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Abstract

The increasing use of Al-generated code un-
derscores the need for effective detection sys-
tems. However, their performance often de-
teriorates when faced with distribution shifts.
This paper presents our system for SemEval-
2026 Task 13:A, which focuses on binary clas-
sification of human-written versus machine-
generated code across various programming
languages and domains. We systematically
compare traditional classifiers, such as Ran-
dom Forest and XGBoost, which utilize statisti-
cal and TF-IDF features, against pipelines that
leverage frozen embeddings from advanced
code transformers like UniXcoder and Graph-
CodeBERT. Our results reveal a notable trade-
off, i.e., while transformer-based pipelines ex-
cel in in-distribution validation (reaching up to
0.89 Macro F1), they experience severe perfor-
mance drops up to 77%; when applied to out-of-
distribution languages and domains. In contrast,
models employing TF-IDF with tree-based clas-
sifiers demonstrate significantly greater stabil-
ity. We identify this fragility as a result of a
bias toward superficial formatting, particularly
whitespace, which is accentuated by transform-
ers. By implementing simple space normal-
ization, we enhance the out-of-distribution ro-
bustness of traditional models; however, this
also highlights the ongoing dependence of em-
beddings on these non-semantic features. Our
findings suggest that for creating generalizable
code detection systems, straightforward, well-
normalized lexical features may be more reli-
able than complex, unrefined embeddings.

1 Introduction

The distinction between human-written code and
machine-generated code is becoming increasingly
unclear. While AI assistants can enhance devel-

oper productivity, they also introduce new chal-
lenges related to academic integrity, software se-
curity, and code provenance. Detecting machine-
generated code is a pressing concern, made more
complex by the variety of real-world deployment
scenarios. For example, detection systems must
effectively tackle new programming languages, do-
mains, and Al generators that may not have been en-
countered during their training (Orel et al., 2025a).
This paper presents our submission to SemEval-
2026 Task 13:A, a binary classification task specif-
ically designed to evaluate generalization in out-of-
distribution (OOD) settings. This task builds on
previous research focused on detecting machine-
generated code (Orel et al., 2025b,a).

Current approaches range from traditional ma-
chine learning (ML) methods that rely on hand-
crafted features (Bishop, 2006) to fine-tuned trans-
former models like CodeBERT (Feng et al., 2020)
and UniXcoder (Guo et al., 2022). While these lat-
ter models typically perform well on in-distribution
(ID) benchmarks, their performance often declines
significantly when faced with even minor distribu-
tional shifts (Orel et al., 2025b). This decline is
usually attributed to overfitting (Hastie et al., 2009)
or the exploitation of dataset biases (Torralba and
Efros, 2011), which can include issues like format-
ting artifacts.

We hypothesize that the representational power
of large models can be a double-edged sword, cap-
turing superficial patterns that may limit their ef-
fectiveness in new contexts. To investigate this, we
conduct a controlled comparison by evaluating four
classifiers: Logistic Regression (LogReg), Linear
Support Vector Machine (SVM), Random Forest
(RF), and XGBoost. We assess these classifiers
across three feature categories: (1) handcrafted sta-
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tistical features, (2) Term Frequency-Inverse Doc-
ument Frequency (TF-IDF) lexical features, and
(3) frozen embeddings from UniXcoder and Graph-
CodeBERT. Our primary contribution is a detailed
analysis of these classifiers” OOD generalization on
the SemEval task. Our results indicate that while
transformer models perform exceptionally well in
in-distribution settings, simpler TF-IDF features
demonstrate significantly greater robustness. We
identify whitespace patterns as a primary source
of bias and demonstrate that, although space nor-
malization improves performance, it does not com-
pletely eliminate the generalization gap for com-
plex embeddings. Our findings suggest a focus
on robust, language-agnostic features rather than
relying solely on model capacity for real-world
applications.

Split Total Human Al
Training 500,000 238,475 261,525
Validation 100,000 47,695 52,305
Test sample 1,000 777 223

Table 1: Dataset splits and class distribution.

2 Related Work

Large Language Models are increasingly capable
of generating source code, which raises several con-
cerns. These include the potential for plagiarism
evasion through paraphrasing-style transformations
(Park et al., 2025; Lee et al., 2025), the memo-
rization of copyrighted snippets (Karamolegkou
et al., 2023), and a heightened risk of vulnera-
bilities in Al-generated programs (Pearce et al.,
2022; Tihanyi et al., 2024). Human code also has
its limitations; in complex scenarios, developers
can make mistakes that may not be immediately
evident (Elahi and Wang, 2024). This highlights
the importance of provenance and accountability,
regardless of whether the code is produced by hu-
mans or generated by models. As a result, there has
been extensive work on source code author analysis
and attribution. Two major challenges in this field
are Out-Of-Distribution generalization and robust-
ness against semantics-preserving adversarial ed-
its. Several frameworks have demonstrated strong
performance in addressing these issues, including
language-oblivious identification (Abuhamad et al.,
2025), adversarially motivated defenses such as
RoPGen (Li et al., 2022), OOD-oriented detectors

like CodeT5-Authorship (Bisztray et al., 2026) and
CoDet-M4 (Orel et al., 2025a), large-scale evalu-
ation resources such as Droid (Orel et al., 2025b),
and contrastive stylometric verification (CLAVE)
(Alvarez Fidalgo and Ortin, 2025). However, later
studies have shown that even small perturbations,
such as inserting unreachable code, can signifi-
cantly disrupt author representations (Abuhamad
et al., 2025). Moreover, more realistic definitions
of OOD, like project, directory, or collaboration
shifts, can drastically reduce accuracy (Bogomolov
et al., 2021). Furthermore, many detectors rely
on superficial cues, such as punctuation, identifier
length, and empty lines, which can render them in-
effective against style-mimic transformations (Orel
et al., 2025b,a).

To contribute to solving the problem, in this
work, we use controlled whitespace normaliza-
tion as a targeted robustness probe and system-
atically compare statistical, TF-IDF, and frozen
transformer-embedding pipelines. This approach
aims to quantify how much of the apparent perfor-
mance is due to formatting artifacts versus features
that generalize to unseen languages and domains.

3 Task and Dataset

The dataset for SemEval-2026 Task 13: A is de-
signed to evaluate OOD generalization. The train-
ing and validation sets consist entirely of algorith-
mic code written in Python, Java, and C++. In
contrast, the test set includes unseen programming
languages (C#, JavaScript, Go, C, and PHP) as
well as unseen domains (research and production
code). This setup encourages models to rely on
transferable signals rather than language-specific
patterns.

Table 1 summarizes the dataset splits. The train-
ing set is balanced by class but heavily imbal-
anced by language, with Python accounting for
over 91% of the samples. The test set features
a different class distribution, comprising 77.7%
human-generated code, and showcases a more di-
verse mix of languages, presenting a challenging
out-of-distribution evaluation.

3.1 Data Curation

The initial exploratory analysis revealed inconsis-
tencies in the samples we examined. Some con-
tained code that did not match their assigned lan-
guage labels, while others had no detectable code

"https://github.com/mbzuai-nlp/SemEval-2026-Task 13
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at all (e.g., they included only text). This inconsis-
tency is critical for models that rely on language-
specific parsers, such as Tree-Sitter?, for feature
extraction. To ensure reliable parsing for our statis-
tical feature pipelines, we created a clean version
of the training and validation sets by removing sam-
ples where the language label did not align with
the code or where no code was detected. For mod-
els that utilize TF-IDF or embeddings and do not
depend on a parser, we chose to retain these mis-
matched samples to introduce controlled noise and
potentially enhance robustness.

Moreover, we removed samples that contained
fewer than 200 characters or fewer than 6 lines,
as well as those exceeding 6000 characters or 300
lines. This allowed us to focus on more substan-
tive code snippets. The resulting curated datasets
maintained a moderate class imbalance, with Al-
generated samples comprising 55-57% of the total
data.

Baseline Val F1 Test F1
RF + Stat 76.55 35.60
SVM + Stat 71.42 47.13
XGBoost + Stat 77.90 31.02
RF + TF-IDF 68.72 56.90
SVM + TF-IDF 64.88 49.87
XGBoost + TF-IDF 68.81 54.40
SVM + UniXcoder 87.40 49.82
XGB + UniXcoder 84.99 28.36
RF + GraphCodeBERT 84.69 19.59
XGB + GraphCodeBERT  89.47 23.09

Table 2: Performance (Macro F1) on Validation (ID)
and Test (OOD) sets after space normalization.

4 Methodology

Our approach systematically compares feature rep-
resentations using standard classifiers. All the code
and experimental results are fully reproducible.
They can be accessed on GitHub® and are also
available upon request.

4.1 Feature Representations

We evaluate three distinct families of features:

Statistical Features We extract nine handcrafted
features from each code snippet, based on prior re-
search (Orel et al., 2025a). These features include

*https://tree-sitter.github.io/tree-sitter/
3https://github.com/losa2300/dt166g-group5

code length, line count, average line length, whites-
pace ratio, function count, import density, comment
density, maximum nesting depth (calculated using
Tree-Sitter), and average identifier length. To en-
sure consistency, we normalize these features to
the range [0, 1] using a MinMaxScaler fitted to the
training data.

TF-IDF Lexical Features We employ a TF-IDF
vectorizer to determine the significance of lexical
tokens. Notably, we replace the standard tokeniza-
tion process with the GraphCodeBERT (Guo et al.,
2021) tokenizer, as its subword vocabulary is bet-
ter suited for capturing stylistic coding nuances
(Cerfiansky and Petrik, 2025). The vectorizer is
first trained on the training set and then applied to
the validation and test sets.

Transformer-based Embeddings To capture
deep semantic structures, we utilize two pre-trained
code transformers as frozen feature extractors, i.e.,
UniXcoder (Guo et al., 2022) and GraphCode-
BERT (Guo et al., 2021). For each snippet, we
extract the 768-dimensional [CLS] token embed-
ding from the final layer after tokenization, ensur-
ing that snippets are truncated or padded to 512 to-
kens. All embeddings are then L2-normalized per
sample. This frozen approach allows us to assess
the inherent generalizability of the pre-trained rep-
resentations without any task specific fine-tuning.

Baseline Accuracy Macro F1
RF + Stat 85.56 85.47
XGBoost + Stat 90.78 90.70
RF + TF-IDF 69.38 65.03
SVM +

UniXcoder 94.00 93.89
XGB +

GraphCodeBERT 93.95 93.80

Table 3: Performance on validation set before space
normalization.

4.2 Model Architectures and Training

For each feature set, we train four standard classi-
fiers, i.e., LogReg, SVM, RF, and XGBoost. Hy-
perparameters are selected through a manual grid
search on the validation set to maximize the Macro
F1 score. The training pipeline, implemented in
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Python, follows a modular registry-based architec-
ture, ensuring consistent data loading, training, and
evaluation across all combinations of models and
features.

4.3 Zero-shot and Transformer Models

Our primary experiments use frozen embeddings
with standard classifiers. However, we also ex-
plored zero-shot classification using large pre-
trained transformers, such as DeBERTa-v3-large
and GraphCodeBERT. These models use prompt-
based inference to classify code authorship di-
rectly, without fine-tuning, using the Hugging Face
Transformers library’s pipelines (Wolf et al., 2020).
While these zero-shot methods demonstrated rea-
sonable performance on in-distribution data, they
performed poorly on out-of-distribution samples,
often resulting in performance comparable to ran-
dom guessing. As a result, we have excluded these
approaches from our main quantitative comparison.
This outcome reinforces our central finding: with-
out adaptation, even large pre-trained models strug-
gle to generalize across different programming lan-
guages and domains when surface-level patterns
change.

To quantify this bias and assess its impact on gener-
alization, we conducted all experiments on a mod-
ified version of the dataset where we normalized
the code by removing extra whitespace, reducing it
to single spaces and applying standard indentation.
This approach allows us to measure how much of
the model’s performance, as well as its degrada-
tion on OOD data, can be attributed to superficial
formatting.

Baseline Val F1 Test F1 Drop (%)
RF + Stat 76.55 35.60 53.5
RF + TF-IDF 68.72 56.90 17.2
SVM + UniXcoder 87.40 49.82 43.0
XGB + GraphCode- 89.47 23.09 74.2
BERT

Table 5: Macro F1 degradation from validation to OOD
test.

5 Results

We present our experimental results, focusing on
the effects of feature types and space normalization
on OOD generalization.

Table 2 illustrates a significant trade-off in model

Baseline Accuracy Macro F1
RF + Stat 36.00 35.85
XGBoost + Stat 32.80 32.07
RF + TF-IDF 26.50 24.79
SVM + UniXcoder 48.70 48.15
XGB + GraphCodeBERT 40.80 40.80

performance. Transformer-based pipelines achieve
the highest ID validation scores, reaching 0.89.
However, their performance suffers dramatically
on the OOD test set. In contrast, simpler TF-IDF
models, especially when combined with Random

Table 4: Performance on test set before space normal-
ization.

4.4 Evaluation and Robustness Analysis

The primary performance metric we use is the
Macro F1 score, which serves as the official score
for the task and treats both classes equally. More-
over, we monitor accuracy, precision, recall, and
AUC-ROC to provide a comprehensive overview
of our results (Fawcett, 2006). Our primary anal-
ysis involves comparing performance on the ID
validation set with that on OOD test samples.

A key aspect of our methodology is the tar-
geted robustness analysis. Initial feature impor-
tance scores from our statistical models indicated
that the whitespace ratio was the most predictive
feature, which suggested a clear bias in the dataset.

Forest, demonstrate the best OOD performance,
scoring 0.57 in Macro F1, despite having compara-
tively modest ID scores.

Macro F1 Drop: Before vs. After Space
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Figure 1: Macro F1 drop from validation to test, before
and after space normalization.

Figure 1 illustrates the impact of our bias anal-
ysis. For traditional models (, such as RF+Stat
and RF+TF-IDF, space normalization consistently
reduces the decline in OOD performance. This
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prompts these models to rely less on format-
specific signals. However, the effect of normaliza-
tion on transformer-based pipelines is more com-
plex. Some models, like SVM+UniXcoder, demon-
strate improved robustness after normalization, but
their overall OOD F1 scores remain low. Notably,
the degradation in XGBoost+GraphCodeBERT’s
performance after normalization indicates that
its strong ID performance was largely depen-
dent on learning spurious whitespace patterns.
The full pre-normalization results, shown in Ta-
bles 3 and 4, confirm this trend. Specifically,
XGB+GraphCodeBERT achieved a validation F1
score of 0.94 before normalization, which then
dropped to 0.41 on the OOD test set.

6 Discussion

Our experiments yield three main findings. First,
high performance on ID data does not guarantee
robustness to OOD data. While transformer em-
beddings may perform well on a validation set, this
does not necessarily indicate their effectiveness in
real-world applications. Their capability might al-
low them to memorize characteristics specific to
the training distribution, making them vulnerable
to changes in the distribution.

Second, simpler lexical features can demonstrate
greater generalizability. The better OOD perfor-
mance of the TF-IDF + RF model suggests that
normalized surface-level token distributions pro-
vide a more language-agnostic signal compared
to deep semantic embeddings. This supports es-
tablished concerns about overfitting and dataset
bias (Hastie et al., 2009; Torralba and Efros, 2011),
where complex models often learn irrelevant corre-
lations that do not hold true in new domains.

Third, whitespace represents a widespread and
significant bias. Our feature importance analysis
and normalization experiments indicates that all
models, particularly transformers, tend to rely on
these superficial cues. While normalizing whites-
pace is a straightforward and effective solution for
traditional models, it does not fully resolve the
problem for embeddings, which may incorporate
other, more subtle formatting biases. The signifi-
cant decrease in GraphCodeBERT’s performance
after normalization indicates that its pre-training
may unintentionally increase its sensitivity to non-
semantic features.

These findings have practical implications. For
the SemEval task, a well-tuned TF-IDF model

serves as a robust baseline that should not be disre-
garded in favor of more complex approaches. More
broadly, these results emphasize the critical need
for evaluations and feature designs that focus on
robustness. Advancements in code detection may
rely less on developing larger models and more
on understanding and mitigating the specific bi-
ases they exploit. While our research is limited by
the use of frozen embeddings, fine-tuning could
help transformers to eliminate some of these bi-
ases, though it also risks further overfitting. Future
work should investigate advanced normalization
techniques (such as identifier anonymization) and
causal feature engineering to identify and eliminate
sources of model brittleness.

7 Conclusion

We presented a comparative study for SemEval-
2026 Task 13:A, which highlights a fundamental
trade-off between in-distribution accuracy and out-
of-distribution robustness in code authorship attri-
bution. While transformer-based embeddings per-
form well on familiar datasets, they significantly
struggle when faced with distribution shifts. This
is primarily due to their over-reliance on superficial
formatting elements, such as whitespace. In con-
trast, using simple TF-IDF features combined with
tree-based classifiers and basic space normalization
offers a much more stable and generalizable solu-
tion. Our findings caution against equating model
complexity with real-world performance and under-
score the lasting value of robust, language-agnostic
feature design.
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