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Abstract

Large language models increasingly generate
high-quality source code, making reliable de-
tection of machine-generated code essential
for maintaining authorship integrity and soft-
ware accountability. However, detection sys-
tems often degrade under distribution shift, par-
ticularly across programming languages and
application domains. SemEval-2026 Task 13
Subtask A addresses this challenge through
a structured OOD evaluation framework that
assesses binary machine-generated code de-
tection across unseen languages and appli-
cation domains. To mitigate this limitation,
we propose a robustness-oriented framework
that enhances feature-fused UniXcoder repre-
sentations with supervised contrastive learn-
ing, adversarial language-invariant training and
uncertainty-aware filtering to promote stable
and shift-resilient representations. Our pro-
posed system achieves a macro-F1 of 0.5411
on the official test set and maintains stable per-
formance under severe language–domain shift.
Our results demonstrate that domain-level se-
mantic variation is the primary source of degra-
dation under distribution shift, reinforcing the
importance of invariance-oriented representa-
tions for stable OOD performance1.

1 Introduction

Large language models (LLMs) are central to code
generation, enhancing productivity but raising con-
cerns about authorship, academic integrity and soft-
ware accountability (Weber et al., 2024). The in-
ability to distinguish human-written from machine-
generated code can lead to unfair evaluation, skill
misrepresentation and security risks (Bukhari et al.,
2024; Pearce et al., 2025), motivating reliable de-
tection. Prior work is often limited to a few lan-
guages or in-distribution settings (Xu et al., 2025;
Yang et al., 2023). In practice, detection must gen-
eralize across unseen languages and domains, as
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reliance on surface patterns degrades under distri-
bution shift, underscoring the need for robustness-
oriented approaches.

SemEval-2026 Task 13: Detecting Machine-
Generated Code with Multiple Programming Lan-
guages, Generators and Application Scenarios,
Subtask A: Binary Machine-Generated Code Detec-
tion evaluates AI-generated code detection under
explicit OOD settings (Orel et al., 2026b), empha-
sizing robustness across unseen languages and do-
mains. To meet these requirements, we develop a
robustness-focused detection framework built on
a UniXcoder backbone. Our approach integrates
supervised contrastive learning to strengthen rep-
resentation separability, adversarial invariance to
reduce reliance on language- and generator-specific
cues and uncertainty-aware filtering to mitigate
noisy or ambiguous training instances. This Out-of-
Distribution(OOD)-oriented training strategy im-
proves cross-language generalization. Our system
achieves a macro F1-score of 0.5411 on the offi-
cial evaluation, indicating competitive performance
under distribution shift. In this work, we aim to
advance robust AI-generated code detection under
OOD settings. Our core contributions are as fol-
lows:

• We have proposed an OOD-focused detection
framework that unifies contrastive learning,
adversarial invariance and uncertainty-aware
training to improve cross-language generaliza-
tion.

• We have performed systematic robustness
analysis across language and domain shifts,
identifying the components that most effec-
tively enhance stability under distribution
shift.

• We have developed a reproducible implemen-
tation to promote transparency and support
future research on AI-generated code detec-
tion.
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The task data and implementation are accessible
at OOD AI Code Detection SemEval2026.

2 Background and Task Overview

SemEval-2026-Task13-Subtask-A defines AI-
generated code detection as a binary classification
task (Orel et al., 2026b), where each code snippet is
labeled as human-written (0) or machine-generated
(1). Unlike conventional benchmarks, the task ex-
plicitly evaluates robustness under cross-language
and cross-domain out-of-distribution (OOD) shifts.

2.1 Out-of-Distribution Evaluation Setting
Figure 1 illustrates the four evaluation regimes
derived from seen and unseen language–domain
combinations. The Unseen Language + Unseen
Domain setting constitutes the most challenging
scenario, requiring strong generalization beyond
the training distribution.

Figure 1: Out-of-distribution (OOD) evaluation quad-
rants defined by seen and unseen language–domain com-
binations. The Unseen Language + Unseen Domain
regime represents the most challenging generalization
scenario.

2.2 Evaluation Metric
Performance is measured using macro-F1:

Macro−F1 =
1

2

∑

c

2PcRc

Pc +Rc
. (1)

where c ∈ {human,AI}.

3 Related Work

Recent work on AI-generated code detection in-
creasingly prioritizes robustness across program-
ming languages and application domains. This
challenge is systematically operationalized in
SemEval-2026-Task13 through explicitly defined

out-of-distribution (OOD) evaluation regimes (Orel
et al., 2026b). Complementing this line of work,
AICD Bench advances large-scale benchmarking
for cross-language detection under distribution
shift.(Orel et al., 2026a).

Multi-generator detection resources such as
Droid and CoDet-M4 highlight the difficulty of
generalizing to unseen languages and adversarially
refined outputs (Orel et al., 2025b,a). Transformer-
based code encoders, including UniXcoder (Guo
et al., 2022) and CodeT5+ (Wang et al., 2023),
have demonstrated strong semantic representation
capabilities for downstream tasks. Recent con-
trastive and zero-shot detection approaches fur-
ther explore representation-level separation for
machine-generated codes (Yang et al., 2023; Pham
et al., 2025). However, robust generalization under
cross-language and cross-domain shifts remains
an open challenge. Our work directly addresses
this limitation within the OOD-focused SemEval
evaluation framework.

4 System Overview

Figure 2 shows the Feature-Fused UniXcoder
framework. Given a code snippet x, UniXcoder
produces henc, which is fused with structural fea-
tures hfeat to form h = [henc;hfeat], followed by
classification:

ŷ = softmax(Wh+ b).

Robustness is enforced via

L = LCE + λ1LSupCon + λ2LAdv,

where LCE provides supervision, LSupCon im-
proves separability and LAdv promotes invariance
under distribution shift. At inference, only the en-
coder and classifier are utilized.

5 Methodology

Robustness under distribution shift is achieved
through a unified objective integrating feature fu-
sion, contrastive learning, adversarial invariance,
and uncertainty-aware training.

5.1 Feature-Fused Representation
Given a code snippet x, contextual representations
are obtained from a UniXcoder backbone and en-
riched with complementary structural features to
form a unified embedding for binary classification.
The fused representation is passed through a linear
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Figure 2: Feature-Fused UniXcoder architecture combining contextual encoder embeddings with structural and
statistical features via representation fusion for robust binary AI-code detection under OOD conditions.

prediction head to estimate the authorship label.
Training is supervised using cross-entropy loss:

LCE = −
∑

c

yc log ŷc.

where yc is the true label and ŷc the predicted class
probability.

5.2 Robustness-Oriented Objective

We optimize the unified objective:

L = LCE + λ1LSupCon + λ2LAdv.

Supervised Contrastive Loss

LSupCon =
∑

i

−1

|P (i)|
∑

p∈P (i)

log
exp(zizp/τ)∑
a exp(ziza/τ)

.

(2)
where a ∈ A(i) and P (i) denotes samples shar-
ing the same label. This term enhances inter-class
separability under distribution shift.

Adversarial Invariance

LAdv = −
∑

l

dl log d̂l

where dl is the true language label and d̂l is the pre-
dicted distribution. The objective is applied via gra-
dient reversal to suppress language-specific cues.
Although domain shift is the dominant source of

degradation, language invariance serves as a prin-
cipled proxy for distributional variability, as pro-
gramming languages encode domain-specific pat-
terns. Suppressing such signals promotes domain-
invariant representations, improving robustness.

Uncertainty Filtering

σ(x) = Vart(pt(y|x)).

where σ(x) denotes predictive variance across
stochastic forward passes. Uncertainty is estimated
via Monte Carlo dropout (T = 5). Samples with
variance above a threshold τ (tuned on validation)
are filtered during training to reduce noise and im-
prove stability.

Component Term Role in OOD
Cross-Entropy LCE Binary supervi-

sion
SupCon LSupCon Enhances sepa-

rability
Adversarial LAdv Promotes invari-

ance
Uncertainty Filtering Sample-level Reduces noise

Table 1: Summary of robustness-driven training compo-
nents and their contributions to OOD generalization.

6 Experimental Setup

6.1 Data and OOD Protocol
We have employed the official train and validation
splits of SemEval-2026-Task13-Subtask-A for op-
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timization and model selection. The training set
is used for optimization and the validation set is
used for tuning and model selection. The test set
remains strictly unseen and is used only for final
submission.

6.2 Preprocessing
Code snippets are processed with the encoder’s
native tokenizer and truncated to 512 tokens, with-
out any external preprocessing or language-specific
normalization, preserving the integrity of raw code
inputs.

6.3 Optimization
Models are trained with AdamW using a linear
learning rate schedule, learning rate 2×10−5, batch
size 16 and up to 5 epochs (early stopping). Hyper-
parameters are tuned on the validation set and early
stopping is applied based on validation macro-F1.

6.4 Implementation
Experiments are implemented in PyTorch2 using
the HuggingFace Transformers library3 and con-
ducted on NVIDIA GPUs. All experiments are
performed with fixed random seeds to ensure deter-
ministic and reproducible evaluation.

6.5 Evaluation Metric
Performance is evaluated using macro-F1, defined
as

Macro-F1 =
1

2

∑

c∈{human,AI}
F1c,

where the class-wise F1-score is given by

F1c =
2PcRc

Pc +Rc
,

with Pc and Rc denoting the precision and recall
for class c, respectively. This metric assigns equal
weight to both classes and follows the official eval-
uation protocol of the task.

7 Results

7.1 Overall Performance
Our proposed system achieves a macro-F1 of
0.5411 on the official SemEval-2026-Task13-
Subtask-A test set, reflecting robust generalization
under Out-of-Distribution (OOD) conditions. As
shown in Table 2, our approach surpasses the offi-
cial CodeBERT baseline by +0.2358 and improves
upon the vanilla UniXcoder backbone by +0.0337.

2https://pytorch.org/
3https://huggingface.co/transformers/

Figure 3: Out-of-Distribution (OOD) evaluation work-
flow from prediction generation to performance gap
analysis across language–domain regimes.

As shown in Figure 3, the structured evaluation
framework supports systematic performance gap
analysis across OOD regimes. The findings fur-
ther demonstrate that feature fusion combined with
invariance-oriented training enhances robustness
under distribution shift. The improvement over
the vanilla UniXcoder baseline remains consistent
across validation folds, indicating stable robustness
gains rather than isolated performance improve-
ments.

Model Macro-F1
CodeBERT (Official Baseline) 0.3053
ModernBERT 0.4600
CodeT5 0.4756
UniXcoder (Vanilla) 0.5074
Proposed (Feature-Fused UniXcoder) 0.5411

Table 2: Macro-F1 comparison under the official OOD
evaluation setting. The proposed Feature-Fused UniX-
coder achieves the best overall performance.

7.2 Feature Fusion Analysis

We evaluate encoder-only, structural-only and
fused representations. As shown in Table 3, the
fused model achieves the highest performance, in-
dicating that structural features provide comple-
mentary signals to contextual embeddings.

Feature Configuration Macro-F1 Score
Encoder Only 0.5000
Structural Only 0.4200
Fusion (Encoder + Structural) 0.5411

Table 3: Feature fusion analysis under the out-of-
distribution (OOD) setting. The fused representation
achieves the highest performance, highlighting the com-
plementary benefits of combining contextual encoder
embeddings with structural features.
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7.3 Out-of-Distribution Generalization

Macro-F1 declines from 0.5411 in the Seen/Seen
setting to 0.4623 in the Unseen/Unseen regime,
reflecting the compounded effect of simultaneous
language and domain shift. The greater degrada-
tion under domain variation suggests that semantic
shifts impose a stronger challenge than syntactic
differences, while performance remains above 0.46
even under the most severe setting, as illustrated in
Figure 4.

Figure 4: Performance across OOD regimes showing
progressive degradation under language and domain
shift.

7.4 Quantitative Ablation Study

To assess the contribution of each component, we
conduct an ablation study by removing one com-
ponent at a time while keeping the others fixed.
As shown in Table 4, removing supervised con-
trastive learning causes the largest drop, indicating
its critical role in representation learning. Adversar-
ial invariance improves cross-language robustness,
while uncertainty filtering stabilizes predictions un-
der distribution shift.

Model Variant Macro-F1 Score
Full Model 0.5411
Without SupCon 0.5100
Without Adversarial Invariance 0.5200
Without Uncertainty-aware Filtering 0.5300

Table 4: Quantitative ablation study under the out-of-
distribution (OOD) evaluation setting. Each variant
removes a single component from the full model to
isolate its contribution to performance.

7.5 Structural Behavior and Error Analysis

Figure 5 indicates that AI-generated code follows
more regular structural patterns, whereas human
code exhibits greater domain-driven variability.
Misclassifications concentrate in formal research

code, short snippets and post-edited AI outputs,
reaffirming domain shift as the primary driver of
residual errors.

Figure 5: Comparison of structural properties between
human and AI-generated code, highlighting greater vari-
ability in human samples and more regular patterns in
AI outputs.

8 Analysis Study

Our analysis identifies domain shift as the primary
factor limiting OOD generalization. This aligns
with our use of language invariance as a proxy
for distributional variability, since programming
languages encode domain-dependent characteris-
tics such as coding style, library usage and struc-
tural patterns. The largest degradation occurs in
the Unseen Language + Unseen Domain setting,
confirming that semantic variation poses a greater
challenge than syntactic differences.

Error inspection shows that misclassifications
are concentrated in domain-specific research code,
short context-limited snippets and post-edited AI-
generated outputs. These cases exhibit high vari-
ability and hybrid authorship signals, which reduce
the reliability of structural features. OOD robust-
ness is limited by semantic ambiguity, not surface
patterns.

9 Conclusion

We present a robustness-oriented framework for
AI-generated code detection under explicit out-of-
distribution evaluation. By combining feature fu-
sion, supervised contrastive learning, adversarial
invariance, and uncertainty-aware filtering, the pro-
posed model achieves a macro-F1 score of 0.5411
on the official test set. The results demonstrate
that invariance-driven representation learning im-
proves cross-language generalization and enhances
stability under distribution shift, highlighting the
importance of robust optimization for reliable de-
ployment. Future work will focus on deeper se-
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mantic modeling and adaptive strategies to better
handle domain variability and evolving code gener-
ation systems.

10 Ethics Statement

This work advances robust AI-generated code de-
tection under controlled evaluation. Although such
systems promote integrity and accountability, their
predictions remain imperfect and require transpar-
ent, fair and human-supervised deployment in high-
stakes contexts.
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A Appendix

A.1 Implementation Details
We fine-tune the UniXcoder-base encoder with a
maximum sequence length of 512 tokens. Struc-
tural features (lines of code, character length, token
count and AST depth) are normalized and concate-
nated with contextual embeddings before classifi-
cation.

Optimization uses AdamW with a learning rate
of 2× 10−5, batch size 16 and up to 5 epochs with
early stopping based on validation macro-F1. Su-
pervised contrastive learning employs temperature
τ = 0.07, with loss weights λ1 = 0.5 (contrastive)
and λ2 = 0.3 (adversarial). Language invariance is
enforced via gradient reversal and uncertainty fil-
tering is implemented using Monte Carlo dropout.

A.2 Reproducibility
Experiments are implemented in Python 3.10 us-
ing PyTorch and HuggingFace Transformers on
NVIDIA GPUs, with fixed random seeds to ensure
deterministic behavior. The source code and con-
figuration files are publicly available to facilitate
full reproducibility.
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