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Abstract—In recent years, large language models (LLMs)
have emerged as powerful tools to assist developers in various
coding tasks, including the challenging domain of vulnerability
repair. While these models have demonstrated significant poten-
tial in generating patches for software vulnerabilities, current
approaches often suffer from limitations in precision, requiring
multiple attempts to produce accurate fixes. In this paper, we
propose MUSSEL (Multi-Sample Self-Reward Feedback), a novel
framework designed to address the issue of one-shot vulnerability
patching. Inspired by insights from human learning mechanisms,
our approach aims to enhance the efficiency and accuracy of
LLMs in generating precise patches for software vulnerabilities.
We introduce a multi-stage training process, beginning with
supervised fine-tuning using domain-specific data to impart
foundational knowledge in vulnerability repair to the LLM.
Subsequently, we employ self-reward feedback learning to refine
the model’s patch generation capabilities, leveraging correct and
incorrect patches iteratively to improve performance. We also
introduce a novel prompt design tailored to better align with the
capabilities of LLMs during inference. Our results demonstrate
that MUSSEL consistently outperforms state-of-the-art solutions
in one-shot queries. Notably, even with a small beam size,
MUSSEL exhibits remarkable efficiency, requiring minimal GPU
memory resources. Furthermore, MUSSEL’s effectiveness across
diverse CWEs underscores its significant security implications.

Index Terms—Large Language Models, Vulnerability Repair.

I. INTRODUCTION

Recently, a proliferation of Large Language Models (LLMs)
has emerged to support coding tasks such as code generation
and completion [16], [20], [29], [39], [43], [50], [61]. Among
these, vulnerability repair has gained notable traction, with
recent studies confirming LLMs’ effectiveness in this domain.
For example, Pearce et al. [37] evaluated multiple commercial
and open-source LLMs across synthetic, hand-crafted, and
real-world security bug scenarios, demonstrating their capa-
bility to successfully repair vulnerabilities.

However, LLMs’ vulnerability repair capabilities remain
constrained: unlike natural language tasks that accommodate
varied outputs, program repair requires precise solutions. For
instance, if generated patches alter specific variable names
despite correct logic, compilation fails due to undefined vari-
able errors. Consequently, the standard approach involves
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generating numerous potential patches that are then compiled,
with success determined only by compilation outcomes. For
example, Pearce et al. [37] exemplify this by generating up
to 19,600 potential repair patches for 12 real-world project
CVEs, with only 982 achieving successful repair.

Our approach aims to achieve one-shot vulnerability repair
by drawing parallels between LLM training and human learn-
ing processes. We equip LLMs with repair capabilities through
supervised fine-tuning (SFT, providing foundational knowl-
edge) [11], then enhance performance via a special designed
preference learning algorithm incorporating both correct and
incorrect patches. This self-generated feedback loop improves
LLMs’ predict correct precision in complex vulnerability
repairs, potentially enabling one-shot patch generation.

We design MUSSEL (Multi-Sample Self-Reward Feed-
back), a three-stage approach for vulnerability repair. First, we
fine-tune the initial model on domain-specific data (vulnerable
code and patches) through SFT, generating diverse candidate
patch sequences of varying correctness. Second, we implement
self-reward feedback fine-tuning using our designed novel
Multiple Sample Reinforcement Direct Preference Optimiza-
tion (MSR-DPO) algorithm, which optimizes the expected
difference between correct and multiple erroneous generations
from the first stage. We incorporate a vector of KL diver-
gence [2] dynamic weights to prioritize specific non-preferred
samples. Finally, we design an inference prompt that simplifies
the repair task by consolidating various operations (ADD,
DELETE, MODIFY) into a single MODIFY operation,
better aligning with LLM capabilities and addressing their
classification limitations.

We evaluate our approach using a dataset of 5,800
C/C++ vulnerability and patch snippets from 1,754 large-
scale projects, covering over 180 CWE types. Our experiments
demonstrate MUSSEL’s superior performance in one-shot vul-
nerability repair. With ExtNum =5 (the number of extended
non-preferred patches during training), MUSSEL achieves a
BLEU score [35] of 53.66, substantially outperforming the
state-of-the-art score of 29.32 [63]. On a deduplicated dataset
with refined preprocessing, we reach a maximum BLEU score
of 61.74. MUSSEL consistently surpasses baseline fine-tuning
methods (SFT, PPO [44], and DPO [41]) across multiple met-



rics while requiring only 11.2GB of GPU memory—making
it practical for consumer-grade GPUs with typical 24GB
VRAM limitations. We further validate MUSSEL’s effective-
ness across diverse parameter settings and confirm the utility
of our key techniques through comprehensive ablation studies.

In summary, our principal contributions are as follows:

« Novel Problem of One-Shot Vulnerability Patching.
We address generating precise vulnerability patches in
one shot, leveraging a training approach inspired by
human learning to enable LLMs to fix vulnerabilities
efficiently, unlike existing multi-attempt methods.

o New Algorithm with Domain Insights. We present the
MSR-DPO algorithm within MUSSEL, an enhanced DPO
algorithm tailored for vulnerability repair. The method ad-
vances one-shot vulnerability repair by leveraging MSR-
DPO’s dynamic KL-weighted optimization across mul-
tiple non-preferred samples, effectively overcoming the
limitations of standard DPO in vulnerability repair scenar-
ios, which rely on a single preference signal and thus lack
the granularity required for precise vulnerability repair.

o Superior Performance with Practical Implications.
Evaluations on C/C++ vulnerabilities show that MUSSEL
outperforms state-of-the-art solutions in one-shot queries,
achieving remarkable scores even with small ExtNum
size while using minimal GPU memory resources. MUS-
SEL proves effective across various CWEs, demonstrating
significant security implications.

Code Availability. We release MUSSEL at: https://github.
com/XDU-SysSec/Mussel.

II. BACKGROUND AND RELATED WORK
A. Core Concepts of LLMs

Architecture of LLMs. LLMs primarily employ Transformer-
based [48] architectures that can be classified as: (1) Encoder-
only models (e.g., BERT [10], CodeBERT [15]), which excel
at classification but struggle with generation; (2) Decoder-
only models (e.g., GPT [54], Codex [40], LLaMA [47]),
which perform autoregressive sequence generation [46]; and
(3) Encoder-decoder models (e.g., CodeT5 [50], BART [26]),
which leverage both encoder and decoder components. For
security applications, particularly vulnerability repairing tasks,
general-purpose LLMs require specialized training on code
repositories to effectively analyze programming languages and
identify vulnerability patterns.

Pre-Training and Fine-Tuning. LLM training involves two
main phases: Pre-Training on vast datasets for general lan-
guage understanding, and Fine-Tuning on instruction-response
pairs for task-specific applications. LLMs with only pre-
training typically show limited performance on complex
tasks like code generation or bug-fixing, necessitating fine-
tuning to enhance capabilities. Methods like Supervised Fine-
Tuning (SFT) [11] and Reinforcement Learning from Human
Feedback (RLHF) [34] are commonly employed to improve
performance. Fine-tuning for code vulnerability fixes differs
from general-purpose tuning in two key aspects: it requires
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TABLE I: Comparison of SFT, RLHF, and RLAIF.

Stage 1 Stage 11
Methods SFT RLHF RLAIF
Training Data
Human Annotation 4 X X
Human Feedback X v X
Al-generated Feedback X X v
Training Method
Supervised Learning v X X
Reinforcement Learning X v v
Simplified RL Process X X v

task-specific adjustments prioritizing code syntax, semantics,
and security vulnerability understanding, and employs code-
specific evaluation metrics rather than general language un-
derstanding benchmarks.

B. Comparison of SFT, RLHF, and RLAIF

Supervised Fine-Tuning (SFT), Reinforcement Learning
from Human Feedback (RLHF), and Reinforcement Learning
from Al Feedback (RLAIF) [9] are three fine-tuning methods
that enhance LLM performance, utilized in various works [27],
[34], [45], [49]. These methods can be used in conjunction
with each other.

SFT. This approach uses high-quality downstream supervision
data to fine-tune model parameters, employing input-output
pairs to minimize losses between generated and target se-
quences. Recent approaches like LoRA [21] maintain model
quality without increasing inference latency, making SFT cost-
effective. In the program repairing task, VRepair [7] employs
a transformer model pre-trained on bug fixes and fine-tuned
on vulnerability data, while Zhang et al. [59] demonstrate
that SFT enables LLMs to transition from code generation
to effective bug fixing.

RLHF. This method [8], [22] uses human-annotated prefer-
ence data to train reward models, employing reinforcement
learning to align outputs with human expectations. Ouyang
et al. [34] utilize Proximal Policy Optimization (PPO) [44]
to align LLMs by training an SFT policy model, evaluating
it with human feedback, and adjusting outputs using PPO.
CodeDPO [57] aims at code generation via external tests, using
mutual verification where initial self-verification scores for
code snippets and tests are refined iteratively, enhancing LLM
code generation. Focused-DPO [58] aims to correct localized
errors within otherwise functional code.

RLAIF. This approach replaces human feedback with Al-
generated feedback. Bai et al. [1] establishes the LLM-as-
a-Judge paradigm, while Chen et al. [6] demonstrated an
Iterative DPO-like framework that eliminates reward models.
For Code-LLMSs, Cui et al. [9] combined RLAIF with DPO to
optimize models like CodeLlama-7B [43], showing RLAIF’s
effectiveness in generating code aligned with coding prefer-
ences.

We compare these methods in Table I. SFT uses human-
annotated data under supervised learning with lower resource



requirements. RLHF employs human feedback through
reinforcement learning, requiring significant resources
including reward model training. RLAIF substitutes Al-
generated responses for human feedback, typically using
reinforcement learning while consuming fewer resources
and enabling more precise control over output strategies for
complex preferences. As mentioned earlier, some approaches
(e.g., CodeDPO [57], Focused-DPO [58]) excel in code
generation but differ from our method, which targets failures
in security contexts. MUSSEL improves one-shot vulnerability
repair, introducing MSR-DPO, which uses dynamic KL-
weighted optimization with multiple samples, surpassing
standard DPQO’s single-signal limitation for precise repairs.

C. Using LLMs for Vulnerability Repair

LLMs have demonstrated effectiveness in vulnerability re-
pair. Fu et al. [17] use a TS model [50] for C code vulnerability
repairs, while Pearce et al. [37] show LLMs’ efficacy on
both synthetic and real-world vulnerability data. These models,
based on RNN [18] or Transformer architectures, treat repair
as a sequence generation task similar to machine translation.
The repair process involves two key steps: (i) Training model
for vector representation encodes vulnerable code geomet-
rically within the vector space during training. Input code
undergoes Natural Language Processing (NLP) techniques like
word embedding [32] in a masked pre-training manner to
acquire latent space representations, enhanced with positional
encoding across progressive layers. (ii) Beam Search [54]
for patches generation occurs during inference (with fixed
model parameters). The decoder’s final layer produces high-
dimensional vectors, and beam Search sequentially identifies
probable tokens to form repair patches, with candidate token
quantity varying based on beam size.

III. MOTIVATION AND PROBLEM STATEMENT
A. Motivation

LLMs navigate through high-dimensional vectors to select
tokens probabilistically, which enhances creativity but presents
challenges for vulnerability repair. In Figure 1, we demonstrate
how current models like GPT-4 [33] and CodeLlama [43]
generate numerous candidate patches before producing a valid
solution (Patch @). The alternatives often contain redundant
self-references (Patch @), syntactic errors (Patch @), or in-
appropriate terminology (Patch ). Without error feedback
mechanisms, models struggle to identify and correct these
undesirable characteristics.

Increasing beam search parameters (BeamNum) to produce
more candidate patches demands prohibitive computational
resources. As shown in Figure 2, our experiments on an
NVIDIA RTX-3090 GPU reveal that higher BeamNum values
significantly increase both inference time and memory usage,
with out-of-memory errors occurring beyond 20 returned se-
quences. Furthermore, zero-shot repair evaluations of GPT-3.5
and GPT-4o yield disappointing BLEU scores [35] of only
8.81 and 9.74, respectively (Table II), highlighting the ineffi-
ciency of current approaches to vulnerability repair. Therefore,
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Fig. 1: The illustration of correct and incorrect patches.

it is crucial to develop methods that enhance the quality of
one-shot patch generation.

B. Problem Statement

Formally, the task of vulnerability repair can be treated as
crafting code sequence snippets based on input prompts (which
can be a partially vulnerable program). Such a problem can
be approached by framing it as a decision-making issue in
a finite-horizon Markov Decision Process (MDP) [14]. By
employing Deep Reinforcement Learning (DRL) techniques,
the model can learn to generate sequences of code fixes to
repair vulnerabilities. Specifically, the model takes an input
code snippet containing vulnerabilities, denoted as X. The
objective is to produce a repair sequence within a specified
timestep, represented as W = (wy,wy,...,wr) where each
token w, € V is drawn from a predefined vocabulary V
of code tokens. At each time step f, w, is sampled from a
softmax [4] distribution parameterized by Linear(s;) network,
where s; signifies the environmental state of the decoder at
time step f. During the training process, the cross-entropy
loss between the generated repair sequence and the target
correct sequence serves as the optimization objective for model
gradient descent. This iterative approach iteratively refines
the generation policy to yield accurate repair patches. Define
the set Weorreer = (W1, wa,...,wr) as the intended correct
sequence for repair; the optimization target is expressed as
Equation 1:

Lee(0) = - Z log pO(Wcun'ect|X)
! (H

—Zlogpe(wz|wlzz—1,x)
t

Where, 6 indicates the parameters within the neural network
model, while py indicates the conditional probability of pro-
ducing the desired sequence while given the input from the
original code snippet.

IV. MUSSEL: IDEA AND DESIGN

A. Key Idea

Our key idea draws from parallels between LLM training
and human learning mechanisms. Just as students maintain
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Fig. 2: Resource cost in LLM Beam Search.

an “error notebook” to review mistakes and correct solu-
tions, LLMs can benefit from analyzing their own errors in
vulnerability patching tasks. The process begins with SFT
to establish baseline vulnerability-fixing capabilities. We then
generate multiple candidate patch sequences using this model,
which may be either correct or contain errors. We determine
correctness using reference patches collected from GitHub
fix commits, allowing us to label both correct and incor-
rect examples. These labeled patches form our second-phase
learning corpus—analogous to an “error notebook.” We apply
a specially designed preference learning algorithm to this
corpus, enabling the model to learn from its own mistakes.
This self-generated feedback loop helps LLMs better under-
stand complex vulnerability-repair tasks, identify generative
weaknesses, and improve performance, ultimately enhancing
the quality of our one-shot patch generation.

B. MUSSEL Design

As illustrated in Figure 3, MUSSEL employs a three-stage
process. Stage (I) involves SFT for Multi-Sample Generation.
In this stage, a model undergoes fine-tuning using domain-
specific data to improve adaptability for vulnerability repair.
We then use its improved abilities to set a baseline for our
experiments. With the enhanced model, we generate a range
of patch sequences, varying from flawless ones to those with
errors or nonsensical outputs. In Stage (II), Self-Reward
Feedback Fine-Tuning is introduced to enhance the traditional
reinforcement learning from Al feedback method. The goal
is to align the output probability distribution of generated
sequences with preferred data while moving away from non-
preferred data. To address challenges, the Multiple Sample
Reinforcement Direct Preference Optimization (MSR-DPO)
algorithm is introduced. It optimizes the expected difference
between correct and multiple erroneous generations, updat-
ing policy model parameters for improved generative perfor-
mance. Meanwhile, the dynamic KL (Kullback-Leibler Diver-
gence) [2] weight is continuously adjusted during training to
modulate the emphasis on multiple non-preferred samples. In
Stage (III), Prompt Engineering is introduced. Rather than
using three different types of operations for code repair (AD D,
DELETE, MODIFY), the approach is refined to retain only
one MODIFY operation. This simplification aims to better
suit the capabilities of generative language models, improving
their ability to generate patches.

Stage (I) - SFT for Multi-Sample Generation. During the
phase of supervised fine-tuning, a series of “Incorrect-Correct
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Patch” data pairs, denoted as Sgp; = {(x1,¥1), ..., (X, ¥n)}s
serve as the supervisory data (where x; represents the original
incorrect code patch, and y; represents the labelled correct
code patch). The model undergoes supervised fine-tuning
using domain-specific data with known correct patch labels
(gathered and labelled from sources such as GitHub fix com-
mits), which aims to enhance the model’s adaptability. In our
context, adaptability refers to the model’s capacity to address
the task of C/C++ language repair, as well as to understand the
design patterns used in data handling. This evolution enables
the language model to transition from a merely conversational
tool to a powerful instrument capable of generating patches for
specific data structural flaws. To be more specific, the formal
definition is as Equation 2:

> log P(vib ) @
i=1

1

1
Lsrr=—-
n

In Equation 2, P(y;|x;, 6) represents the conditional probabil-
ity of the model outputting a patch under the model parameters
6, given an input of a vulnerable code snippet. The objective
of training optimization is to adjust the model parameters to
minimize the sum of the cross-entropy loss Lsgr for each data
pair, ultimately leading to an optimal policy model nsrr.

Subsequently, we leverage its enhanced capabilities to
establish a foundational benchmark for our experimentation.
Using this SFT-enhanced model, we embark on generating
an array of candidate patch sequences. These sequences vary
widely, ranging from potentially flawless renditions to those
plagued with grammatical errors or producing nonsensical
outputs. Determining the correctness of these generated
patches is straightforward, as we can simply compare them
with patches collected from various repositories, such as
GitHub fix commits. Through this wealth of data, we are
empowered not only to identify and label the correct patches
but also to pinpoint and categorize the incorrect ones, thereby
enriching our training dataset with a spectrum of examples
for comprehensive learning.

Stage (II) - Self-Reward Feedback Fine-Tuning for One-
Shot Patch Creation. To comprehend our Self-Reward Feed-
back Fine-Tuning, we first need to delve into common prac-
tices of traditional models, as our algorithm builds upon these
models using our domain insights. Traditional models utilize
Reinforcement Learning from Human Feedback (RLHF) after
SFT to ensure expected output. Particularly, RLHF involves
annotators selecting preferred (y,,) and non-preferred (y;)
outputs (in our context, they are the correct and incorrect
patches) among multiple candidates (note that in the traditional
model, the preferred and non-preferred outputs comprise just
one pair). Given a collection of triplet data sets (x, Yy, y7)
denoted as P, a reference policy model 7, s (which is usually
the fixed-parameter LLM itself), and a generative model 7y
refined via SFT, the parameters of the policy model 7y are
optimized through the Direct Preference Optimization (DPO)
algorithm (as shown in Equation 3).

This optimization aims to align the output probability
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Fig. 3: The workflow of MUSSEL.
distribution of generated sequences (those generated by the Note that Equation 4 requires two models: mg, which

generative model ) with the preferred data (which is gener-
ated by the reference policy model 7, r) while moving away
from the non-preferred data. The reference model prevents
potential issues like overly long or repetitive sequences, which
might meet reward optimization goals but deviate significantly
from the original model’s output distribution. It calculates the
distance between preferred (y,,) and non-preferred (y;) data
conditional probabilities, with the denominator’s ref model
transforming this into a relative measure to prevent extreme
optimization outcomes.

7o (ywlx)
Lppo(7mg; Mref) == E(x,y,,,y)~P|0 log (—)
[ Tret (Y [x) 3)
WL
ﬂ'ref(yl|x)

The DPO algorithm (Equation 3) is effective for pref-
erence optimization but struggles with vulnerability repair.
This algorithm accommodates only one non-preferred output
per training instance alongside a single preferred data point.
Yet, vulnerability repair tasks demand a considerable array of
non-ideal outputs to serve as non-preferred data for strategic
optimization (as the desired output is singular). Consequently,
the algorithm proves inadequate for addressing these particular
challenges. Therefore, building upon such an algorithm, we
adapt and enhance the algorithm specifically for vulnerability
repair tasks by introducing the MSR-DPO (Multiple Sample
Reinforcement Direct Preference Optimization) algorithm. The
Loss definition for the optimization objective of the MSR-
DPO algorithm is shown as Equation 4:

LMSR-DPO(”H; 7Tref) == E(x,yw,yl)~D [ log O—(IB : IOg %
ﬂe()’l, |x)
B Z ﬂret(yl |.X)
+4- .ESFT)]
4

v; is defined as Equation 5:

exp (Dke (7o (v, 1 %)) I (ma(yw | X))))
Sk exp (Dxr ((mo vy, 1)) 1| (o (v | X))))

P =

&)
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is the policy model, and n,.r, the reference model. The
objective of the algorithm is to optimize the expected dif-
ference between correct generation and multiple erroneous
generations, thereby updating the parameters of the policy
model to achieve improved generative performance. Within
the expectation notation, y;, represents multiple non-preferred
samples, while y,, denotes the anticipated correct samples,
both of which are sampled from the generation of my. The
term o in the equation refers to the activation function, g
is a hyper-parameter controlling the extent of optimization.
v; is a dynamic non-preferred weight, used to control the
importance of multiple non-preferred data points during the
training process. A represents the weight parameters, denoting
the SFT fusion adaptation weight, respectively. The first term
of Equation 4 calculates the relative distance in the probability
distribution of preferred data outputs between the policy model
and the reference model (i.e., relative reference modeling. This
is similar to that of the original DPO). The second term of the
equation calculates the relative distance of outputs for multiple
non-preferred data (i.e., preference contrast loss). The final
term of the equation is introduced to incorporate the SFT
fusion adaptation loss, which also serves to prevent overfitting
due to preference optimization. We next explain our design
intuition:

Dynamic KL Weight Factor: During the preference opti-
mization training phase, the model is simultaneously provided
with a desired preferred sample and multiple non-preferred
samples. As the training progress, the probability distribution
of the sequences generated by the model and the discrepancies
with the multiple non-preferred samples continually evolve. To
enable the model to fully exploit these non-preferred samples
and dynamically recognize these discrepancies during training,
we introduce a “Dynamic KL Weight Factor” for the non-
preferred samples. This factor y; continuously computes the
KL divergence between the preferred sample and multiple
non-preferred samples throughout the training process, thereby
adjusting the importance of the losses associated with different
non-preferred samples. This approach aims to fully leverage
the multiple non-preferred samples for optimal learning.

Relative Preference Modeling: Relative Preference Mod-
eling is essential because it introduces a mechanism to prevent
models from exploiting reward systems in unintended ways,



by focusing on the relative probabilities of different outcomes
rather than solely on maximizing rewards. To be more specific,
the binary preference features an optimal preference condi-
tional probability expressed as follows: p*(y; > y2 | x) =
o (r*(x,y1) —r*(x,y2)), where o denotes the logistic sigmoid
function, and r* represents the ground-truth reward linked to
the optimal policy 7*. Solely focusing on the reward model
within the policy framework might lead to the reward hacking
issue (i.e., models exploit the reward system in unintended
ways to maximize its reward without actually accomplishing
the intended task). Consequently, we incorporate the relative
preference modeling approach referenced in the DPO algo-
rithm [41]. For yy and y; , we have established relative
deviations. By dividing by the reference model and then taking
the logarithm, we obtained relative probabilities in the form
of log% and log % This relative probability
constrains the policy optimization of the policy model using
the reference model, preventing it from generating sequences
whose probability distributions deviate significantly from the
expected distributions.

Preference Contrast Loss: Preference Contrast Loss mea-
sures the difference between relative preference values of
preferred and non-preferred data. It guides the policy model
g toward expected preferences by maximizing this difference,
with varying loss magnitudes providing dynamic weights per
training iteration—effectively revisiting an “error notebook”
multiple times. During training, my maximizes relative re-
ward differences while adapting to evolving RewardMargin.
Training epochs generate non-preference losses of different
magnitudes, with the model computing discrepancies between
preference and non-preference outputs, prioritizing closer
probability distributions. This creates varied attention to non-
preferred samples each epoch, similar to focusing on different
error types iteratively. The Loss formulation enables multiple
non-preferred objectives in a single optimization step, and
it is critical for tasks requiring extensive repair attempts by
simultaneously optimizing against several undesired outcomes.

Stage (III) - Querying Using Prompts Tailored for LLM
Capabilities. When fixing vulnerable code, LLM needs to
modify the vulnerable parts based on existing code snippets.
However, this modification process may involve multiple ac-
tions such as adding, replacing, or removing elements in the
code snippets. The previous approach [7], the authors initially
defined three types of operations: ADD, DELETE, and
MODIFY. Although this method performs well with previous
encoder-based language models, it is inherently more suitable
for classification tasks than for autoregressive tasks. With three
types of operation, it adds barriers for LLMs, and the overly
complex original labeling hampers the model’s ability to
generate better repair sequences. Therefore, we refine the data
preprocessing strategy to suit LLMs better. Instead of using
three different operations, we modify the repair modes to retain
only one MODIFY operation. We leverage Figure 4 as an
example to illustrate the methodology employed in our study.
The “Original Vulnerable Code” indicates that our approach
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(Your task is to analyze the provided code snippet, identify the section
| marked as a bug between the <S2SV_StartBug> and <S2SV_EndBug> tags, and
| generate a corrected version of the code. When you provide the fixed I
| code snippet, prepend it with the <S2SV_START> tag. A piece of code may
| have more than one set of <S2SV_StartBug> and <S2SV_EndBug>, each fix

| starts with <S2sv_START>, and the content between <S2SV_START> and
<S2SV_MODIFY> is the starting piece of the original code that needs to
be fixed. The content between <S2SV_MODIFY> and <S2SV_MODIFY> is the
Igenerated fix, and the content after the second <S2SV_MODIFY> is the

| after the that needs to be fixed in the original
|code. Ensure that the fix you prop is syn ically and

| resolves the issue marked as a bug, adhering to the best practices of

{ Output (Fixed Code Line)

CWE-119 Fixed Code Lines are:
<82, SV_START>;‘1 £ (map) { <SZSV_MODIFY>memcpy (cpi>active map,<S2 SV_MODIFY>

Fig. 4: An example of fixing a vulnerability in a MUSSEL
designed prompt: the input consists of the prompt text, symbol
explanations, and the vulnerable code snippet; the output is the
corrected code snippet without the vulnerability.

utilized <S2SV_StartBug> and <S2SV_EndBug> tags to
denote the locations of vulnerabilities. The “Output” shows
model output, <S2SV_START> marks the beginning label
of the repair, and the content between <S2SV_MODIFY>
includes the context of the repair sequence, typically con-
taining several tokens preceding the fragment that needs
fixing. The correct repair sequence is placed between two
<S2SV_MODIFY> tags. Additionally, the task of the model is
to generate the entire method’s repair sequence with a one-shot
query, which usually contains multiple repair sub-fragments.
Note that the above-crafted prompt with the vulnerable code
and its fixes is also used during training.

V. EXPERIMENT
A. Experimental Setup

Dataset. We use the dataset from VulMaster [63], specifi-
cally CVEFixes [3] and Big-Vul [12], consisting of C/C++
vulnerabilities with corresponding fixes from 1,754 real-world
projects. The dataset contains 5,800 entries covering over
180 CWE types, split into 3,872 training, 316 validation,
and 1,612 test pairs. Additionally, for the pretraining dataset
used in prior works [7], [63], we rigorously address potential
data leakage issues (corresponding to RQ2). Specifically, we
applied a string-matching Python script to the 500,000-sample
pretraining dataset to identify overlaps with the final test
set. During comparison, we removed non-semantic characters
such as whitespace, newlines, and special symbols to retain
only meaningful content, ensuring comprehensive detection
and mitigating the influence of formatting discrepancies. As
a result, we identified and excluded 243 leaked samples from
the pretraining dataset.

Experiment Environment. Our approach utilizes Llama-
Factory [62] with Pytorch [36] and Transformers [51] as core
packages. For reinforcement learning, we employed the Trans-



TABLE II: Performance comparison of different approaches.

Type Model BLEU EM
CodeBERT 3.96 3.97

. PolyCoder 435 3.52
Pre-Trained CodeT5 392 1023
Task-Specific VRepair 24.29 8.91
VulMaster (SOTA) 29.32 20.00

) GPT-3.5 8.81 3.64

LLM (Close:d—Source)GPT40 974 531
StableCode-3B 35.82 4.21

LLM-SET CodeGemma-3B 887 693
DeepSeek-Coder-1.3B 47.12 16.09
DeepSeek-R1-1.5B 4891 19.66
Qwen3-1.7B 48.18 20.16
MSR-DPO MUSSEL-DeepSeek-Coder- 51.31 24.25

1.3B

MUSSEL-DeepSeek-R1-1.5B 53.19 26.67
MUSSEL-Qwen3-1.7B 53.66 27.66

former Reinforcement Learning (TRL) module. Experiments
were conducted on two NVIDIA A100-80G GPUs and four
RTX 3090-24G machines, with fine-tuning on A00s using
LoRA [21] and inference on RTX 3090 devices.

Experiment Parameters. In stage (I), we use the LoRA
adapter with lora_target set to “all,” learning rate of Se-5, and
lora_rank of 10. Training typically exceeded 8 epochs, based
on validation results. For stage (II), we perform full-parameter
adapter fine-tuning with Beta_factor at 0.2, Ftx_factor at
0.5, and typically over 14 training epochs. We implement FP-
16 [25] precision to conserve GPU resources.

B. Performance Evaluation

RQ1. How does MUSSEL compare to prior works
in terms of performance?

We first evaluated the patch correctness related to vulnerability
repair using the previously mentioned dataset, employing
the same preprocessing method as in prior works. In this
scenario, our primary evaluation metrics are the BLEU and
EM scores, which measure the degree of alignment between
the generated and target ground-truth sequences. A higher
BLEU/EM score signifies that the generated repair sequences
more closely resemble the target sequences (i.e., labeled cor-
rect patches). Several studies [7], [63] have proposed methods
for vulnerability repair, achieving commendable results. These
pioneering approaches have established a robust foundation
for subsequent research in automated vulnerability repair.
However, we identified that due to human negligence, data
leakage issues were discovered in training datasets used in
prior studies. The 243 instances leaked from the 500,000 pre-
training dataset (accounting for 15.07% of the 1,612 test set)
and 126 instances leaked from the 3,872 SFT-Training dataset
(accounting for 7.82% of the 1,612 test set), culminating in a
total leakage of 22.89%. This introduces the potential for test
set label overfitting during continuous training, which may
lead to discrepancies between BLEU and EM results (high
EM with low BLEU). The issue of dataset leakage results
in a diminished reference significance of the experimental
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Fig. 5: Line chart of the relationship between the patch
generation time and the number of non-preferred samples (Ext-
Num) with original data format.

results. However, to illustrate its impact on the method we
proposed, we conduct experiments under the same conditions.
The DeepSeek-Coder-1.3B [20], DeepSeek-R1-1.5B [19], and
Owen3-1.7B [52] models served as the foundational models
for executing MUSSEL training.

As shown in Table II, MUSSEL with MSR-DPO algorithm
markedly improved the quality of the generated repair se-
quences, achieving the highest BLEU/EM scores. For example,
MUSSEL-DeepSeek-Qwen3-1.7B yielded a BLEU score of
53.66, and an EM score of 27.66. Compared to the state-of-the-
art (SOTA) [63], BLEU improved by 24.34, and EM improved
by 7.66. It is also evident that the performance of Pre-Trained
Models (e.g., CodeT5) without fine-tuning is suboptimal, with
BLEU scores ranging from 3-5. Task-Specific LLMs without
fine-tuning perform better (achieving a BLEU score of 29.32
for the generated repair sequences), yet remain inferior to
those LLMs that have undergone fine-tuning. Closed-source
LLMs (e.g., GPTs) achieve BLEU scores of 8-10. After SFT,
StableCode-3B [39] reached a BLEU score of 35.82. The
CodeGemma-3B model [60], achieved a BLEU score of 38.87.
Deepseek-Coder-1.3B [20] with SFT attained a BLEU score of
47.12. The latest models, DeepSeek-R1-1.5B [19] and Qwen3-
1.7B [52], demonstrate significant improvements in EM scores
over previous models.

Notably, as mentioned before, due to issues of dataset
leakage, the results show a deviation in two metrics compared
to prior works when not applied with deduplication. The prior
SOTA achieved a relatively high EM score of 20.00, but
the BLEU score for the generated response sequences was
notably low, at only 29.32. It is important to note that the
previously mentioned dataset leakage percentage was 22.89%,
which closely aligns with the results observed during actual
testing (20.00 EM score). This renders experiments on this
dataset lacking in reliable reference value. Consequently, we
have performed deduplication on the dataset and conducted
experimental comparisons with mainstream fine-tuning meth-
ods for LLMs in subsequent sections, to further illustrate the
improvements of our method within the fine-tuning paradigm.

RQ2. What are the performance differences of
MUSSEL under various data preprocessing meth-
ods?

In this experiment, we evaluated our method against alter-
natives using different preprocessing approaches. We removed
leaked samples from the training set and compared perfor-



TABLE III: Experiment results of original data format.

Type ExtNum BLEU Rougle-L CodeBLEU SyntaxMatchScore DataflowMatchScore EM
ORI-Model / 10.34 1675 18.07 20.76 49.00 0.00
SFT (BASE) / 38.76 49.07 27.34 39.21 4229 1271
SFT+PPO / 33.18 (=5.58) 38.70 (~10.37) 24.53 (-2.81) 33.95 (=5.26) 45.34 (-3.05) 8.79 (-3.92)
SFT+DPO / 37.37 (~1.39) 44.69 (~4.38) 27.3 (-0.04) 37.46 (~1.75) 43.82 (+1.53) 12.13 (-0.58)
ext-3 40.56 (+1.8) 49.25 (+0.18) 28.78 (+1.44) 39.84 (+0.63) 45.8 (+3.51) 12.15 (=0.56)
ext-5 40.61 (+1.85) 49.37 (+0.3) 29.74 (+2.4) 41.03 (+1.82) 4631 (+4.02) 12.28 (~0.43)
MUSSEL ext-7 41.2 (+2.44) 49.62 (+0.55) 29.23 (+1.89) 40.18 (+0.97) 46.56 (+4.27) 12.15 (=0.56)
ext-9 41.74 (+2.98) 50.07 (+1.00) 29.79 (+2.45) 41.08 (+1.87) 47.01 (+4.72) 12.90 (+0.19)
A MUSSEL ext-9 (+4.37) (+5.38) (+2.49) (+3.62) (+3.19) (+0.77)
mance improvements over mainstream fine-tuning techniques Moreover, as non-preferred sampling incurs a non-

(SFT, PPO, DPO). Since VulMaster [63] only provides the
model without pretraining code, we couldn’t retrain it after
removing leaked data and thus excluded it from comparisons.
Additionally, we tested a preprocessing method specifically
designed for Decoder-Only LLMs using both Full Parameters
and LoRA Fine-Tuning.

(I) Comparison with Alternative Preprocessing. We ad-
dressed the issue of dataset leakage by deduplication and
validated the improvements our method offers in fine-tuning
LLMs compared to mainstream baseline methods. As shown
in Table III, we present the comparative results of our method.
The baselines we used are the widely adopted SFT method and
the two-stage standard method of SFT followed by PPO/DPO.
In the table, ORI-Model represents the original model, where
we used Deepseek-Coder-1.3B [20] as the base model. MUS-
SEL represents our method, and ExtNum denotes the number
of non-preferred samples used in training (corresponding to the
non-preferred term in Equation 4). Both SyntaxMatchScore
and DataflowMatchScore were computed using the corre-
sponding modules in the CodeBLEU [42] package, reflecting
the syntactic and semantic effectiveness of the output results.
It is evident that compared to the original model ORI-Model,
SFT significantly enhances its performance in specific vul-
nerability repair tasks. Metrics reflecting sequence similarity,
such as BLEU, rising from 10.34 to 38.76, and the EM score
rising from O to 12.71. This is attributed to SFT’s ability to
train LLMs to output in specific formats, aligning more closely
with the label’s format (similar to instruction fine-tuning in
QA tasks [38], i.e., Question-Answering). In traditional natural
language processing tasks, the PPO/DPO fine-tuning method
following SFT can align the output of LLMs to better meet
expected styles. But in the vulnerability repair task, it is
observed that after PPO/DPO, there is a slight decrease in most
metrics. Our MSR-DPO method incorporates domain-specific
improvements for vulnerability repair, effectively balancing
alignment and self-feedback. Performance improves as we
increase non-preferred samples (ExtNum), with significant
gains at ext-9 compared to standard DPO. The syntax matching
score notably increases by 3.62, confirming our expectation
that the model implicitly learns syntactic knowledge through
negative examples.

798

negligible time cost—approximately 0.3 seconds per sample
on RTX-3090. As shown in Figure 5, we evaluate our method
using 3 to 15 non-preferred samples to balance sampling
time and repair effectiveness. The trade-off analysis shows
that the optimal convergence point between sampling time
and improvement performance (ABLEU) occurs at around
9 samples. Based on this, we select a maximum of 9 non-
preferred samples (ext-9) as the optimal configuration.

Additionally, our comprehensive evaluation reveals other
insights into model training trade-offs. While our MUSSEL
achieves superior BLEU/EM scores, we observed that standard
SFT can inadvertently degrade certain code understanding
capabilities preserved during pre-training, an effect intrinsic to
SFT itself rather than a consequence of MUSSEL. Specifically,
SFT may prioritize syntactic correctness over preserving un-
derlying computational logic, leading to semantically different
but syntactically correct code [13]. Our approach demonstrates
meaningful progress in mitigating such capability losses: while
standard SFT shows DataflowMatchScore degradation, our
method achieves +3.19 improvement, representing a favor-
able trade-off where substantial gains in instruction following
(0.00~12.90 EM) and code quality (10.34—41.74 BLEU)
come with better preservation of semantic understanding.

(II) Our Preprocessing Method. Considering that the previ-
ous data preprocessing methods were not specifically designed
for Decoder-Only architecture LLMs, we conducted com-
parative experiments with specially designed data processing
approaches. In this section, we compare Full Parameter Fine-
Tuning [31] with LoRA Parameter Fine-Tuning [21], setting
the non-preferred samples ext from 3 to 9. The baselines
used for comparison remain the widely adopted SFT, PPO,
and DPO. As shown in Table IV, the improvements achieved
by our method are presented, with MUSSEL representing
the results of our approach. In Full Parameters Fine-Tuning,
our method achieved the best BLEU score of 63.96 (+5.29),
EM score of 13.17 (+2.96); even in LoRA Fine-Tuning,
our method brought about significant improvements over the
baseline methods. Similarly, both fine-tuning approaches en-
hanced grammatical metrics compared to the baselines, further
corroborating the previously mentioned concept of implicitly
learning syntactic knowledge.



TABLE IV: Experiment results of MUSSEL designed data format.

ExtNum BLEU Rouge-L CodeBLEU SyntaxMatchScore DataflowMatchScore EM
ORI-Model / 9.47 16.94 22.73 29.37 4571 0.00
* Full Params Fine-Tuning
SFT (BASE) / 58.67 61.74 27.19 40.45 39.77 10.21
SFT+PPO / 56.26 (-2.41) 58.38 (-3.36) 24.93 (-2.26) 35.28 (-5.17) 36.62 (-3.15) 7.71 (-2.50)
SFET+DPO / 59.75 (+1.08) 6291 (+1.17) 29.20 (+2.01) 42.33 (+1.88) 40.83 (+1.06) 11.29 (+1.08)
ext-3 60.25 (+1.58) 63.13 (+1.39) 29.47 (+2.28) 42.60 (+2.15) 40.84 (+1.07) 11.34 (+1.13)
MUSSEL ext-5 61.74 (+3.07) 64.44 (+2.70) 29.97 (+2.78) 43.14 (+2.69) 40.98 (+1.21) 11.64 (+1.43)
(MSR-DPO) ext-7 62.87 (+4.20) 65.21 (+3.47) 30.72 (+3.53) 44.29 (+3.84) 42.84 (+3.07) 12.86 (+2.65)
ext-9 63.96 (+5.29) 66.50 (+4.76) 31.24 (+4.05) 45.27 (+4.82) 43.26 (+3.49) 13.17 (+2.96)
* LoRA Fine-Tuning
SFT (BASE) / 48.96 53.67 22.11 33.84 36.64 1.25
SET+PPO / 46.22 (-2.74) 49.98 (-3.69) 18.65 (-3.46) 27.89 (-5.95) 34.55 (-2.09) 0.91 (-0.34)
SFT+DPO / 52.63 (+3.67) 56.11 (+2.44) 22.60 (+0.49) 33.92 (+0.08) 36.09 (-0.55) 4.03 (+2.78)
ext-3 53.84 (+4.88) 56.92 (+3.25) 22.97 (+0.86) 34.47 (+0.63) 37.25 (+0.61) 4.27 (+3.02)
MUSSEL ext-5 54.75 (+5.79) 58.06 (+4.39) 23.40 (+1.29) 35.08 (+1.24) 38.51 (+1.87) 4.65 (+3.40)
(MSR-DPO) ext-7 56.28 (+7.32) 59.82 (+6.15) 24.15 (+2.04) 36.70 (+2.86) 40.61 (+3.97) 5.73 (+4.48)
ext-9 57.84 (+8.88) 61.29 (+7.62) 24.96 (+2.85) 37.79 (+3.95) 41.85 (+5.21) 6.34 (+5.09)

(II) Comparison with Full-Code Generation Repair. To
further demonstrate the necessity of fault localization and
the generalizability of MUSSEL, we perform additional ex-
periments from three aspects: efficiency, effectiveness, and
generalizability. The experimental results indicate that MUS-
SEL with fault localization enhances repair effectiveness while
reducing repair time compared to MUSSEL for full-code
generation, resulting in faster and more reliable software
repair.

a) Efficiency: We conduct an average time evaluation
over 100 generations on MUSSEL for vulnerability code
generation (which requires fault localization) and full-code
generation, respectively. The results shown in Figure 6 in-
dicate that MUSSEL with fault localization demonstrates a
growing performance advantage as code line size increases.
Specifically, MUSSEL for vulnerability code generation (Vul-
Code Gen) consistently completes generation within 1 second
for outputs ranging from 1 to 500 lines, whereas the full-
code generation time (Full-Code Gen) increases from 0.34s
to 35.08s. For code segments of tens to hundreds of lines
(common in real-world development), this results in a time
increase of up to several dozen or even over a hundred times.

b) Effectiveness: We perform performance evaluation
experiments on MUSSEL for vulnerability code generation
(which requires fault localization) and full-code generation,
respectively. The results in Table V indicate that compared to
full-code generation, the fault localization-supported strategy
yields higher effectiveness. For example, for MUSSEL with
ext-5, BLEU improves from 16.12 (in Table V) to 61.74 (as
shown in Table IV), and EM improves from 10.19 to 11.64.

c) Generalizability: To demonstrate the generalizability
of our approach, we perform additional performance eval-
uation experiments on SFT, SFT+PPO, and SFT+DPO for
full-code generation. The results in Table V indicate that
MUSSEL yields higher effectiveness compared to all three
methods. For example, BLEU improves from 9.46 to 18.29,
and EM improves from 5.56 to 12.26, respectively. To get the
results, we perform a difference comparison between the fully
generated code and the original code to extract the modified
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Fig. 6: Generation time comparison across different code
lengths.

TABLE V: Performance comparison for full-code generation.

Method Ext BLEU  Rouge-L CodeBLEU EM
SFT / 9.46 11.55 12.00 5.56
PPO / 7.74 8.28 8.96 532
DPO / 12.26 14.58 16.44 6.25

ext-3 14.72 17.04 26.73 8.56
MUSSEL ext-5 16.12 18.67 27.49 10.19
(MSR-DPO) ext-7 17.34 20.03 28.20 11.34

ext-9 18.29 21.08 28.75 12.26

code patches, which are then compared against the ground-
truth patches. For the degrading of BLEU and ROUGE-L
scores compared to the fault localization-supported strategy,
we think the reason lies in the difficulty for LLMs to accurately
localize the target fix in full-code generation, and the models
often introduce erroneous modifications at irrelevant locations.

C. Case Studies

Case Study I (Disorganized Patches). The LLM may gener-
ate disorganized patches, making code restoration unfeasible.
To be more specific, we use the patches produced by our model
and a model fine-tuned with SFT for CWE-264 as an example.
CWE-264 (Issues Involving Improper Management of User
Permissions) can lead to security risks like unauthorized
disclosure, data tampering, or denial of service. As shown in
Figure 7, this example demonstrates a vulnerability in code
from the Linux network device driver. The function of this
code is to initialize various properties and operations of a
bonded device. The operation “bond_dev->priv_flags
&= ~IFF_XMIT_DST_RELEASE;” modifies the private
flags “priv_flags” of the network device. Here, “&=" and “~”



are bitwise operators used to clear (or reset) specific bits. This

handling method could lead to resource leaks or performance

bottlenecks, which could be mitigated by adjusting these flags.
1 bond_dev->priv_flags |= IFF_BONDING;

2 bond_dev->priv_flags &= “IFF_XMIT_DST_RELEASE;
3 bond_dev->features |= NETIF_F_VLAN_CHALLENGED;

Fig. 7: Vulnerable code snippet of CWE-264.

The modifications provided by SFT resulted in excessively
long outputs and the content was disorganized, making code
restoration unfeasible, as shown in Figure 8.

1 <S2SV_START>|= IFF_BONDING ; bond_dev
-><S2SV_MODIFY> priv_flags |=
IFF_TX_SKB_SHARING ; bond_dev -> priv_flags
2 <S2SV_MODIFY>&= ~ IFF_XMIT_DST_RELEASE ; (
IFF_XMIT_DST_RELEASE | IFF_TX_SKB_SH

—

—

—

Figure 8: Patch generated by model with SFT for CWE-264.

To address this issue, MUSSEL employs the
“IFF_XMIT_DST_ RELEASE” flag in conjunction with the
“IFF_TX_SKB_SHARING” flag, facilitating SKB sharing
which enhances performance by reducing the necessity for
data duplication. The solution addresses potential resource
leaks or performance bottlenecks. Moreover, the sequence
lengths produced by MUSSEL are fully consistent with the
target. The modified output is presented in Figure 9.

1 <S2SV_START>bond_dev
<S2SV_MODIFY>

2 ( IFF_XMIT_DST_RELEASE IFF_TX_SKB_SHARING )
3 <S2SV_MODIFY>; bond_dev -> features

> priv_flags &=
s

Figure 9: Patch generated by MUSSEL for CWE-264.
Case Study II (Patches with Incorrect Variable Types).
Type mismatches can halt compilation. We contrast patches
from our model and a CWE-119 tuned SFT model. CWE-
119 (Buffer overflow vulnerability) covers buffer overflows
leading to crashes or code execution due to poor boundary
handling. As shown in Figure 10, “twopass_xrc” should
be “TWO_PASS”. This discrepancy could pose a security risk
if the memory layout of “twopass_xrc” differs from that
of “TWO_PASS”. Such a difference may lead to incorrect
references to the “stats_in” member, potentially accessing
erroneous memory regions, and resulting in data corruption or
program crashes (e.g., segmentation faults). Incorrect memory
access may also lead to the leakage of sensitive information,
particularly when memory regions that should not be accessed
are erroneously read.

1 static void reset_fpf position ( struct
— twopass_rc * p , const FIRSTPASS_STATS =
— position )
2 {
3] P —>
4 }

stats_in = position;

Figure 10: Vulnerable code snippet of CWE-119.
As shown in Figure 11, after being handled by the SFT,
the LLM provided repair suggestions. However, it is evi-
dent that, although the suggestions specified the contents to
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be fixed, the choice of type was still incorrect, specifically
“two_pass_rc_t”. Additionally, the superfluous pointer
“p”, when restored to the source code, would lead to a
compilation failure.

1 <S2SV_START><S2SV_null> static void
reset_fpf_position (

2 <S2SV_MODIFY> two_pass_rc_t * p,

3 <S2SV_MODIFY>const FIRSTPASS_STATS % position ) {

—

Figure 11: Patch generated by model w/ SFT for CWE-119.

As shown in Figure 12, our MUSSEL model demonstrated pre-
cise repair capabilities, accurately restoring the “TWO_PASS”
type without incorporating extraneous pointer content. This
indirectly suggests that through further preference learning, the
model implicitly acquired some knowledge of code syntax.
<S2SV_START>static void reset_fpf position (

1
2 <S2SV_MODIFY> TWO_PASS
3 <S2SV_MODIFY>* p, const FIRSTPASS_STATS

Figure 12: Patch generated by MUSSEL for CWE-119.

D. Ablation Results

a) Impact of different parameter settings on the final
results: To investigate the individual contributions of each
component in MUSSEL, we conduct a comprehensive ab-
lation study as shown in Table VI. The FTX denotes the
SFT fusion loss (final term in Equation 4), ext represents
the non-preferred sample number, KL-Weight indicates the
weight of the KL divergence term (Equation 5). For instance,
removing the KL weight mechanism (w/o KL Weight) leads to
a significant decrease across all metrics, with the BLEU score
dropping by 3.45 points (61.74—58.29) and EM by 1.82 points
(11.64—9.82), demonstrating the importance of dynamically
prioritizing different non-preferred samples during training.
These results validate our design decisions and highlight the
complementary nature of MUSSEL’s components in achieving
state-of-the-art performance. Additionally, we conducted an
Optimal Hyperparameter Study, and the results indicate that
the optimal values for A and 8 are 0.5 and 0.2 (Equation 4).

Figure 13 illustrates the impact of different components
on the training loss and reward margin (i.e., the difference
between preferred and non-preferred samples rewards). The
shaded regions represent unsmoothed value fluctuations, while
the solid lines indicate smoothed trends. As shown in the left
plot, MUSSEL achieves the fastest loss convergence and the
lowest final loss. The right plot demonstrates that MUSSEL,
with all components integrated, attains the largest reward
margin, indicating more effective training.

b) Analysis of the discrepancy between full-output evalu-
ation and code-only repair evaluation: To examine the poten-
tial impact of the output description on model-generated fixed
code, we conduct additional calculations for the performance
metrics on the fixed code only.

As shown in Table VII, Full-Eval denotes the evaluation
of the complete model output, while FixCode-Eval repre-
sents the results after removing the descriptive prefix and



TABLE VI: Ablation study of MUSSEL components on
evaluation metrics with ext-5.

Method BLEU  Rouge-L CodeBLEU EM
MUSSEL 61.74 64.44 29.97 11.64
w/lo FTX 60.41 63.02 28.63 10.35
w/o ext 59.75 6291 29.2 11.29
w/o KL-Weight 58.29 62.84 27.36 9.82

TABLE VII: Performance comparison on different output
format metrics.

Method BLEU Rouge-L  CodeBLEU EM
Full-Eval 61.74 64.44 29.97 11.64
FixCode-Eval 61.81 64.47 29.97 11.64

vulnerability localization marks preceding the code snippet.
The results indicate that BLEU and ROUGE-L scores re-
main nearly identical after removing the descriptive prefix.
This consistency can be attributed to our fine-tuning that
enhances the model’s instruction-following capability. For
example, for the output “CWE-119, The Fixed Code is:
<S2SV_START> reset_fpf_postion...,” where “CWE-119, The
Fixed Code is: <S2SV_START>" serves as the prefix and
“reset_fpf_postion...” denotes the fixed code. Across different
fixes, the prefixes are largely consistent, with minor variations
only in the CWE number identifiers. Moreover, CodeBLEU
and EM scores remain unchanged between Full-Eval and
FixCode-Eval, as both metrics require reinserting the patch
code (after removing the description) into the original code
before evaluating the complete code.

VI. DiscussioN

First, dataset leakage may introduce bias into the evaluation
results. To mitigate this, we conduct experiments under two
distinct conditions: one allowing potential dataset leakage
(RQ1), consistent with settings used in prior work, and the
other strictly eliminating any leakage (RQ2). In both scenar-
ios, our method demonstrates consistent improvements over
baseline models, validating its robustness.

Second, in real-world scenarios, due to the inherent gener-
ation mechanism of LLMs, repeated or highly similar outputs
may occur, which potentially reduces the diversity of negative
samples and thereby degrades the performance of the intended
repair. For example, when using a low temperature and a
small top-p value, the model tends to generate nearly identical
negative samples, compromising sampling quality. To address
this issue, we propose a parameterized sampling strategy that
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Figure 13: Variation of training loss and reward margins under
different conditions.
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adjusts generation settings based on the number of “ext” sam-
ples. Specifically, we select a corresponding set of temperature
values within the range of 0.3 to 1.0 for separate sampling,
while introducing randomness through varying top-p values.
This design ensures both the diversity and effectiveness of
negative sample generation. We leave it as future work.

Third, although our work focuses on vulnerability repair
rather than fault localization, the accuracy of upstream lo-
calization directly impacts the quality of vulnerability repair.
In our experiments, we use precisely localized vulnerabilities
obtained from the difference comparison results of GitHub
commit histories. However, in practical settings where repair
has not yet occurred, localization may rely on LLM-based
methods. Fortunately, existing solutions for fault localiza-
tion [53], [55], [56], [64] can be naturally integrated into the
vulnerability repair pipeline.

For accurate fault localization in practice, it requires a
strategic combination of modern and conventional approaches
to ensure reliable identification of vulnerable code regions.
LLM-based localization methods can leverage contextual in-
formation from CVE/CWE knowledge bases to guide the
identification of potential vulnerability sites, with recent stud-
ies demonstrating the effectiveness of incorporating external
vulnerability documentation and fine-tuned models for this
purpose [5], [23], [53]. Complementarily, conventional pro-
gram analysis techniques utilizing abstract syntax tree (AST),
control-flow graph (CFG), and data-flow graph (DFG) pro-
vide robust structural analysis capabilities for vulnerability
detection [24], [28], [30]. By integrating these LLM-based
and conventional analysis approaches, practitioners can es-
tablish a comprehensive localization pipeline that enhances
the accuracy of upstream vulnerability identification, thereby
improving the overall effectiveness of our proposed repair
methodology. This multifaceted localization strategy addresses
the practical deployment challenges while maintaining com-
patibility with existing vulnerability repair frameworks.

VII. CONCLUSION

In this paper, we propose a framework to address vulner-
ability repair, called MUSSEL, which is inspired by human
learning mechanisms. Through a multi-stage training process
involving supervised fine-tuning and self-reward feedback
learning, MUSSEL equips LLMs with the foundational knowl-
edge and refinement techniques necessary to generate precise
patches efficiently. Our results show MUSSEL outperforms
state-of-the-art solutions in One-Shot query with limited GPU
memory, effective across diverse CWE types, highlighting
major security benefits.
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