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Abstract—Smart contracts are a core component of blockchain
ecosystems, but their transparency and immutability make them
vulnerable to attacks, leading to significant financial losses.
Thus, repairing vulnerabilities in smart contracts is crucial
for establishing a trustworthy blockchain environment. Existing
smart contract vulnerability repair methods suffer from a critical
”one-for-all” design limitation, where a single model is tasked
with fixing diverse vulnerability types, leading to suboptimal
performance due to insufficient specialization. To address this,
we propose MoEFix, a novel framework leveraging a Mixture-
of-Experts (MoE) architecture tailored for smart contract charac-
teristics. MoEFix partitions vulnerabilities into subspaces, trains
specialized experts for each type (e.g., reentrancy, integer over-
flow), and employs a vulnerability-aware router to dynamically
allocate repairs. We further redesign the repair workflow to
align with large language models, enabling end-to-end secure
contract generation instead of partial patches, and to achieve
this, we curated a dataset of 1,391 contracts covering five critical
vulnerability types.

To validate our approach, we extend the benchmark PVD
test suite. Experiments demonstrate that MoEFix outperforms
state-of-the-art methods by 21.64% in overall accuracy, achieving
improvements of 26.19% (reentrancy) and 23.08% (delegatecall)
for specific vulnerabilities.

Index Terms—Smart Contract, Large Language Models, Mix-
ture of Experts

I. INTRODUCTION

Blockchain technology has been rapidly adopted across
various domains due to its decentralized architecture [1].
This innovative technology enables the creation of secure,
distributed digital ledgers for recording transactions [2]. Smart
contracts are programs that operate on a blockchain, and
their primary purpose is to automatically fulfill obligations
between untrusting parties. Inheriting advantages such as the
transparency of blockchain, smart contracts receive widespread
attention in various fields, including digital assets and sup-
ply chains [2]. In this ecosystem, smart contracts function
as self-executing programs on the blockchain, enabling the
automated management of digital assets like cryptocurrencies.
These contracts activate when specific conditions are met, and
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once deployed, they become a permanent component of the
blockchain [3]. However, the immutability and inherent com-
plexity of smart contracts pose significant security challenges
[3]. For instance, the notorious DAO hack [4], [5] serves as
a cautionary example, which resulted in the illegal transfer of
$60 millionworth of Ethereum [6], demonstrating the potential
severity of such vulnerabilities. Therefore, ensuring the secu-
rity of smart contracts is crucial for a trustworthy blockchain
ecosystem.

Vulnerability detection and repair are indispensable stages
in the smart contract development lifecycle. In recent years, a
plethora of research has emerged focusing on the detection
of various vulnerabilities [7], with significant studies also
addressing vulnerability repair [8]–[14]. SCRepair [10] stands
as the first search-based Automatic Program Repair (APR)
tool for smart contract source code. However, the search-
based method employed by SCRepair has limited effectiveness
when dealing with vulnerabilities that require complex code
changes, and it cannot achieve full automation, requiring
users to provide test cases [13]. Unlike SCRepair’s repair
approach, sGuard [12] adopts a source-code-based, semantic-
driven method to ensure that contract vulnerabilities are cor-
rectly addressed. Nevertheless, sGuard’s detection method,
which is based on symbolic execution, is inaccurate and
time-consuming. Consequently, the correctness of the repair
is severely impacted, and patches inserted by sGuard may
introduce new vulnerabilities and affect the original busi-
ness logic. Therefore, Gao et al. [13] propose sGuard+, a
machine-learning-based smart contract vulnerability remedi-
ation method. It rectifies the weak patches that fail to fully
defend against vulnerabilities and enhances repair correctness.
Subsequently, Guo et al. [11] propose RLRep, a reinforce-
ment learning-based method for smart contract vulnerability
remediation, which adopts an agent to provide repair action
suggestions without any supervision.

However, these methods aim to repair multiple types of
vulnerabilities using a single model. These techniques train
a single model to handle all vulnerability types. Since each
vulnerability possesses its unique characteristics and impact,
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such approaches often fail to adequately capture the distinct
patterns and features of different vulnerability types. A recent
study [15] reveals a significant challenge that prevents deep
learning models from being adopted in industry settings: the
one-for-all design limitation. Yang et al. [16] suggests this
limitation may prevent existing deep learning models from
effectively handling the differences between various types of
vulnerabilities. This represents a constraint on the model’s
overall capability, rather than being task-specific, which re-
veals an inherent limitation in the model’s generalization
ability. To further demonstrate this design limitation in the
domain of smart contract vulnerability repair, we conducted an
empirical study inspired by [16]. Our findings show that state-
of-the-art methods exhibit performance discrepancies across
different vulnerability types and also show a performance gap
when compared to expert models specifically trained for each
vulnerability type.

To address this issue, we propose utilizing a Mixture-of-
Experts (MoE) framework. The MoE framework [17], [18]
represents a promising solution. This framework uses multiple
specialized models (i.e., experts) to handle different parts of
the input. A router directs each input to the most suitable
expert, unlike a single model that processes all inputs. Building
upon this, we design MoEFix, which comprises four steps:
Splitting Input Space, Expert Training, Router Training, and
Combiner. First, the input space is partitioned based on vulner-
ability categories, thereby defining distinct vulnerability repair
experts. Next, these experts are individually trained according
to their respective subspaces, forming specialized vulnerability
repair experts. To train a routing mechanism capable of
capturing vulnerability characteristics, other parameters are
frozen, and only the router is updated. Finally, we combine
these components to form the Mixture-of-Experts network.

In recent years, Large Language Models have developed
rapidly. Owing to the effectiveness of transformers in scal-
ing efficiently to large corpora, LLMs now excel in tasks
such as question-answering, text summarization, and code
generation [19]. This offers a new solution for smart contract
vulnerability repair. However, recent research [20] has shown
that conventional repair workflows are not well-suited for
LLMs. In the process of smart contract vulnerability repair,
existing workflows typically include three steps: vulnerability
localization, patch generation, and patch validation. In the
vulnerability localization phase, existing methods commonly
use vulnerability detection tools [11] or static statistics [14] to
provide localization information, or they directly use perfect
vulnerability localization results as evaluation criteria. Nev-
ertheless, in the current workflow, simply substituting LLMs
into the patch generation step underestimates their pre-trained
knowledge, as these models are capable of independently lo-
cating and repairing defective contracts. Furthermore, incorrect
vulnerability detection results can negatively impact a LLMs’
repair capabilities. To address the challenge and better align
with the holistic capabilities of LLMs, we design an end-to-
end workflow, utilizing the LLMs’ inherent knowledge and
capabilities to pinpoint vulnerabilities and directly perform the

repair.
Recent studies [11], [13] highlight the scarcity of high-

quality datasets tailored for smart contract repair, particularly
those compatible with LLM training requirements. Existing
datasets often suffer from limited scale (e.g., RLRep contains
only 498 contracts in RE, IO and TX vulnerabilities) or
lack diversity in vulnerability types (e.g., missing delegatecall
and timestamp vulnerabilities). Furthermore, shifting LLMs’
output from fixed patchs to the entire refined program can
better align the inference objective with the training, thus
significantly enhancing repair performance [20]. Therefore, it
is necessary to build a smart contract dataset that contains
various vulnerabilities. Referencing Guo et al.’s [11] strategy
, we detect the collected smart contracts using existing state-
of-the-art detection tools, retaining only those with vulnera-
bilities. Subsequently, by leveraging existing LLMs, thought
processes and explanations can be generated to inform vulner-
ability repair. Finally, human experts manually repair the smart
contracts based on the output of these LLMs. Ultimately, the
resulting dataset consists of 1391 vulnerable contracts across
five vulnerability categories. This includes 261 reentrancy
vulnerability contracts, 481 integer overflow/underflow vulner-
ability contracts, 260 delegatecall vulnerability contracts, 187
timestamp vulnerability contracts, and 202 tx.origin vulnera-
bility contracts.

To validate the effectiveness of our method, we expand the
test set PVD [13] and evaluate MoEFix’s performance across
five different vulnerability categories. The results indicate
that our method outperforms state-of-the-art methods on all
vulnerabilities. Specifically, for reentrancy, delegatecall, times-
tamp, integer overflow/underflow, and tx.origin vulnerabilities,
MoEFix surpasses current SOTA methods by 26.19%, 23.08%,
15.79%, 16.92%, and 14.76%, respectively. Furthermore, in
terms of overall performance, MoEFix achieves a 21.64%
higher accuracy rate than SOTA methods.

Our contributions are as follows:
• We propose the first MoE framework for smart contract

vulnerability repair, addressing the ”one-for-all” limita-
tion by training specialized experts for distinct vulnera-
bility subspaces (e.g., reentrancy, delegatecall). The router
dynamically selects experts based on code features (e.g.,
external calls, arithmetic operations), ensuring targeted
and efficient repairs.

• We redefine the repair pipeline to fully leverage LLMs’
holistic understanding. Unlike existing patch-based ap-
proaches, MoEFix generates complete secure contracts
by integrating vulnerability location and repair, mitigating
error propagation from standalone location tools.

• We construct a dataset of 1,391 vulnerable contracts
with five critical vulnerability types, annotated via a
hybrid process combining static analysis, LLM-generated
explanations, and expert validation, which aligns with the
immutability of smart contracts and the specific codes of
blockchains.

All the experimental data and source code is online available
at https://zenodo.org/records/15544993
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Fig. 1. Motivation. The performance of one-for-all Model (RLRep) compared
with expert model trained on each specific Smart Contract vulnerability.

II. BACKGROUND AND MOTIVATION

A. Typical Vulnerabilities of Smart Contract

In this paper, we focus on five key vulnerability types: Reen-
trancy, Timestamp Dependency, Integer Overflow/Underflow,
Delegatecall and Tx.origin. Research [21] indicates that ap-
proximately 70% of financial losses in Ethereum smart con-
tract attacks can be attributed to these vulnerabilities. Further-
more, existing studies demonstrate that these vulnerabilities
occur more frequently in Ethereum smart contracts compared
to other types of contracts [21]–[23]. Consequently, these
vulnerabilities have significant negative impacts on both the
security and functionality of the contracts, potentially lead-
ing to substantial economic losses. Despite their well-known
status, these vulnerabilities are still frequently overlooked or
misunderstood due to the inherent complexity and immutabil-
ity of smart contracts.

B. Mixture of Experts

Mixture of Experts (MoE) [17] is a hybrid model consisting
of multiple sub-models, known as experts, which are integrated
together. The key concept of MoE is the use of a router
to determine the token set that each expert handles, thereby
reducing interference between different types of samples [24].
Fundamentally, the MoE represents a combinatorial approach
that leverages individual learning techniques as experts within
distinct subspaces of the input space [25]. The core idea
behind MoE is to select suitable experts for a particular input
using a router [16]. Typically, MoE contains the following
three components: Experts, Router and Combiner. The
Experts are individual models or neural networks trained
specifically to address different parts of the input space or
distinct tasks. These experts can take various forms, such
as linear models, decision trees, or deep neural networks.
The Router functions as a gating mechanism that determines

Wrong Loaction

Correct Location

Patch LocationSmart Contract

Patch Generation

Wrong Patch Fix

Fix and Generate
Safe Contrcct

Successful Fix

LLM

LLM

balance[ msg.sender] -=_amount;

msg.sender.call.value(_amount)();

contract Reentrancy {

mapping (address => uint _amount) public balance;

function  withdraw ( uint _amount ){

    if (balance[ msg.sender] >= _amount) {

        balance[ msg.sender] -= _amount;

        msg.sender.call.value( _amount)();

    }

if(balance[msg.sender]>= _amount) {

     msg.sender.call.value(_amount)();

Wrong Patch

Correct Patch

Correct Patch Fix

Fig. 2. Motivation. An example of two different workflow for Smart Contract
Repair.

which expert or combination of experts should process a given
input. It is typically implemented as a neural network. The
router selects the most relevant expert subset for each input,
rather than invoking all experts for inference. The Combiner
receives the outputs from the experts, weights them according
to the probabilities or weights assigned by the router, and
generates the final output.

C. Motivation for Smart Contract Vulnerability Fix

1) Smart Contract Vulnerability Fix Workflow: The auto-
mated program repair process typically involves providing a
faulty program and an artifact, whereupon automated program
repair (APR) methods generate a fixed program that satisfies
correctness criteria (e.g., passes all tests) [20]. Existing smart
contract vulnerability repair methods [10]–[12], [14] adopt the
traditional automated program repair workflow, which gener-
ally includes three steps: vulnerability localization, patch gen-
eration, and patch verification. Among these, the main research
focus lies in the patch generation phase. In the smart contract
vulnerability localization phase, existing methods commonly
employ vulnerability detection tools [11] or static statistical
analysis [10], [12] to provide localization information, or
directly use perfect vulnerability localization results as an
evaluation condition. However, these traditional vulnerability
detection tools and static statistical methods exhibit issues
with accuracy and efficiency, and directly adopting perfect
localization results similarly does not align with real-world
scenarios.

In recent years, interest in using large language models,
such as GPT-4 [26], for Automated Program Repair (APR)
[27]–[30], increasingly grows. Researchers typically follow the
current workflow, positioning LLMs as novel patch generators
to supersede previous models. However, within the current
workflow, simply treating LLMs as a substitute for the patch
generation step represents an under-utilization of their pre-
trained knowledge, as these models possess the capability
to independently locate and fix contracts [20]. As illustrated
in Fig. 2, because vulnerability localization tools may not
perfectly detect the precise location of vulnerabilities, the pro-
vided information can negatively impact LLMs, leading them
to waste time on incorrect patches or even return erroneous
results. To address these limitations and align with the holistic
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capabilities of LLMs, we design an end-to-end workflow.
This approach leverages the LLM’s inherent knowledge and
capabilities for vulnerability localization, directly performs
vulnerability repair.

2) Vulnerability Fix with Mixture of Experts: Research
[15] indicates the limitations inherent in the prevalent ”one for
all” design of existing deep learning-based vulnerability detec-
tion techniques. While this approach simplifies development
and deployment processes, it concurrently fails to adequately
accommodate the diverse demands of the real world [16]. A
similar issue exists within the technical domain of vulnerabil-
ity repair [11], [12], [14]. In practice, large organizations often
encounter various types of vulnerabilities, each with unique
characteristics and implications [31]. A one-for-all model may
fail to adequately address the nuances of different vulnerability
types and lack the capability of detecting and fixing certain
types of vulnerabilities. These techniques operate by training a
single model to address all vulnerability types. Consequently,
they often fail to capture the unique patterns and characteristics
inherent in different categories of vulnerabilities. This not only
poses challenge for vulnerabilities that are underrepresented in
the training dataset, but also leads to diminished performance
and an increased risk of security breaches.

For instance, Fig.1 illustrates the performance of RLRep, a
state-of-the-art ”one for all” approach. This method employs
reinforcement learning and trains a single model to repair vari-
ous types of vulnerabilities. While RLRep leverages reinforce-
ment learning to provide the model with some repair capabil-
ities, the underlying logic, code patterns, and repair strategies
for different types of smart contract vulnerabilities—such as
Reentrancy and Integer Overflow—are fundamentally distinct.
For instance, repairing a Reentrancy vulnerability typically
requires implementing the Checks-Effects-Interactions pattern
or using a mutex lock. In contrast, fixing an Integer Overflow
demands the use of a safe math library. The experiments
show that the RLRep not only exhibits performance variations
across different vulnerability types but also demonstrates a
performance gap compared to expert models trained specifi-
cally for each vulnerability type. This suggests that a single-
architecture model, like RLRep, which attempts to fix all
types of vulnerabilities, struggles to simultaneously learn these
vastly different repair paradigms.

To address the limitations of a single smart contract vul-
nerability repair framework, we’ll design a solution using a
Mixture of Experts (MoE) framework. The MoE framework
enables specialization, with each expert focusing on a par-
ticular vulnerability type. Since vulnerability types naturally
fall into distinct categories, this specialization enhances the
accuracy and efficiency of the fix, making the solution more
practical for real-world use.

III. APPROACH

In this section, the design and implementation of MoEFix
are presented, which primarily comprises four key steps:
Splitting Input Space, Expert Training, Router Training, and

Safe 
Contract

How to fix

Vulnerable Smart Contract Code

Vulnerable
Contract

Source Contract Filter 

Deepseek-R1

Claude-3.7

</think> Okay, let's take a look
at this Solidity code and try to find
any reentrancy vulnerabilities.
The main function here is the buy
function in the MultiBuyer
contract ................ </think>

I've identified several reentrancy
vulnerabilities in this code:
1. External calls followed by state
changes: ... ... ...
2. Multiple external calls with
approvals: ... ...
3. Transfer after state changes:
.......

Vulnerable Contract

Fixed Contract

Human fix

Train Data

Dataset Construct

Fig. 3. The process of end-to-end workflow dataset construction.

Combiner. The overall architecture of our approach for smart
contract vulnerability fix is illustrated in Fig. 4.

A. Data construction

To train our experts and MOE model, we have curated a
large-scale dataset of smart contract vulnerability repair. As
shown in Fig. 3, we first collect smart contract source code
data from Etherscan and GitHub which provide us with a broad
range of smart contract sources. To ensure uniqueness, the Jac-
card Index [32], a computationally efficient token-based sim-
ilarity algorithm, was employed. To collect vulnerable smart
contracts, we follow the methodology by [11]. Specifically,
we leverage several vulnerability detection tools [33]–[36] to
collect smart contracts exhibiting diverse vulnerabilities. The
most suitable detection tool is meticulously selected for each
vulnerability type, considering the unique characteristics of
each tool. Furthermore, to account for the inherent accuracy
limitations of these tools, we also employ state-of-the-art large
language model-based detection methods for verification, such
as GPTScan [37] and GPTLen [38], to filter out contracts
flagged as false positives.

Manually repairing these vulnerabilities is a time-
consuming endeavor that demands significant expertise from
repair personnel. Therefore, in constructing our dataset of
vulnerability fixes, we leverage two currently high-performing
large language models: DeepSeek-R1 [39] and Claude-3.7-
Sonnet [40]. To ensure the accuracy and relevance of the large
language model outputs, we design specialized prompts for
each vulnerability type. These prompts include detailed de-
scriptions of the characteristics of each vulnerability and guide
the models to provide relevant repairs for the corresponding
smart contract flaws. We feed the collected vulnerable smart
contracts as input to the large language models, prompting
them to provide repair suggestions. Specifically, we extracted
the chain-of-thought reasoning from DeepSeek-R1 and the re-
pair suggestions generated by Claude-3.7-Sonnet as references
for manual repair. Two researchers independently review the
model’s reasoning and suggestions for each smart contract
vulnerability before manually applying the fixes. Subsequently,
the two researchers discuss and integrate their independently
generated fixes. In cases of disagreement, a third researcher is
consulted to facilitate discussion and arrive at the final repaired
code. A total of twelve researchers, each possessing over two
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years of experience in smart contract research, participate in
this repair process.

Ultimately, we obtain a dataset comprising 1391 vulnerable
contracts across five vulnerability categories. This dataset
includes 261 contracts with reentrancy vulnerabilities, 481
contracts with integer overflow/underflow vulnerabilities, 260
contracts with delegatecall vulnerabilities, 187 contracts with
timestamp vulnerabilities, and 202 contracts with tx.origin
vulnerabilities.

B. Model Selection

We employ LLaMA-3.2-3B [41] as the base model for
Continual Pre-training and Expert Training, based on the
following considerations: 1) Its open-source nature ensures
transparency and accessibility; 2) The smaller parameter scale
(3B) significantly reduces training and inference costs, making
it particularly suitable for validating the effectiveness of MOE
model; 3) It shows strong fine-tuning potential for better task
adaptation; 4) Previous research [42]–[44] has validated its
reliable performance across various scenarios.

C. Splitting Input Space

To address the limitations of smart contract vulnerability
repair posed by a singular framework, we aim to design a
solution using the Mixture of Experts (MoE) framework. First,
to effectively leverage the MoE framework, it is crucial to split
the input space into sub-spaces, allowing each expert to handle
a specific sub-space [16]. Subsequent training enables the
experts to specialize, forming distinct experts that correspond
to the partitioned sub-spaces. During training, each expert

undergoes differentiated training, focusing on and mastering
the characteristics of smart contract vulnerabilities associated
with its assigned sub-space, thereby enhancing its vulnerability
repair capabilities within that domain. Extensive research indi-
cates that many existing insecure smart contracts still contain
numerous common patterns. Several studies and technical
documents categorize different types of vulnerabilities based
on these patterns and propose relevant repair recommendations
[45], [46]. In this paper, we focus on the following five
vulnerabilities: Reentrancy, Timestamp Dependency, Integer
Overflow/Underflow, Delegatecall, and Tx.origin. We use the
types of smart contract vulnerabilities as the basis for sub-
space partitioning.

D. Experts Training

To specialize our model for smart contract tasks, we first
implement continual pre-training on the expert model. This
stage enables the LLM to develop a deep understanding of
specific contract patterns and concepts. The weights obtained
from this phase serve as the foundation for subsequent MOE
expert training, facilitating better training and differentiation
of the experts. We based our Continual Pre-training dataset
on research from [47], which underwent extensive filtering
and quality checks. Furthermore, to maintain the model’s
versatility while preventing knowledge degradation, we add
diverse content such as mathematics, general contracts, and
programming to the training data. This balanced approach
ensures that the model retains its broad knowledge base and
simultaneously develops expertise in smart contract analy-
sis, thereby enhancing generalization and robust performance
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across different contract scenarios. Based on the splitting of
the input space, we categorize experts into distinct groups.
For each type of vulnerability, a specific expert model is
trained, tailored to address that particular class of flaw. The
reentrancy expert specializes in analyzing features such as
the order of state updates and the placement of external
calls within the contract. Integer Overflow expert focuses
on inspecting the safety of numerical operations, including
mathematical calculations and type conversions. Timestamp
Dependency expert primarily examines how block timestamps
are utilized and their potential impact on the contract’s logic.
Delegatecall expert verifies the access control and context
inheritance associated with the use of delegatecall.

First, based on the subspace division, for each vulnerability
type, we have a sub-dataset Dt = (x(i), y(i))

|Dt|
i=1 , where t

represents the vulnerability type, x(i) is the i-th input code
sample containing the specific type of vulnerability, and y(i) is
its corresponding i-th repaired target code sample. For a given
vulnerability type, our objective is to train a specialized expert
model that repairs the specific type of vulnerability present in
the input x(i) and outputs the repaired code y(i).

For a single sample (x(i), y(i))i, in the dataset, the loss
L
(i)
t (θt) can be defined as:

L
(i)
t (θt) = −

Mi∑
k=1

logP (t
(i)
k |t(i)1 , . . . , t

(i)
k−1, x

(i); θt) (1)

where Mi is the length of the code sequence, and θt
represents the parameters of the expert specialized in repairing
this type of vulnerability. The total loss Lt(θt) for the expert
model on the subspace is then:

Lt(θt) =
1

|Dt|

|Dt|∑
i=1

L
(i)
t (θt) (2)

Following separate training on the distinct subspaces, we
obtain different experts E1, E2, . . . , EN , each focused on
repairing specific vulnerabilities. We provide a strong initial-
ization for each expert through continual pre-training and sub-
sequently fine-tune the individual experts on their designated
subspaces. This process enables the experts to specialize and
form a diverse network dedicated to particular vulnerabilities.
By combining these experts, we ultimately achieve an expert
network for smart contract vulnerability repair.

E. Router Training

A specific type of vulnerability relates to certain distinctive
markers and contexts; however, traditional ”one-for-all” mod-
els exhibit an imbalanced processing of crucial information
during their operation [16].

This is a multi-vulnerability classification neural network
for input examples. It takes an instance as input and outputs a
probability distribution over all experts. This router analyzes
key features within the code, such as external calls, mathe-
matical operations, and timestamp usage, to determine which
experts should be activated. This approach effectively handles

the pertinent vulnerability features, thereby facilitating a more
accurate matching of inputs and preparing them for subsequent
expert processing. Regarding the routing selection, we adopt

G(x, k)i =
exp(f(x, k)i)∑E
j exp(f(x,k)j)

, i = 1, . . . , E (3)

f(x, k)i = (x ·Wv)i · I(i ∈ top k elements of E) (4)

where Wv is a trainable parameter matrix used to evaluate
the alignment between code features and the expertise of each
specialist. and k is the selected experts and f(x, k)i represents
the routing output for each expert. I represents an indicator
function, where its value is 1 when the condition is true, and 0
otherwise. The router’s output consists of corresponding output
weights for each expert. Through this routing mechanism,
only the top-k experts are activated during each inference.
Following normalization, a sparse weighted combination of
these k experts constitutes the final output.

The objective is to train a router capable of discerning the
distinctive features of various vulnerabilities, thereby enabling
the selection of appropriate experts during the routing process.
During the router training phase, we elect to train a designated
set of parameters while freezing the remaining ones. In the
Expert Training phase, we have already trained the experts,
resulting in specialized entities focused on the remediation
of specific vulnerabilities. To prevent any adverse effects on
the experts during router training, we consequently choose to
freeze their parameters and train only the router.

Therefore, we define the model’s loss function as follows:

Lmoe = −E(x, y) ∼ D[logP (y|x, θrouter)] + α · Lbalance (5)

Here, the parameter θrouter encompasses the MOE layer
parameters of the model, and all other parameters remain
frozen. Lbalance is an auxiliary loss used to balance the expert
load, which is scaled by the balancing coefficient α. Through
the above process, we train the router while preserving the
efficacy of the Expert Training. We achieve router training
while maintaining the effectiveness of the Expert Training
phase. The result is a routing allocation mechanism tailored to
different vulnerability types, which, when combined with the
specialized experts, ultimately constitutes the MOE layer.

F. Combiner

We integrate the experts with the router’s output through
a weighted summation mechanism, which ultimately serves
as the output of the MOE layer. Essentially, the combiner is
an instance-level network that uses a weighted aggregation
mechanism.

The output of the MoE layers can be formulated as

MoE(x) =
E∑
i=1

G(x)iEi(x), i = 1, . . . , E (6)

Instead of using all experts with different weights, using only
the topk experts reduces the inference cost and reduces the
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impact caused by irrelevant experts. To realize sparse selection
for experts, we only compute on the selected experts based on
the output of routing. Specifically we select the first k experts,
and the selected experts will participate in the computation
with different weights, while the experts not selected for are
not involved in the computation. And the associated weights
are the result of a normalization process. We opt to maintain
consistency with existing practices regarding the selection of
k [48], setting k=2. Subsequent experiments in Section V-B
further demonstrate that our model achieves a balance between
performance and inference efficiency under this parameter
configuration.

IV. EVALUATION DESIGN

We evaluate MoEFix to answer the following research
questions.

RQ1: How does MoEFix perform compared to baselines in
Smart Contract Vulnerability Repair?

RQ2: How do the total experts and activations affect the
effectiveness of MoEFix?

RQ3: How effective is the MoE framework and Continual
Pre-Training within MoEFix?

RQ4: How efficient is the MoEFix regarding its computa-
tional costs and time?

RQ5: How does the accuracy of router selection affect
MoEFix?

A. Data Preparation

MoE Model Train: For Continual Pre-training, the dataset
we employ is derived from the research findings of Storhaug
et al [47]. Inspired by the work of [49], we further expand
the dataset with an additional 50,000 instances from various
domains, such as general code and mathematics. For Experts
and Routers, since there is a lack of public datasets for smart
contract repair, we build a dataset of vulnerable smart contracts
with five types of vulnerabilities. The final dataset comprises
1,391 vulnerable smart contracts, categorized into five types
of intelligent contract vulnerabilities.

Evaluation: Regarding the evaluation test set selection, we
opted for the publicly available dataset (PVD) proposed by
Gao et al. [13]. This dataset comprises 234 unique contract
source code files, which are labeled with 247 vulnerable
functions. However, it only includes 31 reentrancy vulnerabil-
ities and 18 tx.origin vulnerabilities, and does not encompass
delegatecall and timestamp vulnerabilities. To fully evaluate
our method, following the test set partitioning approach of
[11], we expanded the PVD to adequately cover the scope
of our trained model while also achieving a more balanced
distribution across different vulnerability types. In total, the
benchmark dataset comprises 365 vulnerable smart contracts.

B. Baseline

To provide the comprehensive evaluation of our method, we
selected a range of current baselines encompassing different
types of approaches, including reinforcement learning-based,
machine learning-based, statistical model-based, and static

analysis methods. RLRep [11] is a reinforcement learning-
based method. Nguyen et al. [12] propose sGuard, which
performs static analysis on symbolic execution traces to de-
tect vulnerabilities and subsequently applies verified fixes.
Building upon this work, Gao et al. [13] introduce sGuard+,
a machine learning-based smart contract vulnerability repair
method designed to enhance the sGuard. SmartFix [14] lever-
ages a statistical model derived from validation feedback to
accelerate the generation and verification of repairs. For LLM-
based techniques, we selected D4C [20], a program repair
technique based on large language models which enables the
LLM to repair the entire program without first identifying
the faulty statements. We also used Claude-3.7-Sonnet and
LLaMA3.2-3B as baselines. For ensemble methodology, we
chose P-EPR [50], a repair tool integration method based on
repair patterns and preferences.

For a more equitable comparison between our method and
the baselines, we augment the action space of the RLRep
method by incorporating actions related to delegatecall and
timestamp fixing. Furthermore, we train this enhanced RLRep
method using a newly curated dataset. Similarly, we expand
the dataset used for sGuard+. We also train and evaluate
sGuard+ following its three-step paradigm of vulnerability
detection, localization, and repair.

C. Evaluating Correctness

Following the approach in [11], [12], [14], we manually
verify the generated vulnerability repair suggestions. Assuring
patch correctness remains an open problem in automatic
program repair techniques [51]. To verify the correctness of
contract repair operations, two volunteer students with two
years of Solidity development experience are invited to con-
duct an evaluation. Based on the SWC Registry and contract
repair suggestions from prior work, they determine whether the
repaired contracts are fixed according to the suggestions while
ensuring that the semantics of the original contracts are not
altered. If the two students have differing opinions, they jointly
discuss and decide on the final result. For the issue of lacking
test cases, we refer to the method in [11] and utilize its defined
paradigm for testing. Notably, in contrast to Guo et al.’s [11]
approach of setting beamsize=5 and considering a vulnera-
bility correctly fixed if at least one suggestion is correct, we
adopt a more rigorous majority voting method for evaluation.
That is, for five repair suggestions for a single vulnerability,
the vulnerability is considered successfully repaired only if a
majority of the suggestions are deemed correct.

D. Implementation Details

We perform Continual Pre-training using LlamaFactory
[52], and DeepSpeed [53] with bf16 enabled. The loss is
calculated using cross-entropy, and parameters are optimized
using AdamW [54] with β=(0.9, 0.99) and ϵ=1e-8. During
Continual Pre-training, we set the batch size to 64 per device,
gradient accumulation steps to 16, epochs to 2, learning rate
to 1e-5 with cosine decay, warmup steps to 0, cutoff length
to 2048, and save steps to 500. For the training of different
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experts, we fine-tune them on specific subspaces. We set the
batch size to 2 per device, gradient accumulation steps to 8,
epochs to 3, learning rate to 1e-5 with cosine decay, warmup
steps to 0, cutoff length to 2048, and save steps to 200.
The training of the router is essentially the training of the
entire MoE model, except that we freeze some parameters. For
evaluating our method, if not specified, the hyperparameters
for the number of experts and the number of activations were
set to: total experts to 10 and activated experts to 2. All
models were trained on a server equipped with 2 NVIDIA
H800 GPUs, each with 80GB memory.

V. EVALUATION RESULT

A. RQ1: Performance of MoEFix

In this RQ, we aim to investigate the effectiveness of
MoEFix compared to baseline methods in smart contract vul-
nerability repair. Table I presents the performance comparison
between our approach and studied baselines.

The experimental results reveal that MoEFix consistently
outperforms the baselines across all vulnerability types.
Specifically, compared to the best baseline, our method
achieves a 26.19% higher repair accuracy for Reentrancy
vulnerabilities (improving from 63.09% to 89.28%). For Dele-
gatecall and Timestamp vulnerabilities, MoEFix demonstrates
accuracy increases of 23.08% and 15.79%, respectively. Fur-
thermore, our approach shows a 16.92% improvement in
accuracy for Integer overflow vulnerabilities when compared
to sGuard+. Notably, for Tx.origin vulnerabilities, MoEFix
achieves an accuracy of 91.80%, significantly surpassing other
baselines. In addition, the experimental results show that
MoEFix outperforms the ensemble method P-EPR. Specifi-
cally, in the repair of Delegatecall and Reentrancy vulner-
abilities, MoEFix’s performance is higher than P-EPR by
48.07% and 53.57%, respectively. MoEFix can achieve a
deeper understanding of contract context and the root causes
of vulnerabilities through learning. Consequently, compared
with fixed repair patterns, it is able to generate more targeted
repair solutions. Compared to the LLM-based program repair
method D4C and the currently popular large language models,
MoEFix also demonstrates better performance, surpassing
them in overall performance by 31.50%, 32.82% and 45.47%,
respectively.

Furthermore, the one-for-all model often fails to adequately
address the unique characteristics and impacts of different
vulnerabilities. This limitation is specifically evident in the
notable disparities observed in vulnerability repair correctness
rates. Even with modifications to RLRep — such as incorpo-
rating specific handling mechanisms for relevant vulnerabil-
ities — its repair capabilities for Delegatecall vulnerabilities
remain insufficient compared to its performance in fixing other
types of vulnerabilities. MoEFix trained with the MoE archi-
tecture not only achieve improved performance in vulnerability
repair but also enable each expert to specialize in the unique
characteristics of different vulnerabilities.

Fig. 5. Performance of different Experts and Expert Activation. Expert-10(5)
means the total number of experts is 10(5). The x-axis represents the number
of experts activated during each inference of the model. The y-axis indicates
the performance of different variant models.

Answer to RQ1: MoEFix consistently outperforms all
baselines in terms of vulnerability repair performance
and achieves a vulnerability overall repair accuracy
of 86.02%, which surpasses current state-of-the-art
methods in overall repair performance.

B. RQ2: Impact of the Number of Selected Experts

To systematically evaluate the impact of the number of
experts on MoEFix performance, we conducted experimental
analysis exploring various combinations of total experts and
activation patterns. Combination experiments are conducted
with varying activation quantities, considering two main con-
figurations: a total of 10 experts and a total of 5 experts.
Specifically, the setting with a total of 10 experts implies
that the MoE model incorporates two experts for each type
of vulnerability repair. As illustrated in the Fig. 5, the results
demonstrate the performance variations in vulnerability repair
tasks under different expert-activation configurations.

When the total number of experts remains constant, in-
creasing the number of activated experts does not lead to
a significant performance improvement. Specifically, in the
scenario with a total of 10 experts, performance is lowest
(74.79%) when only one expert is activated. As the number of
experts increases, performance reaches its optimum (87.94%)
when four experts are chosen. Subsequently, further increases
in the number of experts do not yield a significant performance
gain; in fact, performance may even decline slightly. Similarly,
when the total number of experts is 5, performance is lowest
when only one expert is activated. The model achieves its
optimal performance when two experts are activated. We
analyze that when the number of activated experts is too
high, the presence of the routing mechanism can perturb the
overall model capability if there isn’t effective collaboration
among the experts. When the number of experts is one, the
model has only a single choice. This selection mode is too
restrictive and can even lead to negative consequences. This
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TABLE I
CORRECT REPAIR RESULTS FOR EACH VULNERABILITY TYPE .

Vulnerability Type MoEFix RLRep sGuard+ D4C P-EPR Claude-3.7-Sonnet LLaMA3.2-3B sGuard SmartFix

Corr/Total (%) Corr/Total (%) Corr/Total (%) Corr/Total(%) Corr/Total(%) Corr/Total (%) Corr/Total (%) Corr/Total (%) Corr/Total (%)

Reentrancy 75/84 (89.28%) 53/84 (63.09%) 43/84 (51.19%) 47/84(55.95%) 30/84(35.71%) 35/84(41.67%) 26/84(30.95%) 15/84 (17.85%) 27/84 (32.14%)

Delegatecall 43/52 (82.69%) 29/52 (55.76%) 31/52 (59.61%) 29/52(55.76%) 18/52(34.62%) 27/52(51.92%) 23/52(44.23%) - -

Timestamp 33/38 ( 86.84%) 27/38 (71.05%) 22/38 (57.89%) 24/38(63.16%) 14/38(36.84%) 21/38(55.26%) 14/38(36.84%) - -

Integer overflow 107/130 (82.30%) 79/130 (60.76%) 85/130 (65.38%) 57/130(43.85%) 53/130(40.77%) 74/130(56.92%) 55/130(42.31%) 25/130(19.23%) 62/130 (47.69%)

Tx.origin 56/61 (91.80%) 47/61 (77.04%) 43/61 (70.49%) 42/61(68.85%) 44/61(72.13%) 39/61(63.93%) 30/61(49.18%) 39/61 (63.93%) 44/61 (72.13%)

Total 314/365 (86.02%) 235/365 (64.38%) 224/365 (61.40%) 199/365(54.52%) 159/365(43.56%) 196/365(53.70%) 148/365(40.55%) 79/275 (28.73%) 133/275 (48.36%)

is because if an inappropriate expert is chosen for processing,
the MoE model cannot function effectively and may even
produce side effects. Furthermore, when the number of active
experts is equivalent to the total number of experts, the MoE
model degenerates into a Dense model. However, since the
model still applies the routing mechanism, its performance
significantly degrades, even performing worse than a standard
Dense model. Regarding the total number of experts, our
configuration (which includes two experts for each type of
vulnerability repair) means that the setting with a total of
10 experts offers a more flexible selection for the router
compared to the setting with 5 experts. Moreover, it’s worth
noting that selecting the wrong expert doesn’t imply the
model completely lacks repair capability; rather, performance
is somewhat affected. Therefore, we strive to maximize the
balance between repair performance and resource utilization
when making expert selections.

Overall, when the total number of experts is constant,
increasing the number of activated experts does not lead
to a significant performance improvement; in fact, excessive
activation can even have negative consequences.

Answer to RQ2: Considering both performance and
efficiency, we opt for a Top2 (K=2) setting. When the
total number of experts remains constant, increasing
the count of activated experts does not lead to a
significant performance improvement. In fact, over-
activation can even have a negative impact.

C. RQ3:Effectiveness of MoE Framework

To investigate the effectiveness of the MoE framework and
our training methodology, we train three variants: Dense ,
Routerrandom and w/o cpt. The Dense variant uses the same
base model as the MoE experts, LLaMA3.2-3B, for training.
Simply put, the dense model is obtained by directly fine-tuning
on the entire training dataset. To validate the effectiveness of
the router, we initialize the router randomly and do not train it.
The remaining components of the model are trained according
to our established methodology, resulting in the Routerrandom
variant. The ”w/o cpt” represents the Model without Continual
Pre-Training. As shown in Table II , the performance results
for the three variants are presented.

TABLE II
PERFORMANCE METRICS FOR DIFFERENT VARIANTS

Type Dense Routerrandom w/o cpt MoEFix

Reentrancy 72.62% 34.52% 84.52% 89.28%

Delegatecall 59.62% 44.23% 76.92% 82.69%

Timestamp 76.31% 42.10% 78.95% 86.84%

Integer overflow 76.15% 33.84% 72.31% 82.30%

Tx.origin 88.52% 62.30% 90.16% 91.80%

Total 75.07% 41.09% 79.73% 86.02%

First, for the Dense model, the results reveal a clear and
significant performance degradation compared to MoEFIx,
with an overall performance drop of 10.95%. The most severe
declines in vulnerability repair performance occur for Reen-
trancy and Delegatecall vulnerabilities, decreasing by 16.66%
and 23.07%, respectively. We analyze a reason for this. These
two types of vulnerabilities share fundamental similarities in
their risk patterns: both involve external contract calls, and
the core risk stems from incorrect function call sequencing,
especially concerning the timing of state changes. Since
capturing and differentiating the characteristics of these two
types of vulnerabilities is inherently challenging, subsequent
vulnerability repair also places high demands on the model.
Therefore, for similar vulnerabilities, simply fine-tuning with
a Dense model struggles to effectively learn and distinguish
these subtle but critical patterns. For Routerrandom, the results
reveal a significant decrease in performance across all five
vulnerability types. Overall, Routerrandom performs 44.93%
worse than MoEFix. Within the MoE framework, each expert
is trained to handle specific vulnerabilities, and the routing
mechanism ensures that vulnerabilities are directed to the
appropriate expert for processing. When the router assigns
vulnerabilities randomly, they may be sent to a suboptimal
expert, which prevents them from being correctly repaired.

The performance for all types of vulnerabilities decreased
for the w/o cpt variant. Among these, the performance for
Reentrancy, Delegatecall, and Tx.origin vulnerabilities saw a
smaller decline. Compared to the significant drop in the ran-
dom variant, the performance for the w/o cpt variant decreased
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by 4.76%, 5.77%, and 1.64%, respectively. This indicates that
repairing these vulnerabilities relies more on the fine-grained
learning that occurs during the expert stage, which enables the
model to better recognize their core characteristics and repair
patterns. In contrast, the removal of the Continual Pre-training
process leads to a relatively more significant performance
drop for Integer overflow and Timestamp dependency vulner-
abilities. We attribute this to the fact that Integer overflow
detection requires a deep understanding of Solidity’s type
system and operational rules. Similarly, timestamp dependency
requires Continual Pre-Training to capture the semantics of the
block timestamp. Thus, this prior knowledge is crucial for the
model’s performance.

Answer to RQ3: The experiments demonstrate the
effectiveness of the MoE framework and Continual
Pre-Training within our method. MoEFix consistently
outperforms the Dense model. Moreover, performance
degrades to varying degrees with random router and
without Continual Pre-training.

TABLE III
COMPUTATIONAL AND TIME FOR DIFFERENT VARIANTS

Model TFLOPs Train Time Infer Time

MoEFix-10top1 ∼0.67M ∼1.84h ∼21s

MoEFix-10top2 ∼0.73M ∼2.05h ∼34s

MoEFix-10top4 ∼0.81M ∼2.34h ∼52s

MoEFix-5top1 ∼0.31M ∼0.89h ∼19s

MoEFix-5top2 ∼0.35M ∼1.02h ∼31s

D. RQ4: Cost of MoEFix

To thoroughly assess the overhead and time consumption of
MoEFix, we constructed several variants. We used the notation
MtopN(where M and N are integers) to denote a total of M
experts with N activated experts. As shown in the Table III, we
recorded the computational overhead and time cost for these
variants and the standard configuration.

The experiments show that when the total number of experts
remains constant, the number of activated experts does not
significantly impact training time or computational overhead.
This can be attributed to our training process, where we
perform designated training for the experts. The majority of
the training time and computational cost are concentrated in
this expert training phase. Differences in training time and
cost primarily arise from other components, such as the router.
Although the router is influenced by the number of activated
experts, its contribution to the overall training process is minor,
especially since the expert layers are frozen at this stage.
Consequently, when the total number of experts is the same,
an identical number of experts must be trained, regardless of
how many are activated. In contrast, when the total number
of experts changes (e.g., from 10 to 5), the training time

and overhead change significantly. However, during model
inference, the difference in inference time is notable. This
is because a different number of activated experts means a
different number of activated parameters (e.g., activating one
expert corresponds to 3B parameters, while activating two
corresponds to 6B). Inference time has a strong correlation
with the number of parameters, which explains why different
numbers of activated experts lead to significant differences in
inference time.

Answer to RQ4: With the same total number of ex-
perts, the number of activated experts does not signifi-
cantly affect training time or computational overhead.
However, there is a marked difference in inference
time.

TABLE IV
ROUTER ACCURACY FOR EACH VULNERABILITY TYPE

Type Router Acc Succ/Corr Succ/Wrong

Reentrancy 94.04% (79/84) 74/79 1/5

Delegatecall 78.85% (41/52) 37/41 6//11

Timestamp 86.84% (33/38) 31/33 2/5

Integer overflow 83.85% (109/130) 99/109 8/21

Tx.origin 95.08%(58/61) 55/58 1/3

Total 87.67%(320/365) 296/320 18/45

E. RQ5: Accuracy of Router Selection

To investigate the impact of routing accuracy, we conducted
a deeper analysis of the experts. A routing decision is consid-
ered correct if its TopK selection includes at least one correct
expert. The Router Acc represents the percentage of correct
routing decisions.

As shown in the Table IV, we have compiled the rout-
ing selection distribution across different vulnerability types.
MoEFix achieved a routing total accuracy of 87.67%, and no-
tably, it reached 95.08% for Tx.origin. However, the selection
accuracy for Delegatecall vulnerabilities was relatively low,
at 78.84%. Upon examining the incorrect expert selections,
we found that the majority were routed to the Reentrancy
expert. This can be attributed to the inherent similarity in
their risk patterns: both involve external contract calls and their
core risk stems from incorrect function call order, particularly
regarding the timing of state changes. To further analyze
the impact of routing accuracy on model performance, we
compared the model’s performance when selecting the correct
expert versus an incorrect one. As shown in the Table IV, the
Succ/Corr is the ratio of successfully repaired vulnerabilities
when the router makes a correct selection. It is clear that model
repairing accuracy drops significantly when an incorrect expert
is chosen. The success rate for Reentrancy, for instance, is
only 20%. This decrease is expected, as each expert was fine-
tuned on a specific type of vulnerability and therefore lacks
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the ability to recognize features and handle other vulnerability
types. While some incorrectly selected experts can still achieve
a successful repair, this fundamentally relies on the inherent
capabilities of the base model itself.

Answer to RQ5: In general, the router plays a critical
role in MoEFix, significantly impacting vulnerability
repairing performance. The model repairing accuracy
will drop significantly when an incorrect expert is
chosen.

VI. THREATS TO VALIDITY

Internal Validity: To mitigate the randomness inher-
ent in large language models, we used the ”mimic-in-the-
background” prompting strategy from Sun et al. [37]. Specif-
ically, we set the temperature to 0.1 to increase determinism
and had the model generate five independent responses for
each input. The most frequent response was then chosen as
the final output, effectively reducing the impact of randomness
on our experimental results. To prevent the potential data
leakage existed between the training and test sets, we used
similarity filtering, proportional splitting, and manual review.
For potential data leakage in large language models, we
applied Decoding Matching to each test sample to ensure the
test set was not included in the underlying LLM’s internal
knowledge.

External Validity: MoEFix relies on datasets of various
vulnerability types, particularly for the crucial step of subspace
division. However, the construction of these datasets involves
multiple processing steps. Although we perform vulnerability
detection and filtering using different tools (static analysis
tools and LLMs), and concurrently leverage LLMs for manual
repair and verification, we cannot fully guarantee the absolute
accuracy of every step. Moreover, due to limitations in both
dataset availability and computational resources, the scope
of our method is currently restricted to specific types of
vulnerabilities. Future research will focus on developing more
efficient data construction methods to address a broader range
of smart contract vulnerabilities.

VII. RELATED WORK

A. Vulnerability Repair for Smart Contracts

In the realm of smart contract vulnerability repair, current
research shows significant progress. SCRepair [10] stands as
the first search-based Automated Program Repair (APR) tool
for smart contracts. In contrast to SCRepair, sGuard [12]
employs a source-code-based, semantic-driven approach to
ensure that contract vulnerabilities are correctly addressed.
Furthermore, sGuard is unique in its use of a self-contained
detection module for vulnerability localization. However,
sGuard’s reliance on symbolic execution for detection makes
it inaccurate and slow. This impacts the correctness of its
repairs and patches inserted by sGuard may introduce new
vulnerabilities or impact the original business logic. Therefore,
Gao et al. [13] proposed sGuard+, a machine learning-based

approach for smart contract vulnerability repair. This method
addresses the issue of weak patches that cannot fully defend
against vulnerabilities and improves repair correctness through
an accurate machine learning detection method and corre-
sponding localization algorithm. Subsequently, Guo et al. [11]
introduced RLRep, a reinforcement learning-based method for
smart contract vulnerability repair which provides repair action
suggestions based on the vulnerable smart contract without any
supervision.

B. Mixture-of-Experts (MoE) in Software Engineering

Mixture of Experts (MoE) [17] is a hybrid model consisting
of multiple sub-models, known as experts, which are integrated
together. The key concept of MoE is the use of a router
to determine the token set that each expert handles, thereby
reducing interference between different types of samples [24].
In the field of software engineering, research on Mixture of
Experts models remains relatively novel. Omer et al. developed
ME-SFP [55], a software defect prediction method that uses
the MoE. This method trains its experts with decision trees and
multilayer perceptrons and uses a Gaussian Mixture Model to
select the appropriate expert. Aditya and Santosh [56] explored
two variations of the MoE approach for defect prediction tasks:
Implicit Mixture of Experts (IMoE) and Explicit Mixture of
Experts (EMoE). The IMoE method randomly partitions the
input data into several subspaces based on the error function
employed, with local experts specializing in each subspace.
In contrast, the EMoE method explicitly divides the input
data into several subspaces using clustering techniques prior
to the training process. Wu et al. [57] applied the MoE
model to code smell detection by leveraging the experts to
select static analysis tools. Yang et al. [16] propose MoEVD
for vulnerability detection, which partitions the input space
according to CWE types.

VIII. CONCLUSION

In this paper, we present MoEFix, a new smart contract
vulnerability repair method based on a Mixture-of-Experts
framework. MoEFix provides specialized repair solutions for
different types of vulnerabilities by using dedicated expert
models and a routing mechanism. We also redesigned the
vulnerability repair process to better leverage the power of
large language models and created a specialized dataset for
smart contract vulnerability repair. Experimental results show
that MoEFix outperforms existing methods in repairing var-
ious vulnerabilities, with an overall accuracy improvement
of 21.64%. We believe that MoEFix offers a new research
direction for smart contract vulnerability repair and has the
potential to enhance the security and reliability of smart
contracts in practical applications.
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