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Abstract

The generation of source code via Artificial
Intelligence has become a prevalent practice
in both academia and industry, posing signifi-
cant challenges to academic integrity and au-
thorship attribution. In this work, we address
SemEval-2026 Task 13: Detecting Machine-
Generated Code by evaluating the effectiveness
of four distinct methodologies: Graph Neural
Networks (GNNs), Pre-trained Language Mod-
els (PLMs), Large Language Models (LLMs),
and Stylometric Feature Engineering using XG-
Boost. Our approach focuses on three specific
scenarios: Subtask A (Binary Detection), Sub-
task B (Multi-Class Authorship), and Subtask
C (Hybrid Code Detection). While our models
achieved high performance during the valida-
tion phase, the transition to the final test set
revealed substantial challenges in generaliza-
tion, likely due to the increased diversity of
programming languages and generators in the
unseen data. This work serves as a foundational
first step, identifying critical gaps in model ro-
bustness and highlighting the need for more
sophisticated methodologies to bridge the per-
formance gap in complex, real-world environ-
ments.

1 Introduction

Nowadays, LLMs can create robust scripts, which
are useful for speeding up coding production
(Endla et al., 2025). They are doing so well that it
is a big challenge to distinguish them from those
made by humans, and we need a system to achieve
authorship classification (Pan et al., 2024).

For this reason, we tackle SemEval-2026 Task 13
(Orel et al., 2026): Detecting Machine-Generated
Code with Multiple Programming Languages, Gen-
erators, and Application Scenarios, which consists
of three subtasks, A: Binary Machine-Generated

Code Detection, B: Multi-Class Authorship Detec-
tion, and C: Hybrid Code Detection.

We evaluated four main approaches: 1) Graph
Neural Networks (GNNs), 2) Pretrained Lan-
guage Models (PLMs), 3) Large Language Models
(LLMs), and 4) Stylometric Features. With the
GNN approach, we leverage structural information
from the code co-occurrence graphs; for the stylo-
metric approach we used a XGBoost ensemble with
fixed stylometric features; in the PLMs approach,
we integrate a Domain Adversarial Neural Network
(DANN) with the CodeBERT model (Feng et al.,
2020), which incorporates two new independent
classification heads; and finally in the LLM ap-
proach, we ask for Command A (Team et al., 2025)
to classify each code, adding to each prompt 2 ex-
amples of how to perform the classification'.

2 Related Work

Graph Neural Networks have become an increas-
ingly used technique in text analysis for classifi-
cation in document clustering, sentiment analysis,
and semantic similarity, among other classic NLP
tasks, as detailed in the survey by Wu et al. (2023).
In this context, Abstract Syntax Trees (AST) are a
useful tool for representing code as graphs, as done
by code2vec, explained by Alon et al. (2019), since,
unlike text in NLP, code presents hierarchical struc-
tures that are better captured using this structure. It
is also worth mentioning the previous work carried
out by our institution in the analysis of languages of
the Iberian Peninsula at IberAuTexTification 2024
for stylometric analysis using Graph Neural Net-
works proposed by Valdez-Valenzuela et al. (2025),
which was a starting point for this work. These
approaches are important because PLMs such as
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CodeBERT (Feng et al., 2020) tend to ignore the
logical hierarchy inherent to source code, regard-
less of the language; being based on the transformer
architecture, CodeBERT captures semantic depen-
dencies in the code, which allows for a different
perspective compared to the syntactic analysis of
ASTs.

Another approach that has addressed this prob-
lem is feature extraction for training classical Ma-
chine Learning models, specifically focusing on
XGBoost ensemble models. As shown in the work
of (Shi et al., 2025), certain features, such as lexical
diversity (measured through line counts, number
of unique tokens, and vocabulary, among others),
as well as feature extraction aided by AST, are uti-
lized. With this, we compare the results against
those obtained with PLMs and GNNs.

Our approach consists of comparing the results
obtained from classifying the code snippets using
the different techniques described in this section.

3 Dataset

In this task, the organizers provided a dataset de-
rived from enriched data from our previous work
(Orel et al., 2025b) (Orel et al., 2025a). For each
subtask, three subsets, training, validation, and test,
compose the dataset; the training instances ranged
from 500,000 to 900,000. All datasets consist of
four columns:

* code - program code.

» generator - the model which generated the
code (or ’human’ if it is human-written).

* language - programming language of the code.

* label - A numerical value which represents
the class, i.e., the author of the code (classes
are different between tasks).

The following labels are presented for each task:

» Task A: Binary classification problem. Two
labels, O (human) and 1 (AI).

» Task B: Multiclass classification problem.
Eleven labels: 0 (human), 1 (DeepSeek-Al),
2 (Qwen), 3 (01-ai), 4 (Bigcode), 5 (Gemma),
6 (Phi), 7 (meta-LLaMA), 8 (IBM-granite), 9
(Mistral), and 10 (OpenAl).

* Task C: Multiclass classification problem.
Four labels, 0 (human), 1 (AI), 2 (Hybrid),
3 (Adversarial)

Depending on the task, the codes are written
in up to 8 programming languages: Python, Java,
JavaScript, C#, C++, Go, PHP, and C. A common
pattern is that the majority of the codes in both the
training data and the test data are in Python and
Java. Also, the LLM authors come from the same
LLM families mentioned in the previous paragraph.
e.g., GPT-40 and GPT-40-mini are unique authors
derived from the same LLM family.

Counting all kinds of characters (including white
spaces), the code length is, in general, around 1,250
characters, also counting that a lot of them have
comments, the actual coding is somewhat short.
However, the dataset has a good amount of medium
and large codes.

Appendix A shows more information about the
label, programming language, and code length dis-
tribution for all task subsets.

3.1 Preprocessing

Due to the quantity and imbalance of some of the
datasets, we modify the training subset to accom-
plish a better generalization and representation of
the data.

In task A, labels are balanced, but programming
languages are highly imbalanced (Java, C++, and
Python, with an excess of the latter). We made
two partitions to address this issue: equitable and
Python undersampling. To address this issue, we
created two partitions: Equitable and Python Un-
dersampling. In the Equitable partition, we reduced
the number of Python instances to match the count
of other languages while preserving the original
author proportions. Python Undersampling is a
variation of this strategy that further reduces the
volume of Python data. However, instead of fully
balancing all programming languages, we only de-
crease Python samples enough to narrow the gap
in their proportions. Table 1 shows the partitions
and their characteristics.

In task B, unlike task A, the authors are not bal-
anced, produced primarily by the large amount of
human codes compared to the others. We decided
not to do undersampling, but to divide the data
into two parts: Human vs LLM and LLM only.
In Human vs LLM, we changed the labels into O
(humans) and 1 (machine); the machine class in-
corporates the remaining authors. As a result, we
improved the authors’ imbalanced situation. For
the LLM only, we removed the human class com-
pletely. Table 2 summarizes the final dataset for
task B, with brief additional information.
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Table 1: Train and validation partitions for task A.

Present Training

Partition
Instances

Description

- Balance labels
- Balance languages
- Balance labels
- Undersampling
on python
- Reduced language
imbalance

Equitable Python, Java, C++ | ~62,000

Python
under-
sampling

Python, Java, C++ | ~143,000

Table 2: Dataset preprocessing on task B

Partition Description Training

Instances

Original No changes ~500,000
Human The labels are

Vs changed ~500,000

LIM 0 (human) 1 (machine)

LLM only The human instances ~57.904

are removed

4 System Overview

In this section, we present the different approaches
explored for the Machine-Generated Code detec-
tion task. We first describe in Section 4.1 the tra-
ditional baselines and, in Section 4.2, the stylo-
metric feature-based methods, followed by Sec-
tion 4.3 and 4.4, the domain-adaptive pre-trained
language models and prompting strategies with
large language models, respectively. Finally, Sec-
tion 4.5 introduces our Graph Neural Network ap-
proach, which leverages text graph representations
and graph-based deep learning to model structural
relationships within code for classification.

4.1 Baselines

The organizers provided CodeBERT as a baseline,
an encoder capable of processing and understand-
ing natural language and programming language
(’bimodal’ pretrained model), which has 125 mil-
lion parameters, considered a small model for to-
day’s standards.

4.2 Stylometric Features

Stylometric analysis consists of extracting features
from the source code in our dataset based on its
stylistic properties; once these features are ob-
tained, an XGBoost model is trained for classi-
fication. For code tokenization, we used regular
expressions that search for sequences of letters (in-
cluding underscores to detect function and variable
naming conventions), numbers, and special struc-
tural and operational characters. With this in mind,
we consider the following features to construct our
final feature vector.

1. Length Properties

* Code Length: Total number of characters
in the code calculated via string methods.

* Average Line Length: The mean number
of characters per line across the entire
code snippet.

2. Lexical Variety

e Total Token Count: Total number of to-
kens identified after tokenization.

* Unique Tokens: Number of distinct to-
kens in the snippet.

* Token Ratio: The ratio of unique tokens
to total tokens.

3. Comments

e Comment Count: Identification of com-
ments using common prefixes (#, //,
/*, —, ;). We verify both line-start com-
ments and inline comments by checking
for trailing characters after the prefix.

* Comment Density: The ratio of identified
comments to the total number of lines.

4. Indentation

* Average Indentation: The mean inden-
tation value calculated after expanding
tabs into a fixed number of spaces.

e Standard Deviation: The variation of in-
dentation across all lines.

* Indentation Levels: The count of unique
indentation depths present in the code.

Feature vectors are standardized via Z-score be-
fore training an XGBoost model, which predicts
the class with the highest probability (argmax).

4.3 Pre-trained Language Models

This system combines the baseline with a Domain-
Adversarial Neural Network (Ganin et al., 2016).
The DANN model incorporates two independent
classification heads after the main architecture.
Given a sample, one head classifies the main target,
while the secondary head identifies the domain to
which the sample belongs. During training, both
heads compute their own loss function separately.
Then, in the backward propagation step, a gradient
reversal layer is inserted between the secondary
head and the main body. This layer multiplies the
sign of the domain gradient by minus one. Conse-
quently, the main label gradient is backpropagated
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Figure 1: System overview for Pre-trained Language Model

normally through the principal classifier and the
main body, whereas the secondary gradient propa-
gates normally only along the secondary classifier
and in the opposite direction through the main body.
The objective is to learn a model that generalizes
well across domains. For this task, we consider the
programming language as our domain set (which
is highly imbalanced across all three tasks), with
Python prevailing over the others. Hence, we ex-
pect to generalize well to other, less frequent pro-
gramming languages such as Go.

Figure 1 shows the approach used to solve the
Machine-Generated Code task. In Task A, our
best model was trained on the partitioned Python-
undersampling data 1. For Task B, we used a cas-
cade system to make predictions: we trained two
DANN models, the first was a binary identification
model trained on the Human vs LLM set (which
makes the initial prediction), and the second was
a multi-classifier DANN trained on the LLM only
set 2. Finally, for Task C, as mentioned before, we
used the entire dataset.

4.4 Large Language Models

We used the LLM Command A from Cohere (Team
et al., 2025) to tackle subtask A. We extract two
examples from the training dataset and use them as
prompts for each classification. We tested differ-
ent temperature values, and the best results were
obtained at 0.3. We used the following prompt:

prompt = f""" code: "{code_examples}”

Label: {examples_label}

You must classify the next code as human
made or artificial intelligence
generated.

Your response must be only one of this
labels: @ for human made and 1 for
Al generated.

Code:

{code_block?}
Now output the label with no extra text:

nnn

4.5 Graph Neural Networks

Figure 2 shows the GNN approach. This pipeline
transforms each code document into a graph rep-
resentation and learns node-level embeddings for
classification. First, we applied text preprocess-
ing: we cleaned the raw code, balanced the training
distribution via subsampling, and included an out-
of-distribution approach.

After that, we build a co-occurrence graph
per document using a special tokenizer: extracts
code units (identifiers, operators, punctuation sym-
bols, numbers, and strings), optionally removing
comments and normalizing literals (e.g., mapping
strings to <STR> and numbers to <NUM>), while
preserving structural tokens such as brackets and
operators. These tokens represent the graph nodes,
and undirected edges connect tokens that co-occur
within a fixed window in the token sequence. Fig-
ure 3 illustrates an example of the Co-Occurrence
Graph generated from the following Python code:

(b, a) = map(int, input().split())

div = int(a // b)
rem = a % b
if rem == 0:
print(int(div))
else:
print(div + 1)

Using this graph representation as input, we ini-
tialize node features with contextual embeddings
from a pre-trained language model (e.g., Code-
BERT) to provide semantic information before
graph learning. The obtained graph is processed by
a Graph Neural Network to refine node representa-
tions by leveraging their structural co-occurrence
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Table 3: Results of the best F1-scores obtained by each strategy on the validation and final test datasets. The last

row shows the top-ranked system on the final leaderboard.

Subtask A B C
Approach Validation — Test  Validation — Test  Validation — Test
Baseline 0.9875 0.3053 0.3500 0.2285 0.7000 0.4812
GNN 0.8412 0.5381 0.8675 0.1550 N/A N/A
PLM 0.9774 0.4219 0.5265 0.3324 0.8425 0.5677
LLM 0.6192 0.5641 N/A N/A N/A N/A
Stylometry 0.8400 0.3200 N/A N/A N/A N/A
Best ranked score 0.9971 0.5081 0.7855
Text Text to Cooc Graph Graph Graph Pooling Classification Layer
Preprocessing ot eature nfistaation Neural Network O I
T— ==
=] - clean text Qe ;ka y WD ke —— =
= D | [ || Y B = . ogp > mmm -
out of domain mn . " ke ken LD IL‘-EJ

Figure 2: System overview using GNN approach

Figure 3: Co-Occurrence Graph

patterns. Finally, we aggregate node embeddings
with mean pooling to obtain a single graph (doc-
ument) embedding, which is passed to a simple
neural classifier to predict whether the input code
was written by a human or generated by a machine.

5 Results

This section presents the F1-scores for the follow-
ing approaches: GNN, PLM, LLM, Stylometry,
and the baseline. Table 3 summarizes our results
for each task on both the validation and test sets.
We include both scores to highlight the substantial
discrepancy that can arise between the approaches.
In task A, we used the undersampling partition 1.

Note that not every approach was applied to every
subtask; in such cases, the result is marked as N/A.
All our models outperform the baseline on task
A, and the LLM system achieves the best perfor-
mance, with an Fl-score of 0.5641, indicating that
few-shot strategies are more effective. Followed for
the GNN approach, achieving a 0.5381 F1-score,
demonstrating the effectiveness of graph represen-
tations for this task. Finally, we ranked 38th in
Subtask A on the final leaderboard using the GNN
approach. For Subtasks B and C, using the PLM
approach, we ranked 25th and 22nd, respectively.

6 Conclusions

This research presents four independently devel-
oped systems for SemEval 2026 Task 13, each
of which exhibits different strategies: Graph Neu-
ral Networks, Pretrained Language Models, Large
Language Models, and Stylometry. The limited
representation and imbalance of programming lan-
guages in the dataset made it difficult for our mod-
els to generalize effectively. However, for all of
our systems, applying a dataset partitioning strat-
egy helped improve performance. Specifically for
stylometry, recognizing new languages poses a sig-
nificant challenge for the way our solution was
designed. For tasks B and C, we used a PLM and
GNN, obtaining better results than the baseline.
Future work includes combining these systems, ex-
ploring other encoders (e.g., GraphCodeBERT),
and exploring different graph representations.
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A Dataset Statistics

In this section, we present the label, programming
language, and code length distributions for each
subtask (A, B, and C) in the training and validation
subsets. These statistics were heavily considered
when constructing all the models and defined how
we approached each subtask, because the distribu-
tions differ notably between them.

Training Dataset Validation Dataset

oooooooooooo
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label label

Figure 4: Label distribution for train and validation
datasets on task A
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Figure 4 shows a very equitable label distribution
for the binary classification task A in both training
and validation. Class 1 (Al) is slightly more abun-
dant than class O (human). If needed, balancing
this task completely is easy, since each class has
approximately 250,000 instances. After subsam-
pling, the amount of data remains sufficient to train
all the models.

Figure 5 shows the language distribution for task
A. Python, Java, and C++ are the only languages
present, with Python overwhelmingly dominating
the other two (over 90%). This has important im-
plications for the models: they may not generalize
well to new data, especially if written in program-
ming languages never seen before, and they could
learn spurious correlations—for instance, associat-
ing Java or C++ with a specific class. To mitigate
this, we applied undersampling strategies to better
balance the distribution.

Training Dataset Validation Dataset

400000 80000 1
300000 60000 1

200000

Frecuency
Frecuency

100000 20000

—— o ——
Python Java C++ Python C++ Java

language language

Figure 5: Language distribution for train, validation,
and test sample datasets on task A

Figure 6 shows the code length distribution for
task A. Code length refers to the number of char-
acters, giving us an idea of how many tokens each
code contains. This is very important for GNN,
PLM, and LLM models, as they can only process
a limited number of tokens—meaning that long
codes can only be partially analyzed, potentially
affecting predictions. Overall, the codes are short,
but long codes are still present in the datasets.

Training Dataset Validation Dataset

80000 16000

70000 14000
60000 > 12000
C 50000 £ 10000
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code_len
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code_len

Figure 6: Code length distribution for train and valida-
tion datasets on task A

Figure 7 shows the label distribution for the mul-
ticlass classification problem of task B. The dis-
tribution only considers LLM generators for bet-
ter visualization. Human-written codes constitute
more than 80% of the training instances. The label

distribution is highly imbalanced: some generators
represent less than 1% of the total data. Imbalance
also exists among the Al generators themselves.
Performing undersampling for this task is more
complicated.

Training Dataset Validation Dataset
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a000

6000

Frecuency
Frecuency
g § 8

2000

0 o
N Y Y X 5 6 AR 9 ,& YN Y Y % 9 0 A 9 ,@
label label

Figure 7: Label distribution for train and validation
datasets on task B

Figure 8 shows the language distribution for task
B. This task features more diversity in program-
ming languages, with eight in total. The most
prominent languages are Python and Java, which
appear in very similar amounts. Even so, due to the
amount of data, each programming language has a
sizable number of instances.
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Figure 8: Language distribution for train and validation
datasets on task B

Figure 9 shows the code length distribution for
task B. Here, the codes are generally larger than
in task A, with very long codes still present. For
GNN, PLM, and LLM models, it is recommended
to use a high maximum token cap to analyze all or
at least the majority of each code.
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10000 ¢
40000 8000+

30000 6000

Frecuency
Frecuency

10000+ 2000

0 1000 2000 3000 4000 0 1000 2000 3000 4000
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Figure 9: Code length distribution for train and valida-
tion dataset on task B

Figure 10 shows the label distribution for the
multiclass classification problem of task C. Label
0 (human) is more prominent than the others, indi-
cating imbalance among the four classes. However,
the class with the fewest instances (label 2, hybrid)
still has almost 100,000 examples. Undersampling
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techniques can balance this task completely while
leaving ample training data.
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Figure 10: Label distribution for train and validation
datasets on task C

Figure 11 shows the language distribution for
task C. This distribution is very similar to that of
task B, presenting eight programming languages,
with Python and Java being more dominant than
the others. Even so, due to the amount of data, each
programming language has a sizable number of in-
stances.
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Figure 11: Language distribution for train and validation
datasets on task C

Figure 12 shows the code length distribution
for task C. Overall, this task has longer texts than
tasks B and A. This distribution makes it harder for
GNN, PLM, and LLM models due to the risk of
not analyzing the codes completely.
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Figure 12: Code length distribution for train and valida-
tion dataset on task C.
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