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Abstract
Detecting machine-generated code is crucial
for maintaining software security, quality and
academic integrity. Traditional approaches of-
ten rely on stylistic or statistical features, which
are increasingly circumvented by advanced
code generation models. This paper introduces
a novel approach leveraging Graph Neural Net-
works (GNNs) to capture the structural charac-
teristics of code, specifically modeling source
snippets as Abstract Syntax Trees (ASTs). To
enhance semantic comprehension, we integrate
pre-trained CodeBERT embeddings into the
architecture, creating a hybrid model that in-
corporates structural and semantic information.
We evaluate our approach on SemEval-2026
Task 13, covering binary detection, multi-class
authorship attribution, and hybrid code classifi-
cation. Experimental results demonstrate that
our GNN-based structural analysis outperforms
standalone stylistic and transformer-based base-
lines across all subtasks, particularly in multi-
class and adversarial settings. This work high-
lights the potential of GNNs for a more struc-
tural understanding of code authorship.

1 Introduction

Detecting machine-generated code is becoming cru-
cial for maintaining the security, reliability, and
overall quality of modern software systems. As
software development increasingly integrates large
language models and other automated tools, the vol-
ume of code produced by these systems is rapidly
growing. While offering significant productivity
gains, this trend introduces new challenges related
to code integrity and appropriate attribution. The
ability of Large Language Models (LLMs) like
GPT4 (OpenAI et al., 2024) or Gemini 2.5 (Co-
manici et al., 2025) to solve problems supported
by the agentic systems (Wang et al., 2024) allows
students to increasingly leverage these tools to as-
sist with programming assignments and projects,

*These authors contributed equally as first authors.

raising concerns about academic integrity and the
development of fundamental coding skills. While
LLMs can be valuable learning aids when used re-
sponsibly, undetected use of generated code under-
mines the assessment of a student’s understanding
and ability to independently solve problems (Pu-
dasaini et al., 2024). Accurately identifying code
generated by these models is therefore essential
for ensuring fair evaluation and fostering genuine
learning.

Existing approaches to code authorship detection
can be broadly categorized into stylistic analysis
and embedding-based methods. Stylistic analysis
focuses on identifying differences in coding con-
ventions, variable naming, and code formatting.
While effective against simpler generators, these
methods are easily bypassed by models designed
to mimic human style. LLM and embedding-based
methods, such as those utilizing CodeBERT (Feng
et al., 2020) or similar pre-trained language mod-
els, aim to capture semantic representations of code
snippets. However, these approaches often struggle
to fully capture the underlying structural complexi-
ties of code. Furthermore, they frequently require
large amounts of training data, particularly for spe-
cialized programming languages or domains.

This paper introduces a novel approach to detect-
ing machine-generated code leveraging the power
of Graph Neural Networks (GNNs). Rather than
focusing on surface-level features or purely seman-
tic embeddings, we propose representing code as
an abstract syntax tree (AST). An AST captures the
intricate relationships between code elements (vari-
ables, functions, classes), providing a richer and
more structural representation of the code’s logic.
By modeling code in this manner, our approach
aims to capture subtle yet crucial differences in the
underlying program structure that distinguish be-
tween human-written and machine-generated code.
Additionally, we propose a hybrid model, which
combines syntactic information represented as AST
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and semantic output produced by CodeBERT. We
hypothesize that this hybrid approach will yield
improved results, as it can effectively leverage het-
erogeneous information from both representations.

We demonstrate that our Hybrid GNN-
CodeBERT classifier significantly outperforms
both traditional stylistic methods and state-of-
the-art embedding-based techniques on a range
of benchmark datasets. Our experiments show
improved accuracy in identifying code produced
by various LLMs and in various task settings:

• Binary Machine-Generated Code Detection
– Given a code snippet, predict whether it is
(i) fully human-written or (ii) fully machine-
generated.

• Multi-Class Authorship Detection – Given a
code snippet, predict its author: (i) human, or
(ii-xi) one of 10 LLM families: DeepSeek-AI,
Qwen, 01-ai, BigCode, Gemma, Phi, Meta-
LLaMA, IBM-Granite, Mistral, or OpenAI.

• Hybrid Code Detection – Classify each code
snippet as one of: (i) human-written, (ii)
machine-generated, (iii) hybrid – partially
written or completed by an LLM, or (iv) ad-
versarial – generated via adversarial prompts
or RLHF to mimic humans.

This work highlights the potential of GNNs for
achieving a deeper, more semantic understanding
of code authorship and contributes to the grow-
ing body of research on trustworthy and secure
software development, as well as tools for promot-
ing academic integrity. Implementation of the pro-
posed methods is available via a public repository1.

2 Background

The SemEval-2026 Task 13 dataset is designed to
benchmark the ability of systems to detect machine-
generated code, focusing on generalization across
diverse programming languages, code generation
models, and application contexts (Orel et al., 2026).
The dataset comprises three interconnected sub-
tasks, each with a unique goal and evaluation setup.
Data is released via Kaggle, HuggingFace Datasets,
and as .parquet files within the GitHub repository
(SemEval, 2026). Each subtask’s dataset includes

1https://github.com/Dawid64/Semeval-machine-
generated-code-detection

the code snippet, a label (represented as an inte-
ger ID), and associated metadata detailing the pro-
gramming language and the generator used (where
applicable).

Subtask A: Binary Machine-Generated Code
Detection. This subtask challenges participants
to classify code snippets as either fully human-
written or fully machine-generated. The training
data is limited to C++, Python, and Java code snip-
pets sourced from the algorithmic domain (e.g.,
problems similar to those found on LeetCode). The
test set contains: (i) seen languages & seen do-
mains, (ii) unseen languages & seen domains (us-
ing Go, PHP, C#, C, and JavaScript), (iii) seen
languages & unseen domains (research and produc-
tion code), and (iv) unseen languages & unseen
domains. The training set contains 500,000 sam-
ples (238,000 human-written and 262,000 machine-
generated), with a separate 100,000-sample valida-
tion set.

Subtask B: Multi-Class Authorship Detection.
This subtask expands on binary detection by requir-
ing participants to identify the author of a given
code snippet. Possible authors include Human
and one of ten specific LLM families: DeepSeek-
AI, Qwen, 01-ai, BigCode, Gemma, Phi, Meta-
LLaMA, IBM-Granite, Mistral, and OpenAI. The
test set focuses on the system’s ability to gener-
alize to seen and unseen authors (within known
LLM families). The training set consists of 500,000
samples, with varying distributions across authors
(ranging from 2,000 samples for BigCode and
Gemma to 10,000 for OpenAI and 442,000 for
human-written code). A 100,000-sample valida-
tion set is provided.

Subtask C: Hybrid Code Detection. This most
complex subtask requires classifying code snip-
pets into one of four categories: Human-written,
Machine-generated, Hybrid (partially written or
completed by an LLM), and Adversarial (generated
with prompts or RLHF designed to mimic human
writing). The training set comprises 900,000 sam-
ples (485,000 human-written, 210,000 machine-
generated, 85,000 hybrid, and 118,000 adversarial)
and a 200,000-sample validation set.

2.1 Related Work

Detecting code generated by Large Language Mod-
els (LLMs) is a rapidly evolving field, spurred by
the increasing accessibility and sophistication of
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these tools. Existing research primarily focuses
on leveraging stylistic features, structural analysis,
or LLM-based code embeddings to distinguish be-
tween human-written and machine-generated code.
This section surveys relevant work, highlighting
the strengths and limitations of current approaches
and contextualizing our contribution.

Stylometric and Structural Indicators Initial
detection strategies frequently employed stylomet-
ric analysis, scrutinizing metrics such as variable
naming schemes, indentation styles, and code com-
plexity (Ramos, 2003). While effective against
early generation models, these methods are vulner-
able to evasion by LLMs fine-tuned to replicate
human coding conventions. More recent investi-
gations, such as (Park et al., 2025), suggest that
structural attributes – including function length,
nesting depth, and indentation patterns – remain
statistically significant even when superficial style
is mimicked. These findings indicate that while
explicit stylistic features can be obscured, deeper
syntactic structures captured by Abstract Syntax
Trees (ASTs) may offer more robust signals for
detection.

Learning-Based Detection Strategies Contem-
porary methods increasingly rely on pre-trained
models to learn distinguishing representations.
Zero-shot detection techniques operate without
task-specific fine-tuning, often analyzing token-
level statistics such as perplexity or entropy to flag
AI output (Gehrmann et al., 2019; Lavergne et al.,
2008). (Ye et al., 2024; Xu and Sheng, 2025) take
a different approach, comparing original code to
versions rewritten by an LLM. (Shi et al., 2024)
suggests that LLMs are more capable of detect-
ing code generated by themselves than by other
models. Embedding-based methods utilize mod-
els like T5 (Raffel et al., 2023; Suh et al., 2024)
to project code into high-dimensional semantic
spaces, which are subsequently classified by sim-
ple architectures like Multi-Layer Perceptrons. De-
tectLLM (Su et al., 2023), used T5 model with a
normalized perturbed log-rank (NPR) as zero-shot
signals. Fine-tuning approaches adapt transformer
models directly to the detection task. For exam-
ple, GPTSniffer (Nguyen et al., 2023) fine-tunes
CodeBERT for binary classification. Other works
employ contrastive learning, training models like
UniXcoder (Guo et al., 2022a) on positive and neg-
ative function pairs to maximize class separation
(Xu et al., 2024).

Graph-Based Structural Analysis While trans-
former models capture semantics, they often over-
look explicit structural relationships. (Guo et al.,
2022b) proposed using ASTs with Graph Neural
Networks (GNNs) for human code authorship attri-
bution. Although their methodology aligns closely
with our use of structural data, it is constrained to
Python code and relies on datasets containing only
human-written samples with limited author diver-
sity (at most 30 samples per author). In contrast,
our work extends graph-based structural analysis to
the domain of AI-generated code detection, utiliz-
ing mixed authorship datasets and supporting mul-
tiple programming languages. Moreover, unlike
their purely graph-based approach, we introduce
a hybrid architecture that integrates GNNs with
semantic embeddings (CodeBERT), thereby lever-
aging both structural and semantic information for
improved robustness.

3 Experimental Setup

This section details the models employed for
machine-generated code detection, including base-
line approaches and our proposed architectures.

3.1 Baselines

We establish two baseline models to serve as ref-
erence points for evaluating our proposed archi-
tectures. These baselines represent the primary
methodological categories in existing detection ap-
proaches.

CodeBERT Baseline We train a baseline using
CodeBERT, a pre-trained transformer model for
code understanding. We fine-tune CodeBERT for
binary classification by attaching a classification
head to the embedding of the first token of the
input code sequence, using code provided by the
SemEval Task 13 organizers.

Morphology AST-Based Baseline As a sec-
ond baseline, we leverage Abstract Syntax Trees
(ASTs) generated using Tree-sitter. We parse code
into ASTs and extract four node types: variable,
function, class, and other. For each node type, we
quantify the occurrence of eight naming conven-
tions – screaming snake case, snake case, kebab
case, camel case, pascal case, upper case, lower
case, and other – resulting in a total of 32 fea-
tures per AST. We also include the total number
of identifiers and counts for each naming conven-
tion, expanding the feature space to 41 dimensions.
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These features are then used as input to a simple
Multi-Layer Perceptron (MLP) classifier.

3.2 Our Models

We propose three architectures that combine com-
plementary representations of code. Our models
integrate structural graph-based approaches with se-
mantic transformer-based methods to leverage both
syntactic and semantic information for improved
detection performance.

Graph Neural Network (GNN) Our first pro-
posed model utilizes Graph Neural Networks to
capture structural information from the AST. We
preprocess the code using Tree-sitter and extract
five node features: type_id, depth, num_children,
is_named, and length. The type identifier feature
(type_id) is embedded into a 32-dimensional vector
and concatenated with the other node features to
form the input to our GNN.

The GNN comprises two Residual Gated Graph
Convolution layers each followed by a ReLU acti-
vation function, with an intermediate Dropout layer
to mitigate overfitting. To aggregate information
from across the entire AST, we apply max pooling
to the node embeddings from the final GNN layer
and pass the aggregated embedding to a classifica-
tion MLP head.

Hybrid GNN-CodeBERT Model To combine
the strengths of both structural and semantic infor-
mation, we developed a hybrid model. This model
integrates the GNN described above with the Code-
BERT baseline. We concatenate the max-pooled
GNN embedding from the final layer with the em-
bedding of the first token from the final layer of
CodeBERT. The resulting combined embedding is
then fed into a classification MLP head.

Morphology-Augmented Hybrid Model Fi-
nally, we further enhance the hybrid model by in-
corporating morphological information about nam-
ing conventions. We add the 41-dimensional em-
bedding generated by the Morphology AST-based
baseline (described in the Section 3.1), encoded
with an MLP, to the final embedding constructed
from the GNN and CodeBERT models. This aug-
mented embedding is then used for classification
via a final MLP head. This approach aims to cap-
ture subtle stylistic cues that may distinguish be-
tween human- and machine-generated code.

4 Results

We evaluated all models on the validation set using
both accuracy and macro-averaged F1-score (F1-
macro) as the primary performance metrics. We
focus on F1-macro as the primary metric due to
the imbalanced nature of the dataset across the
subtasks. Results are presented in Table 1, detailing
the performance of each model across the three
subtasks of SemEval-2026 Task 13.

Baseline Performance The AST-based feature
baseline demonstrated surprisingly strong perfor-
mance, particularly on Subtask A (Binary Machine-
Generated Code Detection) and Subtask C (Hybrid
Code Detection). These results significantly ex-
ceeded random performance, suggesting that LLM-
generated code exhibits consistent naming conven-
tions distinguishable from those employed by hu-
man developers.

CodeBERT achieved an F1-macro of 0.98 on
Subtask A and yielded solid results on Subtask
C. However, it struggled to generalize effectively
on Subtask B (Multi-Class Authorship Detection),
where the performance gap between classes was
more pronounced.

Proposed Models Our initial Graph Neural Net-
work (GNN) model achieved slightly better results
than CodeBERT on Subtasks A and C, while ex-
hibiting slightly lower performance on Subtask B.
Notably, the GNN model contains approximately
ten times fewer parameters than CodeBERT and
was trained from scratch, without leveraging pre-
training on extensive code corpora. This highlights
its efficiency and potential for learning from limited
data.

The Hybrid GNN-CodeBERT model consis-
tently improved performance across all three sub-
tasks, achieving near-perfect F1-scores on Subtask
A and surpassing the CodeBERT baseline by 0.07
and 0.13 F1-score on Subtasks B and C respec-
tively. These results underscore the importance
of integrating structural (AST-based) and seman-
tic (CodeBERT) information for improved code
detection accuracy.

The Morphology-Augmented Hybrid Model
yielded slightly improved F1-macro on Subtask
B, while maintaining equal performance on Sub-
tasks A and C. This suggests that while morpho-
logical information can provide a marginal benefit,
CodeBERT may already be capable of effectively
encoding such features during its pre-training pro-
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Models Task A Task B Task C

Accuracy Macro F1 Accuracy Macro F1 Accuracy Macro F1

CodeBERT 0.9861 0.9860 0.9108 0.3161 0.7965 0.6784
Morphology AST-Based 0.7933 0.7931 0.461 0.1203 0.5541 0.4755
GNN 0.9881 0.9881 0.8670 0.3109 0.7870 0.7014
Hybrid GNN 0.9949 0.9949 0.8647 0.3843 0.8702 0.8098
Morphology-Augmented Hybrid GNN 0.9949 0.9949 0.8605 0.3937 0.8693 0.8082

Table 1: Results for evaluation on validation datasets for all 3 tasks.

cess.

5 Conclusion

This study demonstrates the feasibility of leverag-
ing both structural and semantic information for
accurate detection of machine-generated code. Our
results indicate that simple features derived from
Abstract Syntax Trees (ASTs), such as naming con-
ventions, can provide strong signals for distinguish-
ing between human- and machine-authored code,
particularly in binary and hybrid detection scenar-
ios. While pre-trained language models like Code-
BERT offer strong performance, especially on tasks
focused on code understanding, their effectiveness
can be further enhanced by integrating structural
representations through Graph Neural Networks.

The Hybrid GNN-CodeBERT model consis-
tently outperformed all other approaches, achiev-
ing near-perfect accuracy on the binary detection
task and significant improvements on multi-class
authorship identification and hybrid code classi-
fication. This highlights the synergistic benefits
of combining the code-understanding capabilities
of transformer-based models with the structural
awareness of GNNs. The marginal gains observed
with the addition of explicit morphological features
suggest that CodeBERT already captures a sub-
stantial degree of stylistic information within its
embeddings.

These findings have implications for various ap-
plications, including detection of LLM-generated
projects in education and code security analysis,
ultimately contributing to a broader understanding
of authorship, authenticity, and potential vulnera-
bilities within the expanding landscape of software
development and increasingly automated coding
practices.

6 Limitations

A primary limitation of our approach is that it is
not language-agnostic. When trained on corpora
containing code written in specific programming

languages, the classifier inevitably learns language-
specific features and structural patterns. As a result,
the model does not generalize in a zero-shot set-
ting to unseen programming languages and would
require retraining or adaptation.

This limitation could be partially mitigated by ex-
plicitly incorporating programming language infor-
mation as an input feature or by training language-
specific variants of the model. However, the Se-
mEval test set exhibits substantial data drift, par-
ticularly in terms of language distribution, which
makes direct generalization challenging. For this
reason, we report results on the official validation
set, where the data characteristics are controlled
and consistent with the training setup.

While this restricts direct comparability on the
hidden test set, we believe the proposed modeling
strategy and analysis remain relevant beyond the
context of the workshop task.
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