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Abstract—LLMs demonstrate strong performance in auto-
mated software engineering, particularly for code generation and
issue resolution. While proprietary models like GPT-4o achieve
high benchmarks scores on SWE-bench, their API dependence,
cost, and privacy concerns limit adoption. Open-source alter-
natives offer transparency but underperform in complex tasks,
especially sub-100B parameter models. Although quality Chain-
of-Thought (CoT) data can enhance reasoning, current methods
face two critical flaws: (1) weak rejection sampling reduces
data quality, and (2) inadequate step validation causes error
accumulation. These limitations lead to flawed reasoning chains
that impair LLMs’ ability to learn reliable issue resolution.

The paper proposes MCTS-REFINE, an enhanced Monte
Carlo Tree Search (MCTS)-based algorithm that dynamically
validates and optimizes intermediate reasoning steps through
a rigorous rejection sampling strategy, generating high-quality
CoT data to improve LLM performance in issue resolution tasks.
Key innovations include: (1) augmenting MCTS with a reflection
mechanism that corrects errors via rejection sampling and refine-
ment, (2) decomposing issue resolution into three subtasks—File
Localization, Fault Localization, and Patch Generation—each with
clear ground-truth criteria, and (3) enforcing a strict sampling
protocol where intermediate outputs must exactly match verified
developer patches, ensuring correctness across reasoning paths.

Experiments on SWE-bench Lite and SWE-bench Verified
demonstrate that LLMs fine-tuned with our CoT dataset achieve
substantial improvements over baselines. Notably, Qwen2.5-72B-
Instruct achieves 28.3%(Lite) and 35.0%(Verified) resolution
rates, surpassing SOTA baseline SWE-Fixer-Qwen-72B with the
same parameter scale, which only reached 24.7%(Lite) and
32.8%(Verified). Given precise issue locations as input, our fine-
tuned Qwen2.5-72B-Instruct model achieves an impressive issue
resolution rate of 43.8%(Verified), comparable to the performance
of Deepseek-v3. We open-source our MCTS-REFINE framework,
CoT dataset, and fine-tuned models to advance research in AI-
driven software engineering.

Index Terms—MCTS, CoT, Fine-Tuning, Issue Resolution.

I. INTRODUCTION

In recent years, large language models (LLMs) have demon-
strated remarkable capabilities in tackling complex tasks,
particularly achieving significant progress in code generation
and issue resolution within the field of software engineer-
ing [1]–[3]. By comprehending and reasoning about large

* Ying Wang and Zhao Wei are the corresponding authors.

codebases, LLMs can efficiently perform tasks such as code
completion [4]–[6], issue patching [11], and code refactor-
ing [7]. State-of-the-art automated software development tools
primarily rely on closed-source models (e.g., GPT-4o [8] and
Claude-3.5-Sonnet [9]), which achieve strong performance
on repository-level issue resolution benchmarks like SWE-
bench Lite and SWE-bench Verified [11]. However, the depen-
dence on external APIs, high invocation costs, and potential
privacy concerns associated with closed-source models limit
their widespread adoption in real-world scenarios. In contrast,
open-source LLMs have emerged as a crucial alternative
for advancing automated software development due to their
flexibility, transparency, and controllability. However, open-
source LLMs (<100B parameters) demonstrate significantly
inferior performance in issue resolution tasks compared to
their closed-source counterparts, with this performance gap
substantially constraining their practical utility [23].

Recent advances demonstrate that generating high-quality
Chain-of-Thought (CoT) data and employing them for fine-
tuning represents an effective methodology for enhancing
open-source LLMs’ complex task performance [12], [13].
Training LLMs with CoT data containing explicit reasoning
steps enables superior contextual comprehension and stepwise
solution derivation. Research [14], [15], [21] indicates that
providing LLMs with correct reasoning steps—even mini-
mally critical information—can substantially enhance per-
formance, whereas erroneous reasoning steps significantly
impair their capabilities. This demonstrates that high-
quality CoT data is essential for advancing the reasoning
performance of LLMs.

Existing approaches [23], [25]–[27] for repository-level
issue resolution typically employ single-turn Q&A prompting
to generate CoT data. This involves synthesizing complete
reasoning paths by providing issue descriptions and repository
context, followed by performance enhancement through super-
vised fine-tuning (SFT) [16] or reinforcement learning (RL)
[17]. However, these methods still face two key limitations:

• Inadequate Rejection Sampling Mechanisms for CoT
Generation: Existing approaches to CoT data generation
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frequently employ permissive rejection sampling criteria
- typically using validation metrics like Jaccard Similar-
ity against developer-approved issue patch records (ground
truth). While this strategy enhances generation efficiency,
it risks compromising dataset quality by allowing defective
reasoning chains to persist (see § II-A).

• Lack of Systematic Validation for Intermediate Reasoning
Steps in CoT: Existing approaches typically employ “Single-
turn Q&A prompting”—providing LLMs with issue descrip-
tions and repository context to generate issue resolution CoT
data—while only validating the final output and neglect-
ing intermediate reasoning steps. When logical errors or
omissions occur in these intermediate steps, they propagate
through subsequent reasoning, ultimately compromising the
quality of CoT data (see § II-B).

The recent successful applications of Monte Carlo Tree
Search (MCTS) in multiple domains offer a promising solution
to the aforementioned challenges [18]–[20]. By exploring
multiple reasoning paths, MCTS can effectively enhance the
efficiency of solving complex tasks. Although MCTS has
demonstrated significant potential in machine translation and
data reasoning tasks, its application in generating high-quality
CoT data and improving LLMs’ performance in repository-
level issue resolution remains underexplored.

To address these challenges, we propose MCTS-REFINE,
an enhanced Monte Carlo Tree Search-based algorithm. Our
approach dynamically validates and optimizes intermediate
reasoning steps through a rigorous CoT sampling strategy,
effectively constructing high-quality CoT data MCOT to sig-
nificantly improve LLM performance in issue resolution tasks.
The key innovations of MCTS-REFINE include:

• MCTS with Reflective Mechanism: We enhance standard
MCTS (Selection, Expansion, Simulation, and Backpropa-
gation) with a reflection mechanism that validates interme-
diate reasoning steps against ground truth. By integrating
rejection sampling and refinement phases, our approach
dynamically corrects errors and optimizes reasoning paths,
significantly improving CoT data quality.

• Subtask Decomposition for Issue Resolution: We decom-
pose the issue resolution process into three distinct subtasks:
File Localization, Fault Localization, and Patch Genera-
tion. This hierarchical decomposition not only reduces task
complexity but also establishes clear ground truth criteria
for each subtask. By integrating with the MCTS-REFINE

algorithm, our approach generates high-quality CoT data at
each subtask level, ensuring that every intermediate output
effectively contributes to the final solution.

• Rigorous Chain-of-Thought Sampling Protocol: For each
of the three subtasks, we implement a strict rejection sam-
pling mechanism based on their respective ground truth
criteria. Specifically: (1) File Localization requires reason-
ing paths to produce file paths that exactly match those in
developer-verified patches. (2) Fault Localization demands
precise identification of classes/methods that completely
align with ground truth. (3) Patch Generation enforces
generation of modified code that is identical to the actual
developer patches. This rigorous sampling protocol enables

MCTS-REFINE to guarantee both correctness and consis-
tency throughout the reasoning paths.

To validate the effectiveness of MCTS-REFINE, we
conducted supervised fine-tuning on open-source LLMs:
Qwen2.5-Coder-7B-Instruct, Qwen2.5-Coder-32B-Instruct,
and Qwen2.5-72B-Instruct [22] using the MCTS-REFINE-
generated CoT data, followed by experimental evaluation
on the SWE-bench benchmark. Our evaluation results
demonstrate significant performance improvements across
File Localization, Fault Localization, and Patch Generation
subtasks for our fine-tuned LLMs. Our key findings are:

(1) Fine-tuned Qwen2.5-72B-Instruct achieved resolution
rates of 28.3% and 35.0% on SWE-Bench-Lite and SWE-
Bench-Verified, respectively, surpassing SOTA baseline SWE-
Fixer-Qwen-72B with the same parameter scale, which only
reached 24.7% and 32.8%.

(2) Fine-tuned Qwen2.5-Coder-32B-Instruct achieved res-
olution rates of 25.7% and 32.4% on SWE-Bench-Lite and
SWE-Bench-Verified, respectively, surpassing the SOTA base-
line SoRFT-Qwen-32B with the same parameter scale, which
scored 24.0% and 30.8%.

(3) Fine-tuned Qwen2.5-Coder-7B-Instruct achieved resolu-
tion rates of 16.3% and 22.6% on SWE-Bench-Lite and SWE-
Bench-Verified, respectively, outperforming the SOTA baseline
SoRFT-Qwen-7B with the same parameter scale, which scored
14.0% and 21.4%.

(4) Given precise issue locations as input, our fine-tuned
Qwen2.5-72B-Instruct model achieves an impressive issue
resolution rate of 43.8%, comparable to the performance of
Deepseek-v3.

This paper makes the following contributions:

• MCTS-Refine Framework: We present MCTS-REFINE, a
framework for automated generation of high-quality CoT
data for issue resolution. Our method integrates MCTS with
a reflection mechanism to dynamically optimize reasoning
steps, while decomposing the task into three structured
subtasks with rigorous ground-truth alignment, ensuring
superior data quality.

• Substantial Performance Improvements: Fine-tuning LLMs
with our MCTS-REFINE-generated dataset yields signif-
icant enhancements in reasoning performance across all
subtasks. Experimental results demonstrate state-of-the-art
performance on both SWE-bench Lite and SWE-bench Veri-
fied benchmarks, establishing a new paradigm for applying
LLMs to real-world software engineering challenges.

• Open-sourced Artifacts: We open-source both the MCOT
dataset generated by MCTS-REFINE and our fine-tuned
LLMs on our website (https://mcts-refine.github.io/), to
facilitate further research.

II. LIMITATIONS OF EXISTING WORK

To address complex reasoning challenges in repository-
level issue resolution, recent studies [23], [25]–[28] employ
a two-stage approach: (1) Leveraging state-of-the-art LLMs
(e.g., GPT-4o [8], Claude-3.5-Sonnet [9]) to generate phased
CoT data for issue localization and patch generation; (2)
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Fine-tuning parameter-efficient open-source foundation mod-
els (e.g., LLaMA3-7B [10], Qwen2.5-7B [22]) with the syn-
thesized CoT data to enhance task-specific reasoning perfor-
mance. Table I provides a comparison of existing work [23],
[25]–[28], highlighting their distinctive features. Although
these approaches have achieved notable progress in repository-
level issue resolution, they exhibit two critical limitations
in CoT data synthesis: 1© inadequate rejection sampling
mechanisms for CoT generation, and 2© lack of systematic
validation for intermediate reasoning steps in CoT. When
exposed to CoT datasets contaminated by defective rea-
soning steps during fine-tuning, LLMs cannot acquire the
essential logical schemata for reliable issue resolution.
A. Limitation 1: Inadequate Rejection Sampling Mechanisms
for CoT Generation

To ensure the high-quality of CoT data generation, prior
studies [23], [25]–[27] implements rejection sampling with
validation metrics to filter out CoT instances that deviate
from developer-approved issue patch records (ground truth):

• Lingma-SWE GPT [23]: Utilizing Jaccard Similarity and
CodeBLEU metrics to eliminate low-quality CoT data that
exhibits significant semantic deviation from ground truth in
both issue localization and patch generation sub-tasks.

• SORFT [25]: Filtering out CoT data that exhibit no overlap
with ground truth specifications in either: (1) the actual patch
locations (file names and line numbers), or (2) the code
content of gold patches.

• SWE-RL [26]: Filtering out CoT data that violates code
diff formatting requirements, without verifying the actual
correctness of the reasoning chains.

• SWE-Gym [27]: Validating CoT correctness through unit
test execution and eliminating failing instances. While this
improves CoT data quality, the per-instance test environment
requirement makes it prohibitively expensive to scale.

• SWE-Fixer [28]: The CoT data received no validation of
its reasoning steps or final outputs.

However, the rejection sampling mechanisms proposed by
the existing issue resolution approaches [23], [25]–[27] cannot
ensure the correctness of filtered CoT data. As illustrated in
Figure 1(a), even when prompting GPT-4o with issue descrip-
tions, target code, and developers’ gold patches, the generated
CoT data still contain errors. Although the CoT contains the
correct modification steps (e.g., changing offset_dims to a
tuple type), it also includes incorrect operations not present
in the gold patch (such as converting the type of axes to a
tuple). Additionally, the CoT omits a critical modification
from the ground truth (assigning axes to start_index_map
after converting it to a tuple type). Existing rejection sam-
pling mechanisms that use validation metrics like Jaccard
Similarity, CodeBLEU, overlap with ground truth patches, or
code diff formatting requirements fail to effectively filter out
such defective CoT data.

B. Limitation 2: Lack of Systematic Validation for Intermedi-
ate Reasoning Steps in CoT

Existing works [23], [25]–[27] typically adopt a “single-turn
Q&A” approach, where LLMs are prompted with information

such as issue descriptions and repository context to generate
CoT for issue resolution. However, these works only validate
the final outputs while failing to detect and correct errors in the
intermediate reasoning steps of the CoT. This approach may
cause the LLMs to exhibit “error propagation” during CoT
generation, where mistakes in earlier steps lead to subsequent
reasoning deviating from the correct trajectory. Particularly in
repository-level issue resolution, such errors tend to accumu-
late and amplify, ultimately compromising the quality of the
CoT data.

As illustrated in Figure 1(b), even when the LLM’s output
perfectly matches the developer’s gold patch, errors may
persist in the CoT’s intermediate reasoning steps. The absence
of dynamic validation and correction mechanisms for interme-
diate reasoning steps can significantly reduce the success rate
of generating accurate CoT data. More critically, enforcing a
strict “exact match with gold patch” validation metric to filter
“single-turn Q&A”-generated CoT data—without intermediate
reasoning corrections—would severely limit valid data reten-
tion, undermining fine-tuning effectiveness.

III. MCTS-REFINE APPROACH

Insight: “Single-turn Q&A prompting”—providing LLMs
with issue descriptions and repository context to generate
issue resolution CoT data—lacks validation mechanisms for
intermediate reasoning steps. The absence of rigorous rejection
sampling compromises intermediate reasoning step quality,
while requiring exact ground truth alignment severely limits
retained high-quality CoT instances under “single-turn Q&A
prompting” approach, ultimately undermining model training
effectiveness. Monte Carlo Tree Search (MCTS) [29] presents
a viable alternative by efficiently navigating complex solution
spaces. Unlike “single-turn QA-based CoT generation”, MCTS
enables (1) hierarchical decision tree exploration and (2)
dynamic selection of optimal reasoning paths through iterative
simulation. Yet traditional MCTS faces two key challenges: (1)
error propagation from unverified intermediate steps, and (2)
a reward-maximization strategy may fail to identify correct
reasoning paths when all candidate paths contain flaws.

Architecture: To address the aforementioned issues, we
propose MCTS-REFINE, an enhanced approach that integrates
CoT sampling and intermediate step reflection mechanism
into MCTS. Figure 2 illustrates the architecture of MCTS-
REFINE, which consists of five core components: (1) Se-
lection: Chooses the current optimal node using the Upper
Confidence Bound (UCB) strategy. (2) Expansion: Generates
new reasoning steps and assigns reward values. (3) Rejection
Sampling: Validates whether the reasoning path can correctly
solve the task. (4) Refinement: Provides feedback and corrects
erroneous steps in the reasoning path. (5) Backpropagation:
Updates node reward values and visit counts to optimize the
entire reasoning path. It is worth emphasizing that:

• Rejection Sampling component employs a strict “exact
match” mechanism against ground truth to verify the validity
of the current reasoning path.

• Refinement component performs two tasks: (1) detecting
deviations from ground truth in current reasoning steps
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TABLE I: A comparison of existing works’ distinctive features
Sub-Task CoT Rejection Sampling for CoTApproach

Localization Generation
Validation for

CoT Steps Localization Generation

Lingma-SWE GPT [23] � � � Jaccard Similarity CodeBLEU
SORFT [25] � � � Overlap with the locations of gold patch Overlap with the content of gold patch

SWE-RL [26] � � � Include the file of gold patch Correct code diff format
SWE-Gym [27] � � � � Unit Test

SWE-Fixer [28] � � � � �

(a) Defective CoT Generated by GPT4-o

1:  The isssue occurs due to the way the axes arguments is 
being handled in the index_take function.
2: The solution convert the axes argument from a mutable list 
to an immutable tuple. 
3: We need to ensure that the max_idx  is correctly expanded 
to match the dimensionality of indices.
4: Update the GatherDimensionNumbers class to expect tuples 
rather than sequences.

Omitted
Code Edit

Correct
Code Edit

Incorrect
Code Edit

Reasoning Steps

Developers’ Gold Patch

Lingma-SWEGPT:  CodeBLEU.
SORFT:  Overlap with the content of gold patch.
SWE-RL:  Correct code diff format.

Rejection Sampling Mechanisms (b) Defective CoT Generated by GPT4-o

1:  The issue arises from the index_take function and how it 
handles the axes parameter. 
2: The axes (a list) is directly used for collapsed_slice_dims and 
start_index_map, which expect Tuple[int, ...].
3: We need Change the GatherDimensionNumbers class to use 
Tuple[int, ...] instead of Sequence[int].
4: Replace the % operation with a version that safely handles 
broadcasting.

Reasoning Steps

Perfectly Match with Gold PatchCode Modifications

Fig. 1: A illustrative example of defective CoT generated by GPT-4o

Selection Expansion Rejection Sampling & Refinements Backpropagation

Subtask Objective

Step1 Nodes
 S1

Select the Child Node 
with Highest UCB Value Generate Step3 Update the Node Values 

and the Visit Count

Exactly Match

Feedback with Ground Truth

Rejection  Sampling

Sampling

√√√√√√√√√√√√√√√√√√√√√√√√√√√√√√√√√√√

Fault
Locations

Subtask
Ground Truth

Refinement Optimization

Feedback

Patch
Generation Gold Patch

Generate 
Solutions

File
Locations Files

Step2 Nodes
 S2

Subtask Objective

Step1 Nodes 
S1

Step2 Nodes
S2

Subtask Objective

Step1 Nodes 
S1

Step2 Nodes 
S2

Subtask Objective

p

F

Gold Pat

Repeated Until Sampling or for TTimes

Issue
Repository Structure

Modified 
Files Modified Code 

Context

Issue
Code Edit

Subtask 1: File Localization Subtask 3: Patch Generation

Ground
Truth

Modified 
Class/Function

Method/Variables

Subtask 2: Fault Localization

Ground
TruthModified Files

Issue Ground
Truth

Class
Function

…

Fig. 2: An Overall Architecture of MCTS-REFINE

while providing corrective suggestions, and (2) optimizing
erroneous steps by incorporating these modifications.

To address the complex issue resolution tasks, we adopt
the AGENTLESS framework [30] by decomposing the process
into three subtasks: File Localization, Fault Localization,
and Patch Generation. This structured decomposition enables:
(1) clear definition of input-output specifications for each
subtask; (2) systematic construction of ground truth datasets
for each subtask phase; (3) generate high-quality CoT data
specifically tailored for each subtask leveraging MCTS-
REFINE. This approach enhances the model’s reasoning per-
formance across all subtasks in the issue resolution pipeline.

A. Task Decomposition for Issue Resolution

Task decomposition in issue resolution effectively reduces
complexity while clarifying objectives for individual compo-
nents. Our approach partitions the issue resolution process

into three distinct subtasks, employing MCTS-REFINE to
generate high-quality CoT reasoning for each. In contrast to
conventional relaxed sampling mechanism adopted by existing
approaches [23], [25]–[28], MCTS-REFINE implements a
rigorous stepwise generation process with a ground truth-
aligned rejection sampling criterion that guarantees reasoning
path validity.

File Localization: This phase focuses on identifying target
files for modification based on issue descriptions and reposi-
tory structure. During CoT data sampling, we process both the
issue description and repository structure as inputs. MCTS-
REFINE progressively generates and explores reasoning paths,
accepting CoT sequences only when their resulting file local-
ization matches the actual files modified by developers.

Fault Localization: This phase focuses on identifying issue-
introducing code elements (e.g., classes, methods, functions,
and global variables), building upon File Localization. The
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CoT generation process takes the issue description and pre-
viously localized file structure as inputs, retaining only those
reasoning paths whose predicted fault locations exactly match
the actual code positions modified in developers’ gold patches.

Patch Generation: This phase empowers the LLM to gen-
erate precise code fixes for the identified issues by processing
both the issue description and fault-localized code elements
along with their relevant contextual code segments from the
previous Fault Localization phase. During CoT construction,
the system validates a reasoning path only when the LLM-
generated patch achieves exact match with developers’ gold
patch. To eliminate confounding factors, we: (1) integrate the
LLM’s code edits back into the original repository context; (2)
normalize the output by removing comments, whitespace, and
line breaks; (3) perform strict differential comparison against
the gold patch. This rigorous verification protocol ensures
the training data’s authenticity by enforcing syntactic and
functional equivalence with developer solutions.

B. MCTS With Rejection Sampling and Refinement
Current “single-turn QA-based CoT generation” approaches

lack systematic validation of intermediate reasoning steps,
preventing dynamic path adjustment and often yielding sub-
optimal solutions with defective CoT data. While traditional
MCTS algorithms can dynamically narrow the search space by
simulating multiple reasoning trajectories (through Selection,
Expansion, Simulation, and Backpropagation phases), they
exhibit two critical flaws: (1) During simulation, MCTS only
estimates node potential without verifying step correctness,
allowing error propagation in multi-step reasoning. (2) The
threshold-based path selection cannot guarantee the final solu-
tion’s validity. MCTS-REFINE addresses these limitations by:
(1) Introducing a CoT sampling strategy for real-time correct
path identification; (2) Incorporating a reflection mechanism
to rectify erroneous reasoning steps.

MCTS-REFINE fundamentally models the reasoning pro-
cess as a search tree structure, where: the root node encapsu-
lates the subtask objective, and each subsequent node repre-
sents an individual reasoning step. The algorithm iteratively
refines solutions through five core phases: Selection, Expan-
sion, Rejection Sampling, Refinement, and Backpropagation.
Below we elaborate on the phase-specific implementations.
B.1. Selection

During the selection phase, MCTS-REFINE balances explo-
ration and exploitation by traversing the tree using a predefined
policy until it reaches a not fully explored node. This policy
weighs both the node’s reward value and visit count, ensur-
ing a preference for high-reward nodes while still allowing
exploration of less-visited ones—thus preventing convergence
to local optima.

In the issue resolution task, the root node corresponds to the
subtask objective (e.g., precisely identifying target files in File
Localization), while child nodes encode all potential reasoning
steps. The leaf nodes constitute the search boundary, compris-
ing either: unexplored nodes awaiting expansion, or terminal
nodes representing verified solutions. Each iteration initiates
at the root, then recursively applies UCB-based selection to
navigate through child nodes until encountering a leaf node.

Task: Score the accuracy of file localization reasoning by comparing 
reasoning steps with ground truth.
Input: -[Issue]-[Reasoning Steps]-[Ground Truth, e.g., modified file paths]
Critical:
Score 10  :  All correct modules and files identified, matching the ground 
truth perfectly.
Score 6-9 : Partially correct modules or files identified , still have unfinished 
analysis.
Score 1-5 :  Identify any incorrect module or files.
Score 0    :   Not identify any correct files.
Output: Score [0-10] with your analysis.

Issue: command and group decorators are untyped on strict
Reasoning steps: 
Step 1: The issue describes a typing problem with Click's command and group 
decorators when using strict type checking with pyright. 
Step 2: Looking at the repository structure, we need to find where Click's core 
decorators are implemented. The main Click implementation is in the `src/click/` 
disrectory. 
Step 3: Examining the files in src/click/, we see both `core.py` and `decorators.py` 
exist. Given that decorators are a distinct concept, they might be separated into their own 
file. Besides, the `__init__.py` would expose these decorators at the package level.
Modified file paths: src/click/decorators.py
Example(Output): Score:4
Incorrect Assumption about core.py: The reasoning implies that core.py could 
contain the decorators, which is incorrect.
Misleading about __init__.py: Although __init__.py exposes modules, it does not need 
modification for this issue. 

Fig. 3: An illustrative Prompt Template of Expansion Phase for File
Localization Subtask

This traversal path’s node sequence then provides contextual
grounding for the subsequent expansion phase.

UCB(S) = QS + ε ·
√

lnNparent

NS
(1)

In this formulation, the reward score QS for node S is
assigned by the LLM during node expansion, where Nparent

and NS represent the visit counts of the parent node and
current node S respectively. The exploration parameter ε
is set to 0.5 following established practice [31], balancing
exploration of new nodes against exploitation of known high-
reward paths.

B.2. Expansion
The expansion phase creates new child nodes from the

leaf node generated in the selection phase, with each child
node corresponding to a unique reasoning step. Formally, let
Sk represent the current selected node (denoting the k-th
reasoning step), and Pk = (S1, S2, · · · , Sk) define the complete
reasoning path from the root node. MCTS-REFINE extends
path Pk by creating b new child nodes Sk+1, where we adopt
the conventional branching factor of b=3 as established in prior
MCTS literature [31].

The LLM assigns a reward score to each newly generated
child node to evaluate the validity of its corresponding rea-
soning step. This assessment follows a rigorous process: (1)
inputting the current reasoning path and subtask ground truth
to the LLM, (2) analyzing the deviation between them using
predefined scoring metrics in the prompt template, and (3)
generating a reward score on a 0-10 scale, where higher values
indicate closer alignment with the correct solution. We have
developed specialized prompt templates for each subtask to
ensure consistent quality assessment of reasoning paths.

As depicted in Figure 3, during File Localization, the LLM
assigned a reward score of 4 to the current reasoning path
based on the provided inputs. This suboptimal score resulted
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from a critical error in Step 3, where the LLM incorrectly
identified both core.py and _init_.py files, leading to
substantial deviation from the expected reasoning path.
B.3. Rejection Sampling

In the classical MCTS algorithm, after expansion phase, a
node is selected for simulation based on its UCB value. While
this simulation phase aims to estimate the node’s potential
value, it cannot verify whether the current reasoning path can
fully solve the subtask—particularly when the path contains
flawed reasoning steps. This limitation arises because each
node only stores partial reasoning steps toward task completion
without generating the actual subtask solution, potentially
leading to unnecessary exploration of incorrect nodes in
later iterations. To overcome this issue, we introduce CoT
sampling and reflection immediately after node expansion.
This enhancement ensures that: (1) proactively identifies valid
reasoning paths, and (2) detects and corrects flawed reasoning
steps during exploration.

The mechanism evaluates reasoning paths from the root
node to its expanded optimal nodes by using an LLM to
generate corresponding subtask solutions. These generated
solutions are then compared against the ground truth to deter-
mine whether the current reasoning path should be sampled.
The specific sampling rules are as follows:

• File Location Subtask: Samples reasoning paths where the
identified files exactly match the developer-modified files.

• Fault Localization Subtask: Samples reasoning paths where
the identified class signatures, method signatures, function
signatures, and global variables completely align with the
developer modifications.

• Patch Generation Subtask: Integrates the generated edit
code (based on the reasoning path) into the original repos-
itory and compares the modified files with the developer-
edited versions. Our tool samples reasoning paths where the
generated edits exactly match the ground truth. It should be
noted that the comparison ignores whitespace, line breaks,
and comments. We intentionally avoid direct comparisons
between the generated edits and the gold patch. This is
because the gold patch only contains modified sections with
limited context, whereas the LLM’s output typically includes
both modifications and additional contextual code. This
approach effectively prevents potential false negatives in
our evaluation arising from the inherent structural disparities
between these two distinct formats.

B.4. Refinement
The refinement phase serves to identify and rectify potential

errors in current reasoning steps through two coordinated
sub-phases: the Feedback sub-phase detects reasoning errors
and generates diagnostic feedback, while the Optimization
sub-phase subsequently performs corrective modifications and
optimizations based on this feedback.

Fk+1 = Feedback(Pk, GT ) (2)

During the Feedback sub-phase, the model generates feed-
back Fk+1 by evaluating the current reasoning path Pk = {S1,
S2, · · · , Sk+1} against the ground truth (GT ), as formalized
in Equation (2). This phase executes two critical functions:

Task: Analyze the consistency between reasoning steps, identified files and 
actual modified files for software repository issue fixes.

Input: - [Issue]- [Reasoning Steps] - [Identified Files] - [Ground Truth]
Output Format:
CASE 1 - When both criteria are met:

- Response: "No Feedback"
- Conditions:
  * All reasoning steps doesn’t identify defective files.
  * Reasoning logic matches with task.

CASE 2 - When any criteria fails:
- Response : "Feedback“ with your analysis

Task: Optimize the last reasoning step based on provided feedback while 
maintaining the existing reasoning logic.
Input: 

- [Issue]  
- [Reasoning Steps] 
- [Feedback]

Step 3: Examining the files in ‘src/click/’, we find that decorators are likely 
implemented in ‘decorators.py’, as it is specifically named for this purpose. 
Since the issue pertains to typing problems with the decorators, we focus 
solely on src/click/decorators.py as the modified file

Feedback

Optimization

Fig. 4: An illustrative Prompt Template of Refinement Phase for
File Localization Subtask

(1) assessing the alignment between the reasoning path and
ground truth, and (2) generating specific corrective suggestions
for identified deviations. Figure 4 shows the prompt template
of Feedback sub-phase, which produces two distinct outputs:

• No-Feedback: Indicates full path correctness requiring no
modification.

• Feedback: Provides specific corrective instructions when er-
rors are detected. For instance, in File Localization subtasks,
the feedback mechanism evaluates whether the current path
includes directories or files erroneously identified by the
developer (as specified in the ground truth). As demonstrated
in Figure 4’s prompt template, when the path incorrectly
locates both core.py and _init_.py files, the model not
only flags these inaccuracies but also generates concrete
revision guidance. Similarly, for Patch Generation subtasks,
the feedback verifies both the syntactic correctness of mod-
ified code segments and their semantic alignment with the
ground truth’s modification strategy.

Upon receiving corrective Feedback, the system initiates the
Optimization sub-phase to refine the reasoning path. The LLM
dynamically adjusts the current reasoning step Sk+1 using the
diagnostic feedback and optimizes the reasoning path. This
process can be formally represented as:

S̃k+1 = Optimization(Sk+1, Fk+1) (3)

where S̃k+1 represents the refined reasoning step after op-
timization. This phase focuses exclusively on improving the
current step while deliberately restricting next-step generation.
As illustrated in Figure 4, the LLM successfully rectifies
flawed reasoning steps by integrating reflective analysis with
current step evaluation. This constrained correction approach
ensures: (1) Localized Modification Scope: Each adjustment is
precisely bounded to the target step. (2) Global Path Stability:
Preserves the structural integrity of the overall reasoning chain.
(3) Controlled Optimization: Prevents cascading disruptions
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across the reasoning path.
B.5. Backpropagation

During the Backpropagation phase, we perform a bottom-
up update from the selected node Sk+1 back to the root node.
This sequential upward propagation ensures that all nodes
along the path are adjusted according to the latest reward
values. The key objective of this phase is to update: (1) the visit
count NS , and (2) the reward value QS , for each reasoning
step node Si in the path Pk = {S1, S2, · · · , Sk+1}. The update
process involves: (1) incrementing the visit count NSi

of each
node Si by 1. (2) updating the reward value QSi based on the
reward contributions from b child nodes Si+1 of Si.

Qincrement =

∑b
i=1 NSi+1 ×QSi+1
∑b

i=1 NSi+1

(4)

QSi
= α×QSi

+ (1− α)×Qincrement (5)

The weighting factor α is set to 0.5 to balance between: (1)
the parent node’s current reward value QSi

, and (2) the reward
increments Qincrement from its b child nodes Si+1. Through
this update rule, QSi

progressively incorporates child-node
rewards, resulting in a more accurate representation of the
node’s importance in the reasoning path Pk.

Repeat the process (selection → expansion → rejection
sampling → refinement → backpropagation) until a rea-
soning path and result consistent with the ground truth are
sampled, or terminate after T iterations.

C. Implementation
Dataset Construction: To construct MCOT dataset for the

issue resolution task, we leverage the SWE-Fixer-Train-110K
dataset collected by SWE-FIXER [28], comprising 110,000
high-quality Issue and Pull Request (PR) pairs sourced from
GitHub repositories (excluding those overlapping with SWE-
BENCH). For effective subtask decomposition, we utilized the
GitHub REST API to enrich each Issue-PR pair with contex-
tual information including: (1) repository directory structures,
and (2) pre-patch code file contents, thereby creating compre-
hensive inputs for each subtask’s processing pipeline.

Inference Framework: We leverage our constructed CoT
data MCOT to fine-tune LLMs across multiple parameter
scales and integrate the resulting models into the AGENTLESS

1.0 [30] framework. This framework operates through two
distinct phases: (1) Fault Localization: The LLM hierarchically
narrows down potential issue-introducing candidates (files →
classes → functions) to pinpoint issue-relevant code segments.
(2) Code Edit Generation: The LLM then produces syntacti-
cally valid code modifications to resolve the identified issues.
The AGENTLESS 1.0 framework’s architecture is generally
compatible with our CoT data, enabling end-to-end evalua-
tion of MCTS-REFINE’s Rejection Sampling and Refinement
methodology.

IV. EVALUATION

In evaluation section, we propose three research questions:
RQ1: (Overall Effectiveness of Issue Resolution): To what

extent does the fine-tuned model improve overall performance
in issue resolution tasks compared to SOTA baselines?

RQ2: (Effectiveness of File Location and Fault Localiza-
tion): What is the performance of the fine-tuned model on the
File Localization and Fault Localization subtasks?

RQ3: (Effectiveness of Patch Generation): What is the
performance of the fine-tuned model on the Patch Generation
subtask?

A. Experiment Setup
1) CoT Data Synthesis: To reduce computational overhead

and experimental costs, we randomly selected 20,000 Issue-
PR pairs from SWE-Fixer-Train-110K [28] to build our CoT
dataset using MCTS-REFINE, for three core issue resolu-
tion subtasks—File Localization, Fault Localization, and
Patch Generation. The data synthesis employed DeepSeek-v3,
which provides three advantages over GPT-4o and Claude-
3.5-Sonnet: (1) lower computational costs, (2) complete open-
source availability, and (3) full local deployability.

The refinement process iterates through six MCTS
phases—selection, expansion, rejection, sampling, refine-
ment, and backpropagation—terminating when either: (1)
the derived solution perfectly matches the ground truth, or
(2) reaches our empirically set maximum of 50 iterations
(T = 50) based on the existing MCTS approach [31].The
final curated fine-tuning dataset comprises 52,068 high-quality
samples with the following distribution: (1) File Localization:
18,340 samples; (2) Fault Localization: 17,338 samples; (3)
Patch Generation: 16,390 samples.

2) Training Configuration: We fine-tuned three open-
source LLMs of varying parameter scales using our con-
structed CoT data: Qwen2.5-Coder-7B-Instruct, Qwen2.5-
Coder-32B-Instruct, and Qwen2.5-72B-Instruct [22]. These
models achieve SOTA performance at their respective parame-
ter scales and demonstrate robust code processing capabilities.
For the 7B and 32B models, we conducted full-parameter su-
pervised fine-tuning (SFT) using Llama-Factory [41], complet-
ing training on eight NVIDIA H800 80GB GPUs. The training
configuration included: (1) Context window length: 32k tokens;
(2) Batch size: 128; (3) Training duration: 2 epochs; (4)
Learning rate: 5e-6 initial rate with cosine decay; (5) Warmup
ratio: 3%. Due to computational constraints, we adapted the
72B model using LoRA [42] fine-tuning via the Llama-Factory
framework while maintaining consistent hyperparameters.

3) Baselines: Our evaluation systematically compares the
fine-tuned model against both proprietary and open-source
LLMs across different issue resolution frameworks.

• Framework Selection: Our comparison considers two types
of issue resolution frameworks: (1) Agent-based frame-
works (e.g., LINGMA-SWE-GPT [23], OPENHANDS [33],
SWE-AGENT [32]) that dynamically integrate exter-
nal tools like code analyzers and compilers to enable
adaptive, context-aware repair processes. Notably, SWE-
SEARCH [44] utilizes MCTS to enhance agent decision-
making in dynamic environments. (2) Pipeline-based frame-
works (e.g., SWE-FIXER [28]’s RAG-to-patch generation
workflow, AGENTLESS [30]’s decomposition methodology)
that employ structured, modular task sequencing with well-
defined interfaces - with the former excelling in flexibility
through on-demand tool invocation while the latter provides
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reproducible evaluation frameworks particularly valuable for
benchmarking LLM capabilities.

• Model Selection: We comprehensively evaluated our fine-
tuned LLMs against cutting-edge proprietary models (in-
cluding OpenAI’s GPT-4 and GPT-4o [8] - renowned for
their exceptional natural language understanding and ef-
ficient inference capabilities, and Anthropic’s Claude 3
Opus and Claude 3.5 Sonnet [9] - particularly strong in
coding tasks and multi-turn interactions) as well as leading
open-source models (Qwen series models like Qwen2.5-
Coder-7B-Instruct [22] that we fine-tuned, and Deepseek
models including the general-purpose Deepseek-V3 [4] and
reasoning-specialized Deepseek-R1 [17]), with all compar-
ison models carefully selected from prominent research
works and the SWE-bench leaderboard to ensure a rigorous
benchmark of our approach’s effectiveness across different
model categories and capabilities.

4) Benchmark and Metrics: We conducted rigorous per-
formance assessments using the industry-standard SWE-bench
benchmark suite, specifically leveraging both its Verified (500
samples) and Lite (300 samples) subsets comprising real-world
GitHub issues [11]. SWE-bench has become the authoritative
benchmark for issue resolution tasks, now serving as the
standard evaluation framework for leading AI coding systems.

We analyzed model performance following the AGENT-
LESS [30] framework’s workflow, focusing on four metrics: (1)
%Resolved: Success rate of model-generated patches passing
all tests. (2) %FileHit: Precision in file-level localization. (3)
%FuncHit: Precision in class/method-level localization. (4)
%Line-Hit: Precision in code line-level localization.

B. RQ1: Overall Effectiveness of Issue Resolution

Methodology. To comprehensively evaluate the performance
of the fine-tuned model in resolving real-world GitHub issues,
we conducted comparative experiments with baselines based
on SWE-bench Verified and SWE-bench Lite. Our evaluation
protocol strictly provided only: (1) the original issue descrip-
tion and (2) corresponding repository context as model inputs,
with patch correctness being definitively determined through
test-case verification. We measured the model’s performance
by quantifying the number of issues resolved (%Resolved).

Results. Table II and Figure 5 present the comparative perfor-
mance of our fine-tuned model against existing approaches
on both SWE-Bench Lite and SWE-Bench Verified bench-
marks. The results are categorized into two distinct groups:
proprietary model-based solutions and open-source model
approaches. We observe that the highest resolution rates are
predominantly achieved by closed-source model-based ap-
proaches. For instance, the OpenHands method, which utilizes
the Claude-3.5-Sonnet model, achieves resolution rates of
41.7% on SWE-Bench Lite and 53% on SWE-Bench Verified.

Comparison with Proprietary Model Frameworks. Notably,
our fine-tuned 72B model outperforms several proprietary
approaches on both SWE-Bench Lite and Verified benchmarks,
including methods based on GPT-4, GPT-4o, and Claude-3-
Opus. For instance, the SWE-AGENT (using Claude-3-Opus)
achieves 33.60% (Verified) and 23.00% (Lite) resolution rates.

TABLE II: Overall Effectiveness of Issue Resolution
Framework Models SFT Type Verified Lite

Proprietary Models
OpenHands [33] GPT4-o N/A Agent - 22.0%

OpenHands [33] Claude-3.5-Sonnet N/A Agent 53.0% 41.7%

SWE-Agent [32] Claude-3-Opus N/A Agent 18.2% 11.7%

SWE-Agent [32] GPT-4o N/A Agent 23.0% 18.3%

SWE-Agent [32] Claude-3.5-Sonnet N/A Agent 33.6% 23.0%

SWE-Search [44] GPT-4o N/A Agent 32.6% 31.0%

Agentless [30] GPT-4o N/A Pipeline 38.8% 32.0%

Agentless [30] Claude-3.5-Sonnet N/A Pipeline 50.8% 40.7%

Open-source Frameworks & Open-source Models (<10B)
Openhands [33] SWE-Gym-Qwen-7B SFT Agent 10.6% 10.0%

Agentless [30] SoRFT-Qwen-7B RL Pipeline 21.4% 14.0%

Lingma-SWE-GPT [23] Lingma-SWE-GPT-7B SFT Agent 18.4% 12.0%

Open-source Frameworks & Open-source Models (>10B)
Openhands [33] SWE-Gym-Qwen-14B SFT Agent 16.4% 12.7%

Agentless [30] SoRFT-Qwen-32B RL Pipeline 30.8% 24.0%

Lingma-SWE-GPT [23] Lingma-SWE-GPT-72B SFT Agent 30.2% 22.0%

SWE-Search [44] Qwen-2.5-72b-Instruct N/A Agent 23.4% 24.7%

SWE-GPT [23] SWE-Gym-Qwen-32B SFT Agent 20.6% 15.3%

SWE-Fixer [28] SWE-Fixer-Qwen-72B SFT Pipeline 32.8% 24.7%

Agentless [30] Deepseek-V3-671B SFT Pipeline 42.0% -

Agentless [30] Deepseek-R1-671B RL Pipeline 49.2% -

Fine-tuned Models based on our CoT Dataset
Agentless [30] Fine-tuned Qwen2.5-7B-Instruct SFT Pipeline 22.6% 16.3%
Agentless [30] Fine-tuned Qwen2.5-32B-Instruct SFT Pipeline 32.4% 25.7%
Agentless [30] Fine-tuned Qwen2.5-72B-Instruct SFT Pipeline 35.0% 28.3%

’-’ means the corresponding technique did not report %Resolved results in
its paper. ’N/A’ denotes the unknown training technique.
SFT denotes supervised fine-tuning; RL denotes reinforcement learning.
Baselines’ %Resolved values are from the technique’s original paper.

In contrast, our approach yields higher performance: The fine-
tuned 72B model achieves 35.0% (Verified) and 28.3% (Lite).
Even the 32B variant reaches 32.4% (Verified) and 25.7%
(Lite), demonstrating competitive efficiency.

Comparison with Open-Source Model Frameworks.
Lingma SWE-GPT (based on Qwen2.5-72B-Instruct) achieves
resolution rates of 22.0% (Lite) and 30.2% (Verified). Ad-
ditionally, SWE-Search, which is also based on Qwen2.5-
72B-Instruct, achieves a resolution rate of 24.7% (Lite) and
23.4% (Verified) [45]. In comparison, our fine-tuned Qwen2.5-
72B-Instruct improves performance by ⇑6.3% (Lite) and
⇑4.8% (Verified) over Lingma SWE-GPT, as well as a ⇑3.6%
(Lite) and ⇑11.6% (Verified) over SWE-Search. For the 32B
model tier, existing approaches like SORFT [25] (Qwen2.5-
Coder-32B-Instruct) report 30.8% (Lite) and 24.0% (Veri-
fied), whereas our fine-tuned variant boosts resolution rates
by ⇑1.6% and ⇑1.7%, respectively. For models under 10B
parameters, SOTA approach SORFT [25] achieves maximum
resolution rates of 21.4% (Lite) and 14.0% (Verified). Our fine-
tuned Qwen2.5-Coder-7B-Instruct attains higher performance
at ⇑1.2% and ⇑2.3%, respectively. The results demonstrate that
our fine-tuned models achieve significant improvements in is-
sue resolution capability, establishing new SOTA performance
within their respective parameter scales.

As shown in Figure 6, we conducted a Venn diagram
analysis to examine the overlap of successfully solved in-
stances among different models on the SWE-bench Verified
benchmark. The results reveal that our fine-tuned 7B, 32B, and
72B models uniquely resolved 5, 7, and 16 issues respectively
- cases that other models failed to address. Additionally,
each model shares a substantial number of commonly solved
instances with other models. These findings demonstrate that
our approach not only achieves superior performance in terms
of resolution quantity, but also exhibits unique issue-solving
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Fig. 6: A Venn diagram examining the overlap of solved instances
among different models on the SWE-bench Verified benchmark

capabilities in terms of coverage scope.

Due to computational constraints, we adopted LoRA [42]
for fine-tuning Qwen2.5-72B-Instruct, which achieved SOTA
issue resolution rates at its parameter scale. However, empiri-
cal evidence shows that full-parameter fine-tuning consistently
surpasses LoRA’s performance given equivalent model capac-
ity and training data [43]. Our analysis suggest that replacing
LoRA with full-parameter fine-tuning on our CoT dataset
could further improve the model’s issue resolution capability.

Conclusion: Our 7B, 32B, and 72B models, fine-tuned using
MCoT data, demonstrate significant improvements in issue resolu-
tion, achieving state-of-the-art resolution rates for their respective
parameter scales. On SWE-bench Verified, they achieve 16.3%,
25.7%, and 28.3% resolution rates, while on SWE-bench Lite, they
reach 22.6%, 32.4%, and 35.0%.

C. RQ2: Effectiveness of File Location and Fault Localization

Methodology. Precise file and fault localization is fundamental
to successful issue resolution, enabling both automated patch
generation and developer debugging. To rigorously evalu-
ate localization performance of our fine-tuned models, we
leverage the SWE-Bench-Verified dataset, comparing model-
predicted patch locations against ground-truth patches across
three granularity levels:

• File Localization: A prediction is considered correct if the
model’s suggested file list includes the file actually modified

TABLE III: Effectiveness of File Localization and Fault Localization
LLM Size FileHit FunHit LineHit

Qwen2.5-Coder-Instruct 7B 19.2% 13.9% 13.2%

Lingma SWE-GPT 7B 58.8% 42.2% 39.1%

Fine-tuned Qwen2.5-7B-Instruct 7B 64.4% 47.2% 41.8%

Qwen2.5-Coder-Instruct 32B 33.2% 28.8% 25.4%

Fine-tuned Qwen2.5-32B-Instruct 32B 72.0% 59.2% 49.4%

Qwen2.5-Instruct 72B 61.3% 45.7% 42.8%

Lingma SWE-GPT 72B 80.9% 66.2% 61.6%

Fine-tuned Qwen2.5-72B-Instruct 72B 81.8% 68.0% 63.0%

GPT-4o Unknown 72.5% 55.7% 52.2%

Claude-3.5-Sonnet Unknown 74.3% 58.1% 55.0%

Due to computational constraints, our evaluation focuses on comparing
localization results (at file/function/line levels) with established baselines
from prior work [23]. Baselines’ %FileHit, %FunHit, %LineHit values
are from LINGMA-SWE-GPT study [23].

by developers.

• Function Localization: After integrating the patch into the
codebase, we use Abstract Syntax Tree (AST) analysis to
identify the modified functions or classes. A prediction is
successful if the model’s output contains the exact func-
tion/class altered in the ground-truth patch.

• Line Localization: Following Lingma-SWE-GPT [23]’s ap-
proach, we extract the patched line along with its three
surrounding lines as the localization scope. A match is
confirmed if this range includes the actual modified lines.

We conducted comprehensive evaluations of the fine-tuned
Qwen2.5-Coder-7B-Instruct, Qwen2.5-Coder-32B-Instruct,
and Qwen2.5-Coder-72B-Instruct models, benchmarking
their performance against open source approaches (including
Lingma-SWE-GPT [23]) and proprietary models (such as
GPT-4o and Claude 3.5 Sonnet).
Results. The results shown in Table III demonstrate that the
fine-tuned Qwen2.5-Coder models achieve optimal perfor-
mance across all granularity levels of localization tasks. Partic-
ularly noteworthy is the 72B model, which attains localization
precision of 81.8%, 68.0%, and 63.0% at the file, method, and
line levels respectively - outperforming existing open-source
issue resolution approaches like Lingma-SWE-GPT.

At comparable parameter scales, both the fine-tuned 32B
and 7B models consistently surpass other open-source models
across all granularities. While proprietary models (GPT-4o and
Claude 3.5 Sonnet) still maintain a performance advantage,
the fine-tuned 72B model has achieved comparable or even
superior localization accuracy to some proprietary models,

1851



TABLE IV: Effectiveness of Patch Generation

Models Format Compliance
Rate (%)

Resolution Rate
(% Resolved)

Qwen2.5-Coder-Instruct 7B 13.0% 3.8%

Fine-tuned Qwen2.5-7B-Instruct 94.6% 28.6%
Qwen2.5-Coder-Instruct 32B 23.4% 9.6%

Fine-tuned Qwen2.5-32B-Instruct 96.0% 38.0%
Qwen2.5-Instruct 72B 37.0% 14.4%

Fine-tuned Qwen2.5-72B-Instruct 96.8% 43.8%
Deepseek-V3 98.0% 47.8%

Deepseek-R1 98.6% 59.0%

Since the SOTA techniques SORFT-Qwen-7B and SORFT-Qwen-32B are
not open-sourced, and agent-based frameworks (e.g., Lingma SWE-GPT,
SWE-Agent) cannot isolate the patch generation phase, we excluded
them from baselines in RQ3. Instead, we compared the patch generation
capabilities of Qwen2.5-Coder models before and after fine-tuning.

further validating the effectiveness of both the MCTS-REFINE

framework and our fine-tuning strategy.
The fine-tuned models demonstrate the following localiza-

tion capabilities across different granularities:

• File Localization: The fine-tuned models exhibit supe-
rior precision in identifying issue-relevant files, particu-
larly within complex software repositories, with the 72B
model achieving a file localization precision of 81.8%.
This performance improvement is primarily attributed to
the rigorous rejection sampling strategy employed by the
MCTS-REFINE framework during CoT data generation.

• Function Localization: Our fine-tuned 72B model reaches
68.0% accuracy in method localization, proving its enhanced
capability in comprehending code semantics and structure.

• Line Localization: For line-level localization tasks, the fine-
tuned 72B model achieves a precision of 63.0%, outperform-
ing LINGMA-SWE-GPT [23]’s 61.6%. This demonstrates
the model’s enhanced precision in identifying specific code
modification locations, providing a reliable foundation for
subsequent patch generation.

Conclusion: Our fine-tuned models achieve optimal performance
across all granularity levels of localization tasks. Particularly
noteworthy is the 72B model, which attains localization precision
of 81.8%, 68.0%, and 63.0% at the file, method, and line
levels respectively - outperforming the existing open-source issue
resolution approaches.

D. RQ3: Effectiveness of Patch Generation
Methodology. To assess the improvement of fine-tuned models
in the patch generation subtask, we conducted a comparative
evaluation between the fine-tuned Qwen2.5-Coder models
(7B-Instruct, 32B-Instruct, and 72B-Instruct) and their cor-
responding base models. The experiment was performed on
the SWE-bench Verified benchmark with a specific focus on
Patch Generation capability. To evaluate patch generation per-
formance, we provided models with precise issue locations
and 20 surrounding lines of contextual code, requiring them
to produce patches in strict search-replace format (where
"search" identifies the original problematic code and "replace"
shows the corrected version) - a prerequisite for valid diff-
based integration into original software repositories.

Our two-phase assessment first verifies format compliance
(ensuring patches can be properly diff-applied), then measures
repair effectiveness through %Resolved, thereby evaluating
both syntactic correctness and actual issue-patching capability.
Results. As evidenced in Table IV, fine-tuning yields signifi-
cant improvements in patch generation performance. The pre-
fine-tuned Qwen 2.5 models demonstrated poor performance

in generating syntactically correct code edits, with the 72B
variant producing only 37.0% properly formatted patches and
achieving merely 14.4% issue resolution rate. In contrast, the
fine-tuned models exhibit remarkable capabilities in generat-
ing both syntactically and structurally correct patches while
substantially improving resolution rates. Notably, the fine-
tuned 72B model achieves 96.8% format compliance rate and
43.8% resolution rate - significantly outperforming its untuned
counterpart’s 37.0% and 14.4%, respectively. Impressively,
the fine-tuned 7B and 32B models surpass even the base
72B model in both edit format correctness and resolution
rates. These results confirm that the MCTS-REFINE-generated
CoT dataset not only enhances the models’ understanding of
code syntax and structure, but also effectively improves their
practical patch generation capabilities.

Conclusion: The fine-tuned models exhibit remarkable capabilities
in generating correct patches. Notably, the fine-tuned 72B model
achieves 96.8% format compliance rate and 43.8% resolution rate,
comparable to the performance of Deepseek-v3.

V. DISCUSSION

A. Threats to Validity

Data Leakage: “Data leakage” occurs when evaluation data
overlaps with a LLM’s training dataset, potentially causing
overfitting and biased performance metrics. Although SWE-
bench derives from GitHub—the same platform used to train
the Qwen2.5 foundation models—recent study [35] suggests
minimal leakage risk in this benchmark. For rigorous evalu-
ation, we systematically exclude all SWE-bench repositories
when collecting CoT data from GitHub issue-pull requests.

Reproducibility: To ensure reproducibility of LLM-
generated content, we used the fixed open-source DeepSeek-
V3-0324 model for CoT data generation in MCTS-REFINE

and publicly released the dataset. For SWE-bench evaluation of
our AGENTLESS fine-tuned model, we maintained consistent
parameters (temperature=0) and used the official SWE-bench
Docker environment to guarantee reproducible results.

B. Clarifying for Ablation Studies

We combine rejection sampling and refinement to ensure the
quantity and quality of synthesized CoT data for repository-
level issue resolution tasks. We did not perform ablation
studies on these components because they are integral to our
framework’s core functionality:

Rejection Sampling Necessity: Rejection sampling acts as
an essential filtering mechanism within the MCTS frame-
work to maintain high-quality reasoning paths. Without it,
refinement alone is insufficient to effectively steer MCTS
toward viable reasoning trajectories, thereby fundamentally
compromising the synthesis of CoT data.

Refinement Criticality: The refinement mechanism plays a
vital role in detecting and correcting errors during reasoning.
Removing this component would significantly degrade both
the quality and quantity of the generated CoT data. This
is clearly supported by our empirical results: from 20,000
Issue-PR pairs, the fully implemented MCTS-REFINE pro-
duced 18,340 high-quality CoT samples for File Localization,
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whereas disabling step validation resulted in a 47% reduction
in output (yielding only 9,700 samples).

The absence of either mechanism would result in system
failure, rendering ablation studies unfeasible. Both components
are essential to guarantee the quality and volume of CoT data,
thereby directly determining the overall performance of the
framework.

C. Computational Overhead

A critical factor in CoT data synthesis is the associated
API cost. In this study, the DeepSeek-v3 model was employed
during the synthesis phase. For online access, DeepSeek-v3
offers highly competitive pricing: $0.14 per million input
tokens and $0.6 per million output tokens [4]. Generating a
CoT sequence for each issue-PR pair requires an average of 70
interactions with the DeepSeek-v3 API, totaling approximately
3 minutes in duration. Each interaction typically consumes
3.2k input tokens and produces 827 output tokens. As a result,
the total API cost for synthesizing CoT data per issue-PR pair
is approximately $0.07.

With ongoing advancements in LLMs, these expenses are
anticipated to decrease further. Additionally, local deployment
of the DeepSeek-v3 model can substantially lower operational
costs, making it an efficient and scalable solution for large-
scale CoT data synthesis.

VI. RELATED WORKS

Training-Data Synthesis for LLMs. To address the inef-
ficiency of manual annotation, researchers have increasingly
utilized large language models (LLMs) for scalable and high-
quality data synthesis, capitalizing on their ability to efficiently
generate large-scale datasets [36]–[38]. Recent work has fo-
cused on automating CoT data generation for issue-resolution
tasks, aiming to enhance open-source models’ reasoning via
instruction tuning or reinforcement learning [23], [25]–[28].
SWE-GYM [27] synthesized OPENHANDS Agent trajectories
by prompting GPT-4o and Claude-3.5-Sonnet on open-source
repositories, filtering outputs via unit tests before fine-tuning
Qwen. Similarly, Lingma-SWE GPT [23] generated trajectories
with GPT-4o and filtered them by similarity, while SWE-
FIXER [28] and SORFT [25] used single-turn Q&A prompt-
ing (GPT-4o and Claude-3.5-Sonnet, respectively) to produce
CoT data for edit generation and subtasks, applying overlap-
based filtering. However, these approaches rely entirely on
closed-source LLMs and suffer from critical limitations: their
CoT synthesis lacks validation of intermediate reasoning steps
and employs permissive rejection sampling (see discussions
in Section II). To overcome these limitations, we propose
MCTS-REFINE, a novel framework that replaces simplistic
single-turn Q&A prompting with a systematic, stepwise gen-
eration process, incorporating ground truth-aligned rejection
sampling to rigorously validate each reasoning step and ensure
robust, reliable reasoning-path synthesis.

LLMs for Repository Issue Resolution. LLMs pretrained
on massive code corpora have demonstrated exceptional capa-
bilities in code-related tasks, from generation to repair [39],
[40], with recent frameworks like SWE-Bench [11] extending
these capabilities to repository-level problem solving through

two dominant paradigms: (1) Agent-Based systems like SWE-
AGENT [24], where LLMs autonomously interact with devel-
opment environments via specialized interfaces (e.g., Agent-
Computer Interfaces) to perform editing, navigation, and test-
ing; and (2) Pipeline-Based Approaches: such as RAG-
SWE [11] and AGENTLESS [30], which employ structured
workflows combining retrieval, context aggregation, and tar-
geted editing. Agent-based systems enable broader applica-
tions but demand advanced LLMs and multi-turn computation,
while pipeline methods boost efficiency through focused,
staged task execution. In this paper, we integrate our fine-
tuned model into the AGENTLESS 1.0 [30] framework, which
is compatible with our CoT data, enabling end-to-end evalua-
tion of MCTS-REFINE’s Rejection Sampling and Refinement
methodology.

VII. CONCLUSION

We proposed MCTS-REFINE, a novel framework that
enhances open-source LLMs’ issue resolution capabilities
through high-quality CoT data generation. By combining
MCTS with a reflection mechanism and rigorous subtask
validation, our approach achieves state-of-the-art performance
on SWE-bench. The released resources - including the MCOT
dataset and fine-tuned models - provide valuable tools for
advancing AI-powered software engineering.
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