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Abstract

This paper describes the system submitted
to SemEval-2026 Task 13 Subtask A: De-
tecting AI-generated code in OOD settings.
The task requires binary classification of code
snippets as either human written or machine
generated, with a strong emphasis on gener-
alization to unseen programming languages
and unseen code domains. This system fine-
tunes microsoft/codebert-base, a trans-
former model pre-trained on code and natu-
ral language pairs. Analysis reveals that while
the model performs near perfectly on the train-
ing distribution, it struggles significantly under
OOD conditions due to language and domain
shift.

1 Introduction

The rapid growth of the LLMs (Large Language
Models) is capable of generating high-quality
source code, such as Github Copilot, ChatGPT, and
Code Llama, which has raised increasing concerns
about the origin of code found in the repositories,
student submissions and professional codebases of
the production. Automatically detecting whether
the code is generated by a human or generated by
a machine poses an important and practically rele-
vant challenge.

SemEval-2026 Task 13 Subtask A (Orel et al.,
2026b) directly addresses this challenge by pre-
senting binary classification under rigorously con-
trolled OOD conditions. Unlike the prior work that
evaluates detectors only on the same language and
domain using the pretrained models, this task tests
generalization in two ways: (i) programming lan-
guage shift (training on C++, Python, Java; test on
Go, PHP, C#, C and JavaScript) (ii) domain shift
(training on algorithmic code; test on research code
and production code directly from the GitHub).

This system fine-tunes microsoft/codebert
-base (Feng et al., 2020), a transformer pre-trained

bimodal natural language and code, which is hy-
pothesized to transfer well to unseen languages
owing to its broad pre-training corpus.

The main contributions are:

• CodeBERT is adapted for OOD binary detec-
tion of AI-generated code demonstrating the
effectiveness of code-specific pre-training for
this task.

• A detailed error analysis is presented identify-
ing the key failure modes of the system under
OOD conditions.

2 Background

SemEval-2026 Task 13 Subtask A (Orel et al.,
2026b) is a binary classification task, with a given
code snippet, predict whether that is human written
or generated by machine. The evaluation empha-
sizes OOD generalization across four scenarios
which includes: (i) seen language, seen domain
(ii) seen language, unseen domain (iii) unseen lan-
guage, seen domain and (iv) unseen language, un-
seen domain.

The training dataset contains code in C++,
Python and Java from algorithmic programming
problems. The test dataset contains code in unseen
languages such as Go, PHP, C#, C and JavaScript
and in unseen domains such as research-oriented
and production-deployed code. Systems are evalu-
ated using macro F1-score.

2.1 Related Work

Detecting machine generated code has received
considerable attention after the era of AI has be-
gun (Radford et al., 2019). Early methods relied
mainly on statistical properties includes perplexity
and burstiness (Gehrmann et al., 2019). More re-
cent work enhances language models for detection,
achieving strong performance but fails in domain
shift (Bakhtin et al., 2019; Ippolito et al., 2020).
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Pan et al. (2024) evaluate existing AI detec-
tors on student code submissions and highlight
their limitations in educational settings. Simmons
et al. (2024) conduct a literature mapping of AI-
generated code plagiarism detection in computer
science courses. Xu and Sheng (2024) propose a
perplexity-based approach using CodeBERT to de-
tect AI-generated code assignments. Bashir (2025)
introduce a framework using pseudo-AI submis-
sions to identify AI-generated student code without
supervised training.

Yang et al. (2023) study zero shot detection and
showed that existing tools struggle with program-
ming languages beyond English. Suh et al. (2025)
demonstrate that state-of-the-art detectors break
down under OOD conditions, directly motivating
this shared task. CodeBERT (Feng et al., 2020) is
a pretrained bimodal model for programming and
natural languages. It has been fine tuned, which
makes it a strong candidate for AI generated code
detection.

3 System Description

Figure 1 illustrates the overall architecture of the
proposed system.

3.1 Pre-trained Model
microsoft/codebert-base is the base for train-
ing this system. CodeBERT is a transformer model
with 12 layers, 768 hidden dimensions and 12 at-
tention heads (125M parameters), pre-trained on
a bimodal corpus of natural language - code pairs
across six programming languages (Python, Java,
JavaScript, PHP, Ruby, Go).

A two-class linear classification head is added
on top of the [CLS] token representation. Given
input tokens x = (x1, . . . , xn),the model computes
Equation 1:

ŷ = softmax(W · h[CLS] + b) (1)

where h[CLS] ∈ R768 is the pooled representation
from the final encoder layer, and W ∈ R2×768,
b ∈ R2 are learned classification parameters.

3.2 Tokenization and Preprocessing
The CodeBERT tokeniser (byte-pair encoding,
50,265) with a maximum sequence length of 128
tokens is used. Code snippets exceeding 128 tokens
are truncated from the right. No language-specific
preprocessing (no stripping of comments, no iden-
tifier normalisation) is applied, since preserving

surface-level patterns may serve as a useful signal
for distinguishing human from machine-generated
code.

3.3 Training Procedure
CodeBERT is trained for one epoch using the
Hugging Face Trainer API. Mixed-precision
training (fp16=True) is enabled throughout.
Gradient checkpointing reduces peak GPU
memory consumption by approximately 35%.
AdamW (Loshchilov and Hutter, 2018) is used with
a linear learning rate schedule, a warmup ratio of
0.06 and a learning rate of 5× 10−5.

4 Experimental Setup

4.1 Data
The official training and validation splits are used,
which were provided by the task organisers (Orel
et al., 2026b,a). Table 1 shows the distribution
across splits.

Split Human (0) Machine (1) Total

Train 238,475 261,525 500,000
Validation 47,695 52,305 100,000

Table 1: Dataset distribution across splits. Training
and validation sets are slightly skewed toward machine-
generated code.

The training set contains code in Java, C++ and
Python from an algorithmic programming chal-
lenge. The validation set mirrors the training distri-
bution. The held-out test set covers all four OOD
evaluations scenarios described in Section 2. No
external data or data augmentation was used in the
primary submission.

4.2 Evaluation Metric
The primary evaluation metric is macro F1-Score,
computed as shown in Equation 2:

Macro F1 =
1

2

∑

c∈{0,1}

2 · Pc ·Rc

Pc +Rc
(2)

where Pc and Rc are the precision and recall for
class c, and classes 0 and 1 correspond to human-
written and machine-generated code respectively.
Accuracy, precision and recall are additionally re-
ported on the training set for diagnostic purposes.

4.3 Baselines
The trained model is compared against the follow-
ing baselines:
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Figure 1: Architecture of the proposed CodeBERT-based classification system.

• Majority class: always predicts the majority
label (human-written). Obtains F1 ≈ 0.33
(macro) by design.

• TF-IDF + Logistic Regression: character-
level TF-IDF features (1-3 grams) with an
ℓ2-regularised logistic regression classifier.

• TF-IDF + SVM: same features with a linear
SVM (penalty C = 1).

4.4 Implementation Details

All experiments used the Hugging Face
transformers library (v4.x) and datasets
library. Training is performed on a single NVIDIA
Tesla T4 GPU (15 GB) via Kaggle notebooks.
Checkpoints are saved every 2,600 steps (~ 40
minutes of training), and the best checkpoint (by
the validation of the macro F1) is selected at the
end of the epoch.

5 Results

Table 2 presents the results on the training and
official test sets.

Split Accuracy F1 Precision Recall

Training 0.9932 0.9935 0.9943 0.9927
Test Sample 0.2820 0.3532 0.2210 0.8789

Table 2: Results on training and official test sets. The
large gap indicates significant OOD generalization chal-
lenges.

This system achieved a macro F1-score of
0.2509 on the official leaderboard test set. The
model achieves near-perfect performance on the
training distribution (F1 = 0.9935), but the sharp
drop on the official test set reveals significant OOD
generalization challenges. The model tends to over-
predict the machine-generated class in OOD set-
tings, suggesting high recall but low precision.

6 Analysis

6.1 OOD Generalization Analysis

This system achieves near perfect performance
on training distribution (F1 = 0.9935) but drops
sharply to F1 = 0.3532 on official test set with a
leaderboard score of 0.2509. This severe degrada-
tion confirms that fine-tuning on a single epoch of
the algorithmic code in three languages is insuffi-
cient for unseen languages and unseen domains.

The high recall (0.8789) but low precision
(0.2210) on the test data set suggests that the model
predicts machine generated class because Code-
BERT’s pretraining causes it to associate clean
structured code with AI generation regardless of
the actual source language and domain.

This behaviour is consistent with findings by Suh
et al. (2025), who found that detectors trained on a
narrow distribution fail under OOD conditions.

6.2 Error Analysis

The high recall (0.8789) and low precision (0.2210)
indicate the model overwhelmingly predicts the
machine generated code leading to a large number
of false positives. The identified likely causes are:

• Domain mismatch: The model was fine-
tuned only on algorithmic code so research
and generic deployed code which follows dif-
ferent conventions, is misclassified as ma-
chine generated.

• Unseen language syntax: Code in Go, PHP,
C#, C and JavaScript contains syntax patterns
which were never seen during fine-tuning,
causing the model to treat unfamiliar struc-
ture as a signal of AI generation.

• Single epoch underfitting: With only one
epoch of fine-tuning, the model may not have
learned a robust decision boundary, defaulting
to majority prediction in uncertain cases.
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7 Conclusion

This system is based on CodeBERT for SemEval-
2026 Task 13 Subtask A, achieving a macro F1
score of 0.2509. While the model achieves near
perfect performance on training distribution (F1 =
0.9935), the sharp drop on test set reveals the diffi-
culty of OOD generalisation when both language
and domain shift simultaneously.

8 Future Work

Future work will explore multi-epoch training,
data augmentation across diverse programming
languages and domains will be explored. Finally,
larger code-specific models such as CodeT5+ or
StarCoder could be explored as alternative back-
bones to CodeBERT.

Limitations

This system fine-tunes CodeBERT for only one
epoch which likely contributes to poor OOD gener-
alisation. Code snippets longer than 128 tokens are
truncated, potentially losing important structural
information. The model was trained on algorith-
mic code in three languages, limiting its exposure
to diversity in test set. No data augmentation or
multi-language training strategies were explored.
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