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Abstract

Large Language Models (LLMs) show promise
for automated code repair but often struggle
with the complex semantic and structural cor-
rectness required. We present SYNTHFIX, a hy-
brid neuro-symbolic framework that improves
LLM-based vulnerability repair by unifying
code synthesis with compiler-informed sym-
bolic feedback. The core of our approach is
an adaptive training strategy where a neural
Router Model directs code samples to either Su-
pervised Fine-Tuning (SFT) to learn common
patterns or Reward Fine-Tuning (RFT) with
symbolic rewards for complex, iterative refine-
ment. On the FixJS (JavaScript) and Code-
Flaws (C) benchmarks, SYNTHFIX achieves
up to 18% relative improvement in Code-
BLEU/CrystalBLEU and 32% in Exact Match
over strong SFT and RFT baselines. Our results
show that this adaptive combination of training
strategies, which mirrors how developers al-
ternate between pattern application and tool
feedback, significantly improves the accuracy
and efficiency of LLM-based vulnerability re-
pair. Our code and data are available at https:
//github.com/CoderDoge1108/SynthFix1.

1 Introduction

Large Language Models (LLMs) have demon-
strated a remarkable ability to generate and modify
source code by learning from vast open-source cor-
pora (Chen et al., 2021; Allamanis et al., 2018).
However, this proficiency is largely based on learn-
ing syntactic patterns and textual plausibility, often
failing to grasp the strict semantic and structural
constraints required for tasks like security vulnera-
bility repair (Berabi et al., 2021; Jiang et al., 2023).
This gap can lead to models proposing fixes that
appear correct on the surface but remain function-
ally flawed or introduce new bugs, a critical failure

1Our artifacts are publicly available under the MIT Li-
cense.

when software security is at stake (Fu et al., 2022).
Bridging this gap requires moving beyond purely
neural approaches to integrate the symbolic rea-
soning inherent in compiler and program analysis
tools, a challenge that the dominant LLM training
paradigms are not equipped to handle (Shi et al.,
2020; Wu et al., 2022).

The dominant paradigm for adapting LLMs
to this task is Supervised Fine-Tuning (SFT) on
datasets of bug-fix pairs (Dong et al., 2023). While
effective for learning common, syntactic repair pat-
terns, SFT struggles to impart the deeper reasoning
needed to fix complex semantic vulnerabilities not
explicitly seen in the training data (Berabi et al.,
2021). To overcome this, Reward Fine-Tuning
(RFT), often using reinforcement learning algo-
rithms like PPO, has emerged as a promising alter-
native (Le et al., 2022; Islam and Najafirad, 2024;
Fang et al., 2025). RFT allows models to learn from
dynamic, task-specific feedback, such as whether
a patch passes a security check, enabling iterative
refinement toward a correct solution (Shojaee et al.,
2023). However, RFT methods are notoriously
sample-inefficient and computationally expensive,
often suffering from slow convergence that limits
their practical application (Schulman et al., 2017).

To resolve this tension, we present SYNTHFIX, a
hybrid neuro-symbolic framework designed to har-
ness the pattern-matching efficiency of SFT with
the deep, feedback-driven refinement of RFT. Our
approach enriches the learning process by inte-
grating comprehensive, compiler-informed feed-
back, a concept explored in neuro-symbolic pro-
gram synthesis (Parisotto et al., 2016). Specifically,
SYNTHFIX enhances the RFT training phase by
constructing a dense reward signal from multiple
symbolic sources. This reward combines struc-
tural validation from Abstract Syntax Trees (ASTs)
and Control Flow Graphs (CFGs) (Wang et al.,
2021a; Liang et al., 2019) with semantic correct-
ness checks from vulnerability detection tools. By
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#include <stdio.h>
#include <string.h>

int main() {
    char buffer[8];

    printf("Enter a string: ");
    // Using gets() is unsafe
    gets(buffer);  // Vulnerable function call

    printf("You entered: %s\n", buffer);
    return 0;
}

Candidate Features

Figure 1: Overview of SYNTHFIX. Left: Candidate Patch Generation and Selective Validation (featuring the Repair
Agent and static repair via SFT). Right: Adaptive Module (comprising the Router Model and the offline trained
Reward Model) for dynamic strategy selection via RFT.

providing such multifaceted feedback, our frame-
work guides the model toward repairs that are not
only syntactically plausible but also structurally
sound and semantically secure, addressing a key
limitation of purely neural repair methods.

A key innovation of SYNTHFIX is its adaptive
training mechanism, enabled by a neural Router
Model that intelligently allocates computational re-
sources. Instead of adhering to a fixed training strat-
egy (Shen and Chen, 2020; de Fitero-Dominguez
et al., 2024), our router dynamically selects the op-
timal learning path, either SFT or RFT, for each
incoming batch. This decision is informed by real-
time, compiler-derived metrics such as AST com-
plexity and CFG depth. The underlying princi-
ple is to direct syntactically straightforward repairs
to the efficient SFT pipeline, while reserving the
more computationally expensive, feedback-driven
RFT for complex cases requiring deeper seman-
tic reasoning (Kulsum et al., 2024). This dynamic
scheduling optimizes the trade-off between learn-
ing efficiency and repair quality, leading to faster
convergence and a more robust final model.

We conduct an extensive empirical evaluation on
two widely-used vulnerability repair benchmarks:
FixJS for JavaScript (Csuvik and Vidács, 2022) and
CodeFlaws for C (Tan et al., 2017). Across a suite
of state-of-the-art code language models, includ-
ing CodeLLaMA (Roziere et al., 2023) and Star-
Coder2 (Lozhkov et al., 2024), our results demon-
strate that SYNTHFIX substantially outperforms
baselines trained with either SFT or RFT exclu-
sively. Furthermore, through detailed ablation and
qualitative analyses, we confirm that our adaptive
mechanism, which leverages rich symbolic feed-
back, is the key driver of this success, robustly
addressing diverse categories of vulnerabilities.

2 Approach

Our approach, SYNTHFIX, is a hybrid training
framework designed to resolve the tension between
the efficiency of Supervised Fine-Tuning (SFT)
and the semantic depth of Reward Fine-Tuning
(RFT). We provide detailed background on these
core methodologies in Appendix A. The frame-
work trains a single Repair Agent by dynamically
alternating between these two learning pathways,
guided by an adaptive scheduling mechanism. At
its core, SYNTHFIX consists of three key compo-
nents: (1) a symbolic Reward Model that provides
dense, compiler-informed feedback on patch qual-
ity for RFT; (2) a neural Router Model that pre-
dicts the optimal training strategy (SFT or RFT) for
a given batch of code; and (3) the Repair Agent
itself, which is progressively updated using the se-
lected strategy. An overview of this architecture
is presented in Figure 1. We first detail the design
of our symbolic reward function, followed by the
adaptive routing mechanism, and conclude with the
complete training algorithm.

2.1 Symbolic Reward Model for Patch
Evaluation

The goal of our framework is to train a Repair
Agent, a transformer-based model parameterized
by θ, to map a vulnerable code snippet x to a cor-
rected patch ŷ, a process defined as ŷ = F (x; θ).
A core component of SYNTHFIX is its symbolic
reward model, which provides a fine-grained evalu-
ation of the generated patch ŷ to effectively guide
the RFT process (Appendix A.2). Instead of re-
lying on a sparse, binary signal (e.g., pass/fail),
we construct a dense, composite reward r(ŷ) =
λASTrAST(ŷ)+λCFGrCFG(ŷ)+λSemgreprSemgrep(ŷ).
As detailed in Appendix A.3, each component pro-
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vides unique feedback from symbolic representa-
tions:

Syntactic Correctness (rAST) Measures the struc-
tural soundness of a patch via its Abstract
Syntax Tree (AST), encouraging well-formed
code (Wang et al., 2021a).

Logical Fidelity (rCFG) Uses the Control Flow
Graph (CFG) to assess if a patch preserves the
intended program logic (Liang et al., 2019).

Assessed Security (rSemgrep) Leverages a static
analysis tool to check if the vulnerability has
been eliminated, providing a direct signal for
security correctness (Ziems and Wu, 2021).

This multi-faceted reward guides the Repair
Agent to generate fixes that are robust across multi-
ple dimensions (Gao et al., 2023).

2.2 Adaptive Training with a Router Model

With the symbolic reward defined, we now detail
the adaptive mechanism that intelligently schedules
the SFT (Appendix A.1) and RFT (Appendix A.2)
training strategies. The centerpiece of this mech-
anism is a neural Router Model, a lightweight
classifier trained to select the most effective learn-
ing path for each training batch B (see Appendix D
for training details). To inform its decision, the
router analyzes a compiler-derived feature vector
fB = [f1(B), . . . , fk(B)], where the components
summarize properties of the samples in the batch
such as AST complexity, CFG depth, and code
length (Zhang et al., 2022b). The precise set of
features (and thus the input dimensionality k) is
implementation-specific; we describe the instantia-
tion used in our experiments in Appendix B.

The underlying hypothesis is that these features
serve as a proxy for repair complexity; syntacti-
cally simple fixes are best learned via efficient
SFT, while semantically complex vulnerabilities
require the iterative feedback of RFT (Kulsum
et al., 2024). After normalizing the feature vec-
tor to f̃B , the router produces a binary decision
dB = R(f̃B) ∈ {0, 1}, where dB = 0 directs the
batch to the SFT pathway and dB = 1 directs it to
the RFT pathway. This data-driven scheduling al-
lows SYNTHFIX to optimize the trade-off between
computational efficiency and semantic correctness,
a substantial departure from static, non-adaptive
training strategies (Yang et al., 2024).

Algorithm 1 The Training Pipeline of SYNTHFIX

Require: Dataset D = {(xi, yi)}Ni=1, initial pa-
rameters θ

1: for each batch B ⊂ D do
2: fB ← [ f1(B), . . . , fk(B) ] {Extract

compiler-derived code features}
3: f̃B ← T (fB) {Normalize features}
4: dB ← R(f̃B) {Router selects path: 0 for

SFT, 1 for RFT}
5: if dB = 0 then
6: Compute SFT loss LSFT(B)
7: Update θ using∇LSFT(B) {Perform SFT

update}
8: else
9: Generate candidate patches {ŷi} for all

xi ∈ B
10: Compute reward r(ŷi) for each patch

{See Section 2.1}
11: Compute RFT loss LRFT(B)
12: Update θ using ∇LRFT(B) {Perform

RFT update}
13: end if
14: end for

2.3 Integrated Training Algorithm

We combine the symbolic reward model and the
adaptive router into a single, unified training
pipeline. The complete process for updating the
Repair Agent’s parameters θ for a given batch is
detailed in Algorithm 1. For each batch, the Router
Model first analyzes the code’s features to select
a training path. If SFT is chosen, a standard su-
pervised update is performed by minimizing the
LSFT loss. If RFT is chosen, the agent generates
candidate patches, which are then evaluated by our
composite symbolic reward to calculate the LRFT
loss and perform the update. This integrated pro-
cess allows SYNTHFIX to dynamically tailor its
learning strategy to the complexity of the code it is
repairing.

3 Experimental Design

This section details the experimental setup de-
signed to rigorously evaluate SYNTHFIX. We as-
sess our framework’s performance on two stan-
dard vulnerability repair benchmarks across sev-
eral state-of-the-art code language models. We first
outline the models, datasets, and metrics used in
our experiments. Then, we present the four key
research questions that guide our comprehensive
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analysis of SYNTHFIX’s effectiveness and its core
components.

3.1 Models and Baselines

We evaluate SYNTHFIX by fine-tuning four rep-
resentative code language models to demonstrate
that our framework provides consistent benefits
across different architectures and scales. The se-
lected models are: (1) CodeGen-220M (Nijkamp
et al., 2022), an open-source model for program
synthesis; (2) CodeT5-350M (Wang et al., 2021b),
an identifier-aware encoder-decoder model; (3)
CodeLLaMA-7B (Roziere et al., 2023), a founda-
tional generative code model; and (4) StarCoder2-
7B (Lozhkov et al., 2024), a next-generation model
targeting improved reasoning. For each of these
base models, we establish two strong baselines for
comparison: an SFT-only approach and an RFT-
only approach. The detailed architectures and train-
ing procedures for our Reward Model and Router
Model are provided in the Appendix for full repro-
ducibility.

3.2 Benchmarks and Evaluation Metrics

We evaluate our framework on two benchmarks:
FixJS for JavaScript (∼300k bug-fixing com-
mits) (Csuvik and Vidács, 2022) and CodeFlaws
for C (∼4k defects) (Tan et al., 2017). To ensure
reproducibility, we use a fixed random seed for a
standard 80/10/10 train/validation/test split across
all experiments.

Repair quality is assessed using three standard
metrics: CodeBLEU (Ren et al., 2020) for syntac-
tic and semantic accuracy; CrystalBLEU (Eghbali
and Pradel, 2022) for finer-grained structural align-
ment; and Exact Match (EM), the percentage of
patches identical to the ground-truth fix.

All experiments were conducted on two NVIDIA
A6000 GPUs. For full reproducibility, we provide
a complete breakdown of our experimental setup,
including model architectures, training hyperpa-
rameters, and reward function implementations, in
Appendix B.

3.3 Research Questions

Our evaluation is guided by four research ques-
tions (RQs) designed to systematically assess the
performance and core components of SYNTHFIX:

RQ1: Efficacy of Hybrid Training. How does a
hybrid SFT+RFT approach compare to using
either SFT or RFT exclusively?

RQ2: Effectiveness of Adaptive Routing. How
effective is the adaptive Router Model at
improving performance over a non-adaptive,
fixed-ratio hybrid approach?

RQ3: Generalization Across Defect Types.
Does the performance of SYNTHFIX gener-
alize across different types of vulnerabilities
and code functionalities?

RQ4: Ablation of Reward Components. What
is the individual contribution of each com-
ponent (AST, CFG, and Semgrep) in our
symbolic reward model?

4 Result Analysis

This section presents our empirical results, which
validate the effectiveness of SYNTHFIX’s adaptive,
neuro-symbolic approach. We structure our analy-
sis around the four research questions, presenting
the main quantitative results, generalization analy-
sis, ablation studies, and qualitative case studies.

4.1 Overall Performance (RQ1 & RQ2)

To answer our first two research questions, we con-
duct a two-step analysis of the models’ overall per-
formance.

First, to address RQ1, we establish the bene-
fit of a hybrid approach over exclusive training.
Table 1 compares a non-adaptive, fixed-ratio ver-
sion of our hybrid framework against the SFT-only
and RFT-only baselines. The results are unequivo-
cal: the fixed-ratio hybrid model consistently and
significantly outperforms both exclusive training
methods across all metrics and models. This con-
firms that combining pattern-based learning with
feedback-driven refinement is fundamentally supe-
rior to using either strategy in isolation.

Having confirmed that a hybrid strategy is benefi-
cial, we then address RQ2 by evaluating if an adap-
tive strategy is even better. Table 2 directly com-
pares our full, router-enabled SYNTHFIX against
the high-performing fixed-ratio hybrid. The re-
sults clearly demonstrate that the adaptive Router
Model provides an additional, significant perfor-
mance boost across nearly all configurations, con-
firming that dynamically allocating each batch to
its optimal training strategy is the most effective
approach.

Beyond final accuracy, the adaptive router also
improves training efficiency. As shown in Figure 2,
the version of SYNTHFIX with the router not only
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Table 1: Performance comparison of SFT-only, RFT-only, and our non-adaptive, fixed-ratio hybrid framework
(SYNTHFIX). The results demonstrate the superiority of the hybrid approach, as it consistently achieves the highest
scores (shown in bold) across all models and datasets. All methods were trained for 10 epochs.

Model Training Method
FixJS (JavaScript) CodeFlaws (C)

CodeBLEU (%) CrystalBLEU (%) Exact Match (%) CodeBLEU (%) CrystalBLEU (%) Exact Match (%)

CodeT5
SFT 43.91 9.02 19.86 39.81 4.37 7.19
RFT 44.72 13.23 11.55 40.34 8.67 9.65
SYNTHFIX 47.82 15.12 23.03 44.31 9.17 11.73

CodeGen-350M
SFT 67.44 10.47 29.57 47.28 7.69 15.84
RFT 67.11 15.80 18.39 49.74 16.85 18.34
SYNTHFIX 69.56 17.94 32.59 52.19 17.74 22.98

CodeLLaMA-7B
SFT 76.51 18.32 30.83 55.19 9.93 18.68
RFT 77.36 23.49 23.37 56.10 27.18 31.23
SYNTHFIX 83.71 25.72 40.71 58.07 29.93 33.14

StarCoder2-7B
SFT 77.55 20.15 28.97 57.45 12.25 18.38
RFT 78.79 25.95 20.11 60.37 29.13 30.40
SYNTHFIX 84.83 27.55 39.86 61.20 30.19 32.93

Table 2: Evaluating the effectiveness of the adaptive Router Model (RQ2). Our full SYNTHFIX framework (Router)
is compared against a non-adaptive baseline with a fixed SFT/RFT schedule (Fixed). The results confirm that
dynamically scheduling training via the router provides a significant performance boost, achieving the highest scores
(bolded) in nearly all cases.

Model Training Method
FixJS (JavaScript) CodeFlaws (C)

CodeBLEU (%) CrystalBLEU (%) Exact Match (%) CodeBLEU (%) CrystalBLEU (%) Exact Match (%)

CodeT5
SYNTHFIX (Fixed) 47.82 15.12 23.03 44.31 9.17 11.73
SYNTHFIX (Router) 51.03 16.39 28.20 49.25 11.18 13.28

CodeGen-350M
SYNTHFIX (Fixed) 69.56 17.94 32.59 52.19 17.74 22.98
SYNTHFIX (Router) 75.49 19.33 38.47 60.32 18.39 27.95

CodeLLaMA-7B
SYNTHFIX (Fixed) 83.71 25.72 40.71 58.07 29.93 33.14
SYNTHFIX (Router) 86.94 27.72 42.03 60.28 30.44 35.64

StarCoder2-7B
SYNTHFIX (Fixed) 84.83 27.55 39.86 61.20 30.19 32.93
SYNTHFIX (Router) 87.23 27.82 40.57 61.13 32.91 33.29

reaches a higher peak accuracy but also converges
faster than the fixed-ratio and balanced baselines,
particularly in the later epochs. This demonstrates
the tangible benefits of our adaptive training mech-
anism.
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Figure 2: Exact Match accuracy per epoch on both
datasets. The adaptive SYNTHFIX (Router) converges
faster and achieves higher accuracy than fixed-schedule
baselines.

4.2 RQ3: Generalization Across Defect Types

To answer RQ3, we investigate whether the perfor-
mance gains of SYNTHFIX are consistent across
different kinds of software bugs. We analyzed its
performance by clustering the test data into fine-

grained categories based on both vulnerability type
(using their CWE classification (Christey et al.,
2013)) and the code’s functionality.

4.2.1 Performance by Vulnerability Type
(CWE)

We first analyze performance across the most com-
mon vulnerability types found in the datasets. Ta-
bles 3 and 4 present the detailed performance break-
down for the top CWE categories in FixJS and
CodeFlaws, respectively.

The results show that SYNTHFIX consistently
outperforms both the SFT-only and RFT-only base-
lines across the vast majority of defect categories.
For instance, in the case of CWE-79 (Cross-Site
Scripting), SYNTHFIX achieves a 47.17% Ex-
act Match score, substantially outperforming both
baselines. While a baseline occasionally edges
ahead on an individual metric in niche CodeFlaws
categories (e.g., RFT on CrystalBLEU for CWE-
190 and CWE-77, and SFT on Exact Match for
CWE-20), SYNTHFIX demonstrates far greater
overall robustness and achieves the highest Code-
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BLEU across every CWE category and the highest
Exact Match in the vast majority of them, confirm-
ing its ability to generalize across different vulner-
ability structures.

Table 3: Performance by CWE on the FixJS dataset.
SYNTHFIX consistently achieves the highest scores
(bolded) across all major vulnerability categories.

CWE ID
CodeBLEU (%) CrystalBLEU (%) Exact Match (%)

SFT RFT SYNTHFIX SFT RFT SYNTHFIX SFT RFT SYNTHFIX

CWE-79 76.51 76.46 88.18 21.88 22.17 29.59 33.96 18.87 47.17
CWE-20 83.28 72.01 90.07 25.37 19.52 35.74 31.11 25.64 48.71
CWE-22 78.70 75.64 88.48 19.82 20.90 28.78 32.26 22.58 38.71
CWE-502 68.93 76.25 82.86 9.10 21.33 24.42 24.14 27.59 41.94
CWE-200 74.04 75.32 82.11 17.32 19.12 20.33 26.47 25.00 37.25

Table 4: Performance by CWE on the CodeFlaws
dataset. SYNTHFIX demonstrates robust generaliza-
tion, achieving the best results (bolded) on most metrics
across common C vulnerabilities.

CWE ID
CodeBLEU (%) CrystalBLEU (%) Exact (%)

SFT RFT SYNTHFIX SFT RFT SYNTHFIX SFT RFT SYNTHFIX

CWE-285 41.76 58.72 60.28 6.12 29.16 30.44 14.58 35.42 35.64
CWE-119 61.05 62.10 65.40 16.19 27.11 31.77 21.47 31.09 40.12
CWE-20 63.89 53.44 68.07 23.53 25.31 35.74 51.28 25.64 48.71
CWE-190 60.27 55.67 63.52 12.00 20.05 17.49 28.16 27.53 52.63
CWE-94 52.67 54.27 60.45 8.19 26.50 33.06 0.00 5.00 12.50
CWE-77 51.43 53.88 55.20 7.46 25.37 5.00 0.00 19.47 13.33
CWE-862 48.30 57.19 60.38 15.80 27.95 30.19 23.68 28.95 34.21

4.2.2 Performance by Code Functionality

We also analyze performance across different code
functionalities to ensure our method is not biased
towards a particular programming pattern. Fig-
ure 3 illustrates the Exact Match scores for the
top functionality categories in both datasets. The
charts clearly show SYNTHFIX’s advantage, partic-
ularly in complex areas like Asynchronous Opera-
tions in JavaScript and I/O & Data in C, where it
achieves substantial improvements over both base-
lines. This analysis further confirms that our adap-
tive approach generalizes effectively. The tables
detailing the distribution of these categories are
available in Appendix C.
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Figure 3: Exact Match scores by code functionality.
SYNTHFIX shows consistent and often substantial im-
provements over baselines across diverse categories in
both languages.

4.3 Ablation of Reward Components (RQ4)
Finally, to answer RQ4, we conduct an ablation
study to isolate the individual contribution of each
component within our symbolic reward model. We
evaluate the performance of SYNTHFIX after re-
moving each of the three reward signals (AST,
CFG, and Semgrep) one at a time.

Table 5: Ablation Study of Reward Components in SYN-
THFIX (evaluated via CodeBLEU (CB), CrystalBLEU
(CrB), and Exact Match (EM)).

Method
FixJS (JavaScript) CodeFlaws (C)

CB (%) CrB (%) EM (%) CB (%) CrB (%) EM (%)

CodeGen-350M

All Rewards 75.49 19.33 38.47 60.32 18.39 27.95
Excluding AST 70.10 13.18 33.02 57.77 12.66 23.19
Excluding CFG 71.51 13.24 35.72 57.25 13.90 25.22
Excluding Semgrep 69.43 10.15 31.09 55.12 9.31 20.36

CodeLLaMA-7B

All Rewards 86.94 27.72 42.03 60.28 30.44 35.64
Excluding AST 83.21 22.10 38.04 55.61 27.95 31.82
Excluding CFG 82.87 21.01 39.45 55.75 26.04 33.39
Excluding Semgrep 80.85 18.51 33.00 51.81 20.25 27.09

The results, presented in Table 5, lead to two
clear conclusions. First, removing any single com-
ponent degrades performance across all models and
datasets, confirming that all three signals are nec-
essary to achieve the best results. Second, while
all components are important, the exclusion of the
Semgrep signal consistently causes the most sig-
nificant drop in performance. This finding high-
lights the critical impact of providing direct, seman-
tic feedback on security correctness to the model.
While the AST and CFG signals provide essential
structural and logical guidance, the vulnerability-
specific feedback acts as the strongest driver for the
agent’s repair capabilities. These results validate
our design of the composite reward function, un-
derscoring the effectiveness of combining multiple
symbolic signals for nuanced code repair.

4.4 Qualitative Case Study
To provide a concrete, qualitative understanding
of our model’s capabilities, we examine two repair
scenarios from the FixJS dataset. Figure 4 pro-
vides a visual comparison of the code diffs, and
we present the final, superior patches generated by
SYNTHFIX below for detailed analysis.

Case Study 1: Cross-Site Scripting (CWE-79).
As shown in the left panel of Figure 4, a JavaScript
web server is vulnerable to script injection. The
SFT model applies a naive fix that only strips
<script> tags, while the RFT model applies
escapeHtml(...) but performs no other checks.
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Vulnerable server.js (CWE-79)

const http = require('http');
const url = require('url');
const escapeHtml = require('escape-html');
http.createServer((req, res) => {
    const query = url.parse(req.url, true).query;
    const userInput = query.user || '';
    const responseHtml = `<html><body><div>Your input: ${userInput}</div></body></html>`;
    res.writeHead(200, { 'Content-Type': 'text/html' });
    res.end(responseHtml);
}).listen(3000);

function sumPositive(arr) {
    let total = 0;
    for (let i = 0; i < arr.length; i++) {
        total += arr[i];
    }
    return total;
}
console.log(sumPositive([1, -2, 3, 'hello', 0]));

Static Repaired sumPositive.js

Buggy sumPositive.js (Functionality Error)

Static Repaired server.js

SynthFix Repaired server.js

-  const userInput = query.user || '';
+  let userInput = filter(escapeHtml(limit(query.user || '')));

-  const userInput = query.user || '';
+  let userInput = (query.user || '').replace(/<script>/g, '').replace(/<\/script>/g, '');

Dynamic Repaired server.js Dynamic Repaired sumPositive.js

SynthFix Repaired sumPositive.js

-  const userInput = query.user || '';
+  let userInput = escapeHtml(query.user || '');

- total += arr[i];
+ if(typeof arr[i]==='number' && arr[i]>0 && Number.isFinite(arr[i])) total += arr[i];

- total += arr[i];
+ if(typeof arr[i]==='number' && arr[i]>0) total += arr[i];

- total += arr[i];
+ if(typeof arr[i]==='number') total += arr[i];

Figure 4: Comparison of code diffs generated by SFT, RFT, and SYNTHFIX for two representative cases: a
Cross-Site Scripting (XSS) vulnerability and a logical error in an array summation function.

By synthesizing the pattern-matching of SFT with
the semantic awareness learned through RFT, SYN-
THFIX generates a superior, multi-layered defense:

let userInput = filter(
escapeHtml(limit(query.user || ''))

);

This repair is more robust because it composes
three distinct operations: limit(...) to enforce
length, escapeHtml(...) to neutralize dangerous
characters, and filter(...) to apply an allow
list, showcasing a much deeper contextual under-
standing.

Case Study 2: Array Summation Logic Error.
The right panel of Figure 4 shows a function that
incorrectly sums array elements. The SFT model
adds a partial fix (a type check) but still allows
negative numbers. The RFT model produces a
correct but verbose condition that includes a redun-
dant check. SYNTHFIX synthesizes the ideal repair,
which is both correct and concise:

if (typeof arr[i] === 'number' && arr[i] > 0)
total += arr[i];

This succinct condition perfectly enforces the
intended semantics without unnecessary checks,
demonstrating the model’s ability to generate mini-
mal and efficient fixes. These cases illustrate how
SYNTHFIX effectively synthesizes the strengths of
both training paradigms to produce repairs that are
more robust and precise.

5 Discussion

Our results provide strong evidence for the synergy
between supervised and reinforcement learning in
automated program repair. The success of the hy-
brid models suggests that SFT provides an essential
foundation by efficiently learning common, syntac-
tic repair patterns. This effectively "warms up" the
model, allowing the more computationally expen-
sive RFT process to focus its exploration on refin-
ing semantic and logical correctness, rather than
learning basic syntax from scratch. This mirrors
how human developers often apply known solu-
tions to common problems while reserving deep,
iterative debugging for novel or complex bugs.

Furthermore, the superior performance of the
router-enabled SYNTHFIX highlights a key insight:
program repair is not a monolithic task. Some vul-
nerabilities are simple and formulaic, while others
are complex and nuanced. Our adaptive router ef-
fectively learns to distinguish between these cases
based on static code features, acting as a learned
curriculum scheduler. This finding suggests that
future work on training LLMs for complex, multi-
faceted tasks could benefit from similar adaptive
mechanisms that allocate computational resources
more intelligently.

Finally, the success of our composite reward
function reinforces the value of neuro-symbolic
approaches for tasks involving formal languages.
While neural models excel at learning from large-
scale data, our ablation study shows that inject-
ing precise, symbolic feedback, especially domain-
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specific semantic signals from tools like Semgrep,
is the strongest driver of performance. This in-
dicates that the most reliable LLMs for code will
likely be those that can effectively ground their gen-
erative capabilities in the formal, verifiable logic of
compilers and static analysis.

6 Related Work

Our work is situated at the intersection of auto-
mated program repair, neural code generation, and
reinforcement learning. Prior research in this do-
main can be broadly categorized into three main
streams, which we review in this section. We first
discuss neural program repair methods that primar-
ily rely on Supervised Fine-Tuning (SFT). We then
cover the use of Reinforcement Learning (RL) for
code generation and refinement. Finally, we review
traditional symbolic and compiler-informed tech-
niques for program analysis to contextualize our
hybrid, neuro-symbolic approach.

6.1 Neural Program Repair with SFT
Neural network-driven approaches, particularly
those based on large language models, have be-
come a primary focus in automated code repair (Al-
lamanis et al., 2018; Chen et al., 2021; Li et al.,
2024; Bansal et al., 2023; Zhang, 2022; Zhang and
Leach, 2025; Zhang et al., 2025a; Richter et al.,
2022; Feng et al., 2020). The predominant training
method is Supervised Fine-Tuning (SFT), where
models learn to map buggy code to fixed code from
large datasets of examples (Yin and Neubig, 2017;
Hayati et al., 2018; Habib and Pradel, 2019; Li
et al., 2019; Gupta et al., 2019; Allamanis et al.,
2021; Jiang et al., 2023). While these SFT-based
methods are effective at learning common syntactic
patterns, they often lack a deep understanding of
program semantics. This can result in proposed
repairs that are syntactically plausible but function-
ally incorrect or fail to address the underlying vul-
nerability (Berabi et al., 2021; Huang et al., 2023;
Pailoor et al., 2024; Zhang et al., 2022a; Kou et al.,
2024; Ziems and Wu, 2021).

6.2 Reinforcement Learning for Code
To imbue models with a deeper semantic under-
standing, some research has turned to Reward Fine-
Tuning (RFT) using reinforcement learning. This
paradigm allows models to learn from dynamic
feedback mechanisms, such as passing unit tests
or security checks, which is crucial for addressing
complex vulnerabilities (Le et al., 2022; Shojaee

et al., 2023; Fang et al., 2025). Proximal Policy
Optimization (PPO) is a common algorithm used
for this iterative refinement (Schulman et al., 2017),
and more recent work couples such refinement with
multi-step symbolic verification signals (Zhang
et al., 2025b). A significant challenge for these
methods, however, is their high computational cost
and slow convergence, which can limit their prac-
tical application in large-scale code repair scenar-
ios (Huang et al., 2023; Shi et al., 2023).

6.3 Symbolic and Compiler-Informed
Analysis

A separate line of research has long utilized tradi-
tional compiler techniques for code repair. These
methods leverage symbolic intermediate represen-
tations like Abstract Syntax Trees (ASTs) and Con-
trol Flow Graphs (CFGs) to gain precise structural
and semantic insights into the code (Shi et al., 2020;
Wu et al., 2022; Jiang et al., 2018; Klieber et al.,
2021; Mandal et al., 2018; Wang et al., 2021a).
While powerful, these approaches often depend
on predefined heuristics or manually crafted repair
templates. This reliance on fixed rules can make
them less flexible and scalable when faced with the
diverse and evolving nature of real-world software
vulnerabilities (Zhang et al., 2022b).

Our work is positioned at the intersection of
these three areas. While prior research has largely
treated them as separate domains, we introduce
a unified framework that adaptively leverages the
pattern-matching strengths of SFT, the deep feed-
back of RFT, and the formal rigor of symbolic
analysis.

7 Conclusion and Future Work

We introduced SYNTHFIX, a hybrid neuro-
symbolic framework that improves automated vul-
nerability repair by adaptively scheduling SFT and
RFT via a neural router and symbolic reward model,
significantly outperforming standard baselines in
both repair accuracy and training efficiency. Our
results indicate that treating each batch as a routing
decision, rather than committing to a single learn-
ing paradigm, lets compiler-informed rewards pro-
vide grounding that purely neural objectives lack.
Natural next steps include incorporating richer
feedback such as dynamic execution traces, im-
proving scalability to large industrial codebases,
and extending cross-lingual transfer from C and
JavaScript to languages like Python.
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Limitations

A primary limitation of our current approach is its
reliance on static code features (e.g., AST com-
plexity, CFG depth) for the Router Model. These
features, while effective, do not capture dynamic
runtime behavior, which could provide a richer sig-
nal for routing complex repairs that involve subtle
execution logic. Additionally, our evaluation is
conducted on established academic benchmarks.
While standard for this type of research, these
benchmarks may not fully represent the scale and
intricate dependencies of large, industrial-grade
software systems. Therefore, the performance of
SYNTHFIX in such complex environments remains
an open question for future validation.

Ethical Considerations

While the goal of SYNTHFIX is to improve soft-
ware security, we acknowledge the potential risks
associated with any automated program repair tool.
A primary risk is inducing a false sense of security,
where developers might over-rely on the system
and reduce manual code audits. Our tool is not
guaranteed to produce a perfect fix in all cases;
a generated patch could be incomplete or intro-
duce subtle runtime errors. Therefore, SYNTHFIX

is intended to be used as an assistive tool to aug-
ment developer expertise, not to replace critical
human oversight in the software security lifecycle.
We advocate for its use in workflows that include
mandatory testing and human review of all gener-
ated patches before deployment.

Use of AI Assistants. The authors used AI assis-
tants (LLMs) for minor editorial assistance, includ-
ing language polishing and LaTeX formatting. All
research ideation, experimental design, implemen-
tation, analysis, and claims are the authors’ own.
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A Technical Background for SYNTHFIX

This appendix provides technical details on the
foundational methodologies adapted in SYNTHFIX.
We briefly explain Supervised Fine-Tuning (SFT),
Reward Fine-Tuning (RFT), and the compiler-
informed code representations that are central to
our framework’s adaptive training and symbolic
reward model.

A.1 Supervised Fine-Tuning (SFT)

Supervised Fine-Tuning is a standard technique
for adapting pre-trained models to specific tasks.
Given a dataset of buggy code snippets xi and
their corresponding ground-truth fixes yi, SFT op-
timizes the model’s parameters θ by minimizing
the negative log-likelihood of the target sequences:
LSFT(θ) = −

∑
i logPθ(yi | xi).
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In SYNTHFIX, SFT serves as the efficient train-
ing pathway for learning common, syntactic re-
pair patterns. The Router Model directs less com-
plex code samples to this path, allowing the Repair
Agent to quickly learn from direct examples.

A.2 Reward Fine-Tuning (RFT)
Reward Fine-Tuning uses reinforcement learning
to optimize a model based on feedback from a re-
ward function, which is particularly useful when a
ground-truth output is not available or when opti-
mizing for complex criteria beyond surface-level
similarity. We instantiate RFT using Proximal
Policy Optimization (PPO), which maximizes a
clipped surrogate objective function: LRFT(θ) =
Et[min(rt(θ)Ât, clip(rt(θ), 1−ϵ, 1+ϵ)Ât)]. Here,
rt(θ) is the ratio of probabilities between the cur-
rent and old policies, and Ât is the advantage esti-
mate.

In SYNTHFIX, RFT is the feedback-driven
pathway for tackling semantically complex vul-
nerabilities. It allows the Repair Agent to itera-
tively refine its patches by learning from our dense,
multi-faceted symbolic reward signal, enabling it to
find functionally correct solutions that SFT might
miss.

A.3 Symbolic Representations for Reward
and Routing

Our framework integrates symbolic reasoning by
leveraging compiler-informed code representations,
primarily Abstract Syntax Trees (ASTs) and Con-
trol Flow Graphs (CFGs).

An Abstract Syntax Tree (AST) represents the
hierarchical syntactic structure of code. A Control
Flow Graph (CFG) models the program’s execu-
tion paths, with nodes representing basic blocks
of code and edges representing control flow transi-
tions.

These representations serve a dual purpose in
SYNTHFIX:

1. For Adaptive Routing: Compiler-derived
metrics like AST complexity and CFG depth
are extracted from each batch to form the fea-
ture vector fB used by our Router Model to
decide between the SFT and RFT pathways.

2. For Reward Modeling: They form the ba-
sis of our symbolic reward function used dur-
ing RFT. We assess a candidate patch ŷ by
combining three signals into a composite re-
ward: r(ŷ) = λASTrAST(ŷ) + λCFGrCFG(ŷ) +

λSemgreprSemgrep(ŷ). Each component pro-
vides distinct feedback: rAST measures syntac-
tic correctness, rCFG assesses logical fidelity,
and rSemgrep uses a static analysis tool to verify
that the security vulnerability has been elimi-
nated. Detailed implementation is provided in
our open-source codebase.

B Detailed Experimental Setup

This section provides a detailed overview of the
model architectures, training hyperparameters, and
reward function implementations used to evaluate
SYNTHFIX, supplementing the information in our
Experimental Design section.

B.1 Model Architectures
Our framework consists of three main neural com-
ponents: the Repair Agent, the Router Model, and
a Critic Model used during reward calculation.

Repair Agent For our experiments
with CodeLLaMA, we used the
codellama/CodeLlama-7b-hf model,
loaded with 4-bit quantization to manage
memory resources. We employed a partial
fine-tuning strategy, where only the final
four transformer layers (28-31) and the lan-
guage model head (lm_head) were unfrozen
for training. All other model parameters
remained frozen.

Router Model The Router Model is a lightweight
Multi-Layer Perceptron (MLP) designed to
predict the optimal training strategy. It con-
sists of an input layer that consumes the
compiler-derived feature vector f̃B described
in Section 2 (so its input dimensionality is
dictated by the set of features chosen at in-
stantiation), two hidden layers with 64 units
each using ReLU activation, and a final output
neuron with a Sigmoid activation to produce
a probability for selecting the RFT pathway.

Critic Model A Critic Model is trained to estimate
the value function for the PPO algorithm. It is
also an MLP, with an input dimension of 512,
two hidden layers of 256 units with ReLU
activation, and a single linear output neuron
to predict the scalar state-value.

B.2 Training Hyperparameters
All models were trained using the hyperparame-
ters listed below. The tokenizer was initialized
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from codellama/CodeLlama-7b-hf with left-side
padding.

Global Training We trained for a total of 10
epochs with a batch size of 16.

Repair Agent (Actor) The agent’s trainable pa-
rameters were optimized using the AdamW
optimizer with a learning rate of 5 × 10−5.
A StepLR scheduler was used to decay the
learning rate with a gamma of 0.95 at the end
of each epoch.

Router Model (Controller) The router was opti-
mized separately using the Adam optimizer
with a learning rate of 1× 10−3.

PPO Configuration For RFT steps, we used a
PPO clipping parameter ϵ of 0.2. We also
implemented a custom heuristic to limit the
number of PPO-trained batches to a maximum
of three per epoch to balance its computational
cost.

B.3 Reward Function Implementation

Our composite reward signal r(ŷ) is calculated
procedurally from multiple symbolic sources.

rSemgrep This component is derived from a code
quality score calculated using the Semgrep
static analysis tool with a custom YAML rule-
set. A patch starts with a maximum score of
100, with points deducted for specific vulner-
ability patterns (e.g., -10 for ‘find_eval‘) or a
large penalty for code that fails to parse.

rCFG This reward is based on the structural simi-
larity of Control Flow Graphs. The CFGs for
the generated and target code are extracted us-
ing a custom Node.js script. The final score
is a composite metric calculated from node
similarity, edge similarity (based on operation
type), path similarity, and the total structural
difference (new, removed nodes and edges).

C Dataset Distribution for RQ3 Analysis

This section provides supplementary details on the
composition of the test sets used for the generaliza-
tion analysis in RQ3. The following tables show
the distribution of the most common vulnerability
types (CWE) and code functionalities in the FixJS
and CodeFlaws datasets, which were the basis for
the analysis in the main paper.

C.1 Vulnerability Type (CWE) Distribution

Tables 6 and 7 list the most frequent CWEs in the
FixJS and CodeFlaws test sets, respectively.

Table 6: Top Defect Categories in the FixJS Evaluation
Dataset

CWE ID CWE Name Percentage (%)

CWE-79 Cross-Site Scripting (XSS) 13.25
CWE-20 Improper Input Validation 11.25
CWE-22 Path Traversal 7.75
CWE-502 Deserialization of Untrusted Data 7.25
CWE-200 Information Exposure 5.75

Table 7: Top Defect Categories in the CodeFlaws Eval-
uation Dataset

CWE ID CWE Name %

CWE-285 Improper Access Control 12.00
CWE-119 Buffer Overflow 10.00
CWE-20 Improper Input Validation 9.75
CWE-190 Integer Overflow 5.75
CWE-94 Code Injection 4.50
CWE-77 Command Injection 4.25
CWE-862 Missing Authorization 2.25

C.2 Code Functionality Distribution

Tables 8 and 9 list the most frequent code func-
tionalities in the FixJS and CodeFlaws test sets,
respectively.

D Router Model Training Details

The Router Model is trained concurrently with the
Repair Agent, acting as a controller that learns
an optimal scheduling policy. We frame this as a
simple reinforcement learning problem where the
router is an agent that takes an action (choosing
SFT or RFT) and receives a reward based on the
outcome of that action on the main Repair Agent’s
performance.

The router’s parameters are optimized using a
policy gradient objective. For each batch, the router
outputs a probability p for its chosen action (e.g.,
the probability of choosing RFT). The loss is then
calculated as:

LRouter = − log(p)×Rfeedback

The feedback reward, Rfeedback, is designed to en-
courage routing decisions that lead to better perfor-
mance for the main Repair Agent. It is calculated
as the difference between a moving-average base-
line loss of the Repair Agent and the actual loss
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Table 8: Top Functionality Categories in the FixJS
Dataset

Functionality Cate-
gory

Description %

Network & API Com-
munication

Handles HTTP requests, AJAX
calls, and external API integra-
tion.

17.5

Data & Object Manip-
ulation

Processes and transforms arrays,
objects, and JSON data.

12.8

DOM Manipulation
& Event Handling

Interacts with the DOM, handling
user events like clicks and form
submissions.

7.3

Asynchronous Opera-
tions & Callbacks

Manages asynchronous tasks us-
ing callbacks, promises, and
async/await.

5.0

Utility & Error Han-
dling Functions

Includes helper routines, logging,
and robust error-handling mecha-
nisms.

3.3

Table 9: Top Functionality Categories in the CodeFlaws
Dataset

Functionality Category Description %

Mathematical Computa-
tions

Arithmetic operations, statistical
calculations, geometry, and nu-
merical analyses.

30.5

System & Memory Man-
agement

Memory allocation, file manage-
ment, threading, networking, and
low-level operations.

12.5

String Manipulation &
Processing

Concatenation, searching, split-
ting, replacing, and formatting
strings.

7.8

Input/Output & Data
Parsing

Reading from input sources, pars-
ing data (CSV, JSON, XML), out-
put to files or console.

6.8

Data Structures & Algo-
rithms

Implementations of data struc-
tures (lists, trees, graphs) and al-
gorithms (sorting, searching).

1.8

achieved on the current batch. To ensure a fair com-
parison, the SFT and RFT losses are normalized to
the same scale before being used to compute this
reward. This process incentivizes the router to send
each batch to the pathway that is expected to yield
the greatest reduction in the Repair Agent’s loss,
thereby learning an efficient, data-driven training
curriculum.
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