Cause
[The specific logical flaw or syntax error that directly leads to the failure (one sentence if possible)]

## Fix Suggestion
[Concrete repair suggestion describing what to change and why (Do not regenerate full solution)]
## Assistant
{Reflection}
## User
Repair the code based on your suggestion. Return only the repaired code, no code block markers or explanations.
## Assistant

Figure 14: Reflection Repair Prompts for Offline LLMs.
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Given a coding problem description, error code, error information, a reflection on the error, and an oracle reflection, your task is 
to compare the given reflection with the oracle reflection and use a 1-5 Likert scale to judge the quality of the reflection.

**Rules**
You need to score the three components of the reflection separately: reasoning, cause, and suggestion. The scoring criteria are:
1: Fails to meet the basic requirements of the component; the content is severely incomplete or cannot support an effective 
reflection. Specifically, `reasoning` should include an analysis of the code behavior and error localization; `cause` should 
summarize the root cause of the error; `suggestion` should provide a concrete repair suggestion.
2: The content is formally complete, but contains obvious errors, such as fabricated facts, misunderstanding the error information, 
or being significantly inconsistent with the oracle.
3: The main direction is correct and partially consistent with the oracle, but there are clear shortcomings, such as missing key
errors, insufficient explanation, or suggestions that are not actionable.
4: Largely correct and broadly consistent with the oracle, with only minor shortcomings that do not affect the overall judgment or 
repair direction.
5: Accurately and completely covers the key content of the oracle; any additional points must also be reasonable, supported by the 
context, and genuinely insightful.

**Task context**
* problem description:
$problem_description

* error code:
$error_code

* error information (only one error shown even if multiple exist): 
- error type: $error_type
- error message: $feedback
- failed test case: $test

* oracle reflection:
$oracle_content

* reflection to be judged:
$model_content

**Your response**
Give the scores for the three components separately, only give a integer, no explanation needed. All content must be wrapped 
with the special tokens, with no additional text.
<reasoning>score1</end>
<cause>score2</end>
<suggestion>score3</end>

Here is an output example:
<reasoning>4</end>
<cause>5</end>
<suggestion>3</end>

Figure 15: LLM-as-a-judge Prompt.
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