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Abstract

Detecting machine-generated code is increas-
ingly challenging due to advances in code gen-
eration models and domain variation across pro-
gramming tasks. We present our submissions
to SemEval-2026 Task 13, evaluating detection
in three settings: binary human vs. machine
classification, multi-class generator attribution,
and four-way authorship classification includ-
ing hybrid and adversarial cases. We compare
feature-based, transformer-based, and hybrid
approaches under domain shift and limited su-
pervision. Results show that domain-specific
signals often dominate model decisions, de-
grading generalization when training and test
distributions diverge. Increasing model com-
plexity does not consistently improve perfor-
mance in low-resource or cross-domain set-
tings and may amplify spurious correlations.
These findings emphasize robustness and fea-
ture alignment over model sophistication for
reliable detection.

1 Introduction

Large language models are widely used in software
development, making machine-generated code de-
tection increasingly important, particularly under
domain shift, unseen languages, and hybrid au-
thorship settings. SemEval-2026 Task 13 eval-
uates these challenges across multiple subtasks,
languages, and generators (Orel et al., 2026b).
We compare feature-based models, transformer
fine-tuning, and representation-level approaches.!
Rather than focusing on a single architecture, we
analyze how modeling strategies behave under dis-
tribution shift and varying supervision.

Early work showed that stylometric and struc-
tural features (e.g., line statistics, identifier pat-
terns, AST measures) can provide authorship sig-
nals using classical models (Li et al., 2023; Idi-
alu et al., 2024). Deep learning methods later

'All code will be released publicly: https://github.
com/Avi4306/SemEval-2026-Task-13.

demonstrated improved ability to capture higher-
order patterns, motivating pretrained language mod-
els for code (Vaswani et al., 2017; Tulchinskii
et al., 2023). Recent systems such as GPTSnif-
fer (Nguyen et al., 2024) and GPT-Sensor (Xu
et al., 2025) train text-based language models to
distinguish human and ChatGPT-generated code,
primarily using CodeSearchNet-derived data (Hu-
sain et al., 2020). Although effective in constrained
settings, they remain limited in domain and gen-
erator diversity. Benchmarks such as Droid and
CodeT (Orel et al., 2025b,a) and CodeMirage (Guo
et al., 2025) expanded evaluation to multi-domain
and hybrid settings, but still exhibit limitations in
adversarial and generator coverage. SemEval-2026
Task 13 further increases scale and complexity.

2 Task Description

SemEval-2026 Task 13 (Orel et al., 2026b) studies
the detection and attribution of machine-generated
code under distribution shift across programming
languages, domains, and generators.

2.1 Subtask A: Binary Machine-Generated
Code Detection

Subtask A evaluates binary classification of human-
written vs. machine-generated code under distri-
bution shift. Training data is limited to the algo-
rithmic domain, while test data includes additional
domains and unseen programming languages, re-
quiring cross-domain generalization. Table 1 re-
ports the language-wise data distribution.

2.2 Subtask B: Multi-Class Authorship
Detection

Subtask B extends detection to eleven classes (hu-
man plus ten LLM families). Systems must at-
tribute code to specific generators, including un-
seen models from known families. Table 2 shows
the class distribution.

2.3 Subtask C: Hybrid Code Detection

Subtask C introduces four labels: human-written,
machine-generated, hybrid, and adversarial. The
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Language Train Validation Development
C++ 23K 5K 75
Python 458K 91K 303
Java 19K 4K 256
Go - - 60
PHP — _ 48
C# - - 122
C - - 51
JS - - 85
Machine 262K 52K 936
Human 238K 48K 64
Total 500K 100K 1K

Table 1: Language-wise data distribution for Subtask A.
Counts are rounded to the nearest thousand (K).

Generator Train Validation Development
Human 442K 88K 474
DeepSeek-Al 4K 847 21
Qwen 9K 1.8K 73
01-ai 3K 650 21
BigCode 2K 445 10
Gemma 2K 372 36
Phi 6K 1K 54
Meta-LLaMA 8K 1.7K 61
IBM-Granite 8K 1.6K 18
Mistral 5K 895 18
OpenAl 11K 2.2K 214
Total 500K 100K 1K

Table 2: Class-wise data distribution for Subtask B.

task reflects collaborative and style-mimicking sce-
narios. Table 3 summarizes the label distribution.
Label

Train Validation Development

Human-written 485K 107K 554
Machine-generated 210K 46K 228
Hybrid 85K 19K 84
Adversarial 118K 26K 134
Total 900K 200K 1K

Table 3: Label-wise distribution for Subtask C.

Dataset Origin. The datasets used in this shared
task are derived from the AICD BENCH bench-
mark (Orel et al., 2026a), a large-scale and chal-
lenging benchmark for Al-generated code detec-
tion that spans multiple programming languages,
generators, and domains.

3 System Description

This section describes the architectures and mod-
eling strategies used in all subtasks. Our systems
combine lightweight feature-based models® with
pretrained transformers and hybrid ensembles that
aims to balance interpretability and robustness un-
der distribution shift. The configuration details and
hyperparameters are deferred to Section 4.

For each subtask, we detail the best-performing
model below; others are described in Ap-

2Each model is named as “Model Subtasks” where i > 1

pendix A.1.

3.1 Subtask A: Binary Machine-Generated
Code Detection

3.1.1 Model A1l: Feature-Based XGBoost

Our first model is a gradient-boosted decision tree

classifier (Chen and Guestrin, 2016a) trained on a

small set of handcrafted features that capture stylis-

tic and structural properties of a source code (Chen

and Guestrin, 2016b).

The handcrafted features are: (1) Word length
kurtosis, (2) Approximate Halstead volume com-
puted from lexical operators and operands (Hal-
stead, 1977), (3) Total number of lines, (4) Number
of non-empty lines, and (5) Ratio of single-line
comments among all comment lines.

We also explore two variants: Model A2
augments handcrafted features with frozen
ModernBERT-Base embeddings, while Model A3
uses adversarial validation to remove distribution-
specific dimensions for improved robustness.
Details are provided in Appendix A.1.1 and A.1.2.

3.2 Subtask B: Multi-Class Authorship
Detection

3.2.1 Model B1: Fine-Tuned Transformer
Model B1 fine-tunes a pretrained transformer on
the Subtask B training data to directly predict one
of the authorship classes for Subtask B. Input code
snippets are tokenized using the model’s native tok-
enizer and truncated to a fixed maximum sequence
length and optimized using cross-entropy loss.

3.3 Subtask C: Hybrid Code Detection

3.3.1 Model C1: Fine-Tuned Transformer
Model C1 adapts the fine-tuning strategy from
Model B1 to the four-class classification setting
detailed in Table 3: human-written, machine-
generated, hybrid, and adversarial code.

We additionally explore a two-stage stacking
approach (Model C2), in which logit-derived fea-
tures from a fine-tuned transformer are passed to
an XGBoost meta-classifier. The full description is
provided in Appendix A.1.3.

4 Experimental Setup

For all subtasks, we follow the official SemEval—
2026 Task 13 data splits. The description of the
dataset is mentioned in Section 2.

4.1 Data Preprocessing

Models operate on raw source code without nor-
malization or language-specific preprocessing in all
subtasks. Feature-based approaches extract statis-
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Model A1

Source code Feature XGBoost Threshold Prediction
input extraction 1000 trees, d=4 t=0.84 human / machine
Model B1
ModernBERT c
f ross-entro| et
Source code Tokenizer LT, (T Py Prediction
input max 512 tokens Ir=5e-5, 4 epochs grad. accum. x4 11 classes
Model C1
ModernBERT c
f ross-entro| et
Source code Tokenizer P —— Py Prediction
input max 512 tokens Ir=5e-5, 3 epochs batch size 128 4 classes

Figure 1: Overview of the primary model pipelines for all three subtasks (each pipeline flows left-to-right). Top
(Model A1): Feature-based XGBoost pipeline for binary human vs. machine detection (Subtask A). Middle (Model
B1): Fine-tuned ModernBERT-Large pipeline for 11-class generator attribution (Subtask B). Bottom (Model C1):
Fine-tuned ModernBERT-Large pipeline for four-class hybrid authorship detection (Subtask C).

tics directly from the text, while transformer-based
models rely on the pretrained tokenizers of their
respective encoders.

For Model C2 (UniXcoder-based stacking), we
additionally evaluate an ablation variant with cost-
sensitive learning using weighted cross-entropy
loss to address class imbalance.

4.2 Subtask A: Binary Detection

Model Al: Feature-Based XGBoost. Model Al
employs an XGBoost classifier trained on five hand-
crafted features. We use 1000 trees with a learning
rate of 0.01, maximum depth 4, subsampling and
column subsampling ratios of 0.8, and ¢ regular-
ization A = 10.

Model A2: XGBoost with Transformer Embed-
dings. Model A2 augments the handcrafted fea-
tures with frozen transformer embeddings extracted
from ModernBERT-Base. Inputs are tokenized to a
maximum length of 1024 tokens, and masked mean
pooling is used to obtain a fixed-dimensional repre-
sentation. The pooled embedding is concatenated
with the handcrafted features and trained using the
same XGBoost configuration as Model Al.

Model A3:  Adversarially Filtered Em-
beddings. Model A3 extracts UniXcoder
(microsoft/unixcoder-base-nine) (Guo et al.,
2022) embeddings, fine-tuned for 1 epoch with
a learning rate of 2 x 102, batch size 64, and
warmup ratio 0.1, truncating inputs to a maximum
sequence length of 512 tokens. An adversarial
XGBoost classifier (100 trees, depth 4, learning
rate 0.1, tree_method="hist’) is trained with
three-fold stratified cross-validation to distinguish
training from test embeddings using ROC-AUC.

The 50 most discriminative dimensions, identified
via gain-based feature importance, are iteratively
removed until the adversarial AUC falls below 0.7
or fewer than 10 dimensions remain.

4.3 Subtask B: Multi-Class Authorship
Detection

Model B1: Fine-Tuned Transformer. Model B1
fine-tunes ModernBERT-Large for an eleven-class
authorship classification task. Inputs are tokenized
with a maximum sequence length of 512 tokens.
Training is performed for 4 epochs using the
AdamW optimizer (Loshchilov and Hutter, 2019)
with a learning rate of 5 x 1075. A cosine learning
rate schedule with a warmup ratio of 0.1 is applied.
We use a staged batch size strategy, increasing from
32 in the first epoch to 64 in later epochs, combined
with gradient accumulation of 4 steps, resulting in
a larger effective batch size for improved stability
and efficiency. Early stopping with a patience of 3
epochs is used based on validation macro-F1.

4.4 Subtask C: Hybrid Detection

Model C1: Fine-Tuned Transformer. Model C1
fine-tunes a single pretrained transformer for four-
class classification. Inputs are truncated to 512
tokens. Training uses AdamW optimization for 3
epochs with a learning rate of 5 x 1075 and effec-
tive batch size 32.

Model C2: Logit-Level Meta-Classifier.
Model C2 uses a fine-tuned UniXcoder-Base
(3 epochs, max length 512, AdamW with
Ir =5 x 10~°, weight decay 0.001, warmup 0.1,
batch size 64 with gradient accumulation 2, bf16,
and gradient checkpointing). From the output
logits, we construct features comprising raw logits,
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softmax probabilities, logit statistics (mean, std,
max, min), uncertainty measures (confidence,
entropy, top-2 gap), and class ranks (19 features for
4 classes), which are standardized. An XGBoost
meta-classifier (200 estimators, depth 3, I ~ 0.05,
with subsampling and /¢; /¢y regularization) is
trained on these features.

4.5 Evaluation Metric

All models are evaluated using macro-averaged
F1 scores, following the official SemEval-2026
Task 13 evaluation metric.

S Results
5.1 Main Quantitative Findings

Table 4 reports test macro Fy scores for all sys-
tems across Subtasks A, B, and C. Feature-based
Model A1 performs best in Subtask A, Model B1
achieves the highest macro F; in Subtask B, and
Model C1 slightly outperforms Model C2 in Sub-
task C.

Model Subtask A Subtask B Subtask C
Model Al 0.6724 - -
Model A2 0.6031 - -
Model A3 0.2906 - -
Model B1 - 0.3997 -
Model C1 - - 0.6337
Model C2 - - 0.6251

Table 4: Test-set macro Fy scores for submitted models.

5.2 Subtask A: Threshold Sensitivity Analysis

Table 5 shows the effect of the selection of decision
thresholds on the performance of Subtask A. For
both Model A1 and Model A2, selecting an optimal
threshold on the development set yields substantial
improvements over the default threshold of 0.5.
Model A3 remains weak in comparison.

Model Threshold Macro F;
Model Al 0.50 0.6160
Model Al 0.84 0.6724
Model A2 0.50 0.3480
Model A2 0.95 0.6031
Model A3 0.50 0.2906

Table 5: Impact of decision threshold on Subtask A.

5.3 Subtask A: Binary Detection

For Subtask A, feature-driven modeling proves ef-
fective. Model A1 that relies on handcrafted lexical,
structural, and statistical features with XGBoost,
achieves the strongest test performance. Model A2
that augments these features with contextual em-
beddings from ModernBERT-Large improves on
simpler baselines but does not surpass Model A1,
suggesting contextual embeddings may be sensitive

to train—test distribution shifts.

Model Al: Language-wise Performance. Ta-
ble 8 shows variability across languages for
Model Al. Performance is relatively stable on
seen languages (Python, C++), but inconsistent on
unseen ones: Go performs well, while PHP and
JavaScript perform poorly. Full per-class classifi-
cation reports and language-level breakdowns are
provided in Appendix A.4 and Appendix A.S.

Model A2: Language-wise Performance. De-
spite greater representational capacity, Model A2
scores below Model A1 (0.6031 vs. 0.6724), re-
quiring threshold tuning to 0.95 to avoid near-total
collapse toward the machine class. Language-wise
(Table 13), this tuning improves Python and C but
substantially degrades Go and C++, indicating that
frozen embeddings introduce distributional biases
that a single global threshold cannot resolve across
languages. This is consistent with the representa-
tion instability analysis in Section 5.3.1.

5.3.1 Representation Instability and
Adversarial Filtering

To analyze generalization during continued train-
ing, we fine-tuned UniXcoder-Base for one epoch.
While in-domain validation F} increased monoton-
ically, development set comprising both in-domain
and out-of-domain samples performance consis-
tently declined (Figure 2). This inverse relation-
ship, also observed with ModernBERT embeddings,
confirms a sharp ID-OOD generalization trade-off
consistent with prior research (Teney et al., 2023).

To better understand this degradation, we
examine the stability of transformer repre-
sentations across domains using pretrained
ModernBERT-Large, which provides a 1024-
dimensional embedding space. For each embed-
ding dimension, we compute correlations with the
binary class label on the training and development
data, finding that roughly 40% of dimensions ex-
hibit correlation sign reversals across domains. Di-
mensions predictive of human-written code dur-
ing training often become indicative of machine-
generated code at test time, suggesting that con-
textual embeddings encode domain-specific and
potentially spurious signals that undermine OOD
generalization.

Model A3 applies adversarial validation to re-
move distribution-specific dimensions. An ad-
versarial XGBoost classifier achieves ROC-AUC
0.94, decreasing to 0.87 after iterative removal,
at which point the minimum-dimension constraint
was reached. However, reduced separability does
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Performance Trade-off: Validation vs. Development F1 over Training
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Figure 2: Fine-tuning UniXcoder-Base performance
trade-off: validation F; rises while development F; falls.

not improve performance (macro F; 0.2906), sug-
gesting that domain-specific information is dif-
fusely encoded. The adversarial process is leakage-
free and uses no test labels; further details are pro-
vided in Appendix A.11 and Appendix A.10.

5.4 Subtask B: Multi-Class Authorship
Detection

Model B1 achieves a macro F; of 0.3997 on the
official test set. Per-class results (Appendix A.12)
reveal a strong imbalance between majority and
minority classes: Human (F; = 0.98) and Ope-
nAl (F; =0.75), comprising 68.8% of development
support, are classified reliably, while the remain-
ing nine LLM families achieve F; scores between
0.07 and 0.52. The weakest classes (DeepSeek-
Al, BigCode, Mistral) have the smallest support
(<21 samples), suggesting that poor recall on these
classes reflects extreme class imbalance rather than
a fundamental representational limitation.

Model B1: Generator-wise Performance. Preci-
sion generally exceeds recall for majority classes
and falls below recall for minority classes, indicat-
ing systematic over-prediction of common genera-
tors and under-prediction of rare ones.

5.5 Subtask C: Hybrid Detection

Both systems perform competitively, with
Model C1 (0.6337) slightly outperforming
Model C2 (0.6251), indicating that single-stage
fine-tuning is sufficient for the four-class label
space. The large gap between development scores
(C1: 0.8565, C2: 0.8254) and test scores reflects
substantial distribution shift.

Model C1: Language-wise Performance. Ta-
ble 17 shows variability across languages for
Model C1. Performance is consistently higher
for languages with larger training support (Python,
Java), while low-resource languages suffer: PHP
performs worst (F; = 0.554) and C best (0.896).
Full per-class metrics are provided in Ap-
pendix A.14.

Model C2: Language-wise Performance.
Model C2 follows a similar language-wise
ordering (Table 19), though absolute scores differ.
The most frequent errors are Al—Adversarial (19
cases) and AIl—Hybrid (13 cases), confirming
that the core ambiguity lies between the three
machine-generated categories rather than in
human vs. machine discrimination. Full per-class
metrics and the confusion matrix are provided in
Appendix A.15.

6 Conclusion

We provide a systematic comparison of feature-
based, transformer-based, and representation-level
approaches for SemEval-2026 Task 13 across all
three subtasks, analyzing their interaction with
supervision and domain alignment. In Sub-
task A, feature-based XGBoost models outperform
embedding-based variants, while naive integration
of frozen or fine-tuned embeddings worsens out-of-
distribution generalization. We observe instability
in embedding—label correlations across domains,
and adversarial filtering reduces distributional sep-
arability without restoring predictive accuracy. For
Subtask B, fine-tuning a large pretrained trans-
former yields limited macro-F;, reflecting chal-
lenges from class imbalance and data sparsity. In
Subtask C, end-to-end fine-tuning consistently sur-
passes representation stacking, indicating that di-
rect supervision is more effective in hybrid author-
ship settings. Overall, robustness under domain
shift requires more than representation-level distri-
bution matching; future work should explore hybrid
adversarial and task-aware fine-tuning or causal
feature selection to better balance robustness and
discrimination.
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A Appendix: Additional Implementation
Details and Analysis

This appendix provides low-level implementation
details, feature analyses, and exploratory discus-
sions that support reproducibility and further inves-
tigation.

A.1 Additional Model Descriptions

This section provides full descriptions of the non-
primary models summarized in Section 3.

A.1.1 Model A2: XGBoost with
Transformer-Based Embeddings
Our second model combines the same hand-
crafted features from Model Al with contex-
tual embeddings extracted from ModernBERT-Base
model (Warner et al., 2025). The transformer en-
coder is kept frozen and used as a feature extractor.
To obtain a fixed-length representation from the
transformer, we apply mask-aware mean pooling
over token embeddings:

h =

L7
S > mje;, (D
i

where e; is the embedding of the i-th token and m;
is the attention mask indicating valid (non-padding)
tokens.

The pooled transformer embedding is concate-
nated with the handcrafted features and fed into the
XGBoost model, as in Model Al.

A.1.2 Model A3: Adversarially Filtered
Transformer Embeddings

Model A3 explores whether distribution-specific

signals present in transformer embeddings can be

identified and removed using adversarial valida-

tion (Wang et al., 2025), with the goal of improving

robustness under domain shift.

Embedding
We fine-tune UniXcoder
(microsoft/unixcoder-base-nine) (Guo
et al., 2022) on the Subtask A training data for
1 epoch using AdamW with a learning rate of
2 x 1079, batch size 64, a warmup ratio of 0.1, and
a maximum sequence length of 512 tokens. The
fine-tuned model is then used as a feature extractor:
each code snippet is represented by a single pooled
embedding vector extracted from the encoder.

Extraction.

Adversarial Validation. We apply adversarial
validation (Wang et al., 2025) by training XGBoost
to distinguish training from test embeddings. An
ROC-AUC significantly above 0.5 identifies a mea-
surable distribution shift, indicating that the clas-
sifier can successfully identify a sample’s origin
based on domain-specific features.
Iterative Dimension Dropping. To reduce re-
liance on distribution-specific latent dimensions,
we iteratively remove embedding dimensions that
contribute most to adversarial separability. At each
iteration, we:
1. Train an adversarial XGBoost classifier on the
current embeddings.
2. Compute feature importances from the trained
model.
3. Remove the top-k most important dimensions.

This process continues until the adversarial AUC
drops below a predefined threshold (0.7), or until
too few dimensions remain to support stable train-
ing.

Final Classification. After adversarial filtering,
the remaining embedding dimensions are standard-
ized and used to train a final XGBoost classifier for
the Subtask A prediction task.

Discussion. This model did not produce compet-
itive F1 performance. We include this model to
provide insights into the trade-offs between domain
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invariance and predictive performance.

A.1.3 Model C2: Logit-Level Stacking
Ensemble

Model C2 employs a two-stage stacking architec-

ture. In the first stage, a single fine-tuned trans-

former model is applied to the validation and test

sets to extract and cache raw prediction logits.

In the second stage, logit-derived features are
constructed, including raw logits, softmax proba-
bilities, summary statistics of the per-model logit
vector, confidence and entropy-based uncertainty
measures, top-two probability margins, and rank
features. An XGBoost meta-classifier is trained on
the validation logits and logit-derived features to
produce the final predictions.

A.2 Model Al and A2: Preprocessing and
Normalization

All scalar code-level features were z-score nor-
malized using mean and standard deviation com-
puted on the training split. Comment-related
features were extracted using regular-expression-
based heuristics. Empty lines and whitespace-only
lines were excluded from line-based feature compu-
tations. The single-line comment ratio was defined
relative to the total number of detected comment
lines.

A.3 Model Al: Feature-Level Analysis

Feature Importance. Table 6 reports the top
normalized feature importances derived from
Model A1 for Subtask A. Importance values were
computed using the absolute contribution of each

Label Precision Recall F;  Support

Human (0) 0.8711 0.8610 0.8660 777
Machine (1)  0.5345 0.5561 0.5451 223
Macro Avg 0.7028 0.7085 0.7055 1000
Weighted Avg  0.7960 0.7930 0.7944 1000

Table 7: Classification report for Model A1 at threshold
0.84.

Language F1 (Thr=0.84) Seen/Unseen
Python 0.6577 Seen
Java 0.4545 Seen
C++ 0.6190 Seen

C 0.5185 Unseen
C# 0.4828 Unseen
JavaScript 0.3600 Unseen
Go 0.7097 Unseen
PHP 0.2000 Unseen

Table 8: Macro F; by programming language for Sub-
task A (Model Al, threshold = 0.84) on Development
set.

A.4 Model Al: Classification Report
(Threshold = 0.84)

Language-wise Performance. Table 8 shows
variability across languages. Performance is rel-
atively stable on seen languages (Python, C++),
but inconsistent on unseen ones: Go performs well,
while PHP and JavaScript perform poorly. This
suggests that identifying domain-invariant features
could improve generalization, but extracting such
features remains challenging.

A.5 Model A1: Classification Report
(Threshold = 0.5)

Table 9 presents the classification report for
Model Al at the default threshold of 0.5 on the

feature to the final decision function and normal-  test set.

ized to sum to one. Label Precision Recall F; Support
Feature Importance Human (0) 09122 0.6152 0.7348 777

- - - Machine (1) 0.3718 0.7937 0.5064 223

Single-line comment ratio 0.7968 Macro Avg  0.6420 0.7045 0.6206 1000
Total lines of code 0.0596 Weighted Avg  0.7917 0.6550 0.6839 1000
Non-empty lines 0.0575 Table 9: Classification report for Model A1 at threshold
Halstead volume 0.0444 0.5.
Word-length kurtosis 0.0418

Table 6: Top feature importances for Subtask A
(Model Al).

The dominance of the single-line comment ratio
suggests that stylistic cues related to documentation
and commenting behavior are strong indicators for
Subtask A, while structural and complexity-based
features (e.g., Halstead volume) provide comple-
mentary but comparatively weaker signals.

A.6 Model Al: Language-wise Performance
at Default Threshold

Table 10 reports macro F; scores across program-
ming languages for Model Al using the default
decision threshold of 0.5 on the development set.

Performance remains highly variable across lan-
guages even at the default threshold, with strong
results on Python and Go but persistent weakness
on PHP, reinforcing the impact of domain and
language-specific variation.
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Language F1 (Thr=0.50) Seen/Unseen Language F1 (Thr=0.50) F1 (Thr=0.95)
Python 0.6404 Seen PHP 0.1250 0.0909
Java 0.4118 Seen Java 0.3065 0.2432
C++ 0.4561 Seen C++ 0.3291 0.2222
C 0.3784 Unseen C 0.3600 0.4444
C# 0.4615 Unseen C# 0.3944 0.3529
JavaScript 0.5823 Unseen Python 0.4830 0.5473
Go 0.6842 Unseen Go 0.5600 0.2105
PHP 0.1622 Unseen JavaScript 0.5614 0.4286

Table 10: Macro F; by programming language for Sub-
task A (Model Al, threshold = 0.5) on the development
set.

A.7 Model A2: Classification Report
(Threshold = 0.5)

Label Precision Recall F; Support
Human (0) 09615 0.1931 0.3215 777
Machine (1)  0.2571 0.9731 0.4067 223
Macro Avg 0.6093 0.5831 0.3641 1000
Weighted Avg  0.8045 0.3670 0.3405 1000

Table 11: Classification report for Model A2 at thresh-
old 0.5 on development set.

A.8 Model A2: Classification Report
(Threshold = 0.95)

Table 12 shows that increasing the decision thresh-
old to 0.95 substantially improves class balance
and macro Fj, correcting the strong bias toward
machine predictions observed at lower thresholds.

Label Precision Recall F; Support
Human (0) 0.8320 0.8031 0.8173 777
Machine (1) 0.3880 0.4350 0.4101 223
Macro Avg 0.6100 0.6190 0.6137 1000

Weighted Avg  0.7330 0.7210 0.7265 1000

Table 12: Classification report for Model A2 at thresh-
old 0.95 development set.

A.9 Model A2: Language-wise Performance
Analysis
Table 13 reports macro F; scores across program-
ming languages for Model A2 under two decision
thresholds (0.50 and 0.95) on the development set.
Higher thresholding (0.95) improves perfor-
mance on Python but degrades performance on
several other languages (e.g., Go and C++), indi-
cating that threshold tuning introduces language-
dependent trade-offs.

A.10 Subtask A: Stable-Dimension
Adversarial Analysis

To further analyze representation instability, we
restrict embeddings to dimensions whose correla-
tion with the class label did not exhibit sign rever-
sal between training and development data, and
whose absolute change in correlation magnitude
is at most 0.3. Figure 3 visualizes the resulting

Table 13: Language-wise macro F; scores for Model A2
at different decision thresholds on the development set.

per-dimension correlations on the training set ver-
sus the development set. Adversarial validation
performs on this restricted feature set still yields
a high ROC-AUC of 0.9413, indicating that sub-
stantial domain-specific information remains even
among ostensibly stable dimensions.

A.11 Exploratory Discussion: Practical
Extensions of Model A3

A natural extension of Model A3 is to make infer-
ence explicitly aware of out-of-distribution (OOD)
domain shifts and to adapt the contribution of latent
features accordingly. One practical approach is to
incorporate a lightweight domain-shift detector op-
erating on intermediate representations (Lee et al.,
2018). Such a module could estimate the degree to
which an input deviates from the training distribu-
tion and use this signal to down-weight or suppress
latent features that are empirically unstable across
domains before producing the final prediction.

A more ambitious extension involves test-time
or online adaptation using a two-model framework.
In this setting, an auxiliary adaptation model is
trained to identify domain shift from intermedi-
ate representations and to generate updates to the
parameters of a separate prediction model. The
prediction model then performs inference using
these adapted weights, while remaining fixed with
respect to task supervision. The adaptation sig-
nals could be learned from unlabeled target-domain
data and guided by simple distributional alignment
objectives over latent feature statistics, without re-
quiring access to ground-truth labels (Wang et al.,
2021; Niu et al., 2023). Compared to static fea-
ture masking, this decoupled adaptation mecha-
nism may enable more targeted and stable adjust-
ment of parameters that remain predictive under
domain shift.

While these strategies were not explored in the
present work, they represent practical directions
for bridging the gap between identifying domain-
generalizable latent features and actively exploiting
this information at inference time to improve ro-
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Figure 3: Per-dimension correlation with the class label on the training set versus the development set, computed
after filtering to embedding dimensions with stable correlation signs and limited magnitude drift. Substantial
divergence remains between training and test correlations, indicating persistent representation instability under

domain shift.

bustness under domain shift.
A.12 Model B1: Classification Report

Table 14 presents the per-class precision, recall,
and F; scores for Model B1 on the test set.

Label Precision Recall F; Support
0 0.96 1.00 098 474
1 0.06 0.10 0.07 21
2 0.26 032 0.28 73
3 0.48 0.52 0.50 21
4 0.17 020 0.18 10
5 0.64 044 0.52 36
6 0.25 022 024 54
7 0.31 020 0.24 61
8 0.23 0.44 0.30 18
9 0.17 039 0.24 18
10 0.86 0.66 0.75 214
Macro Avg 0.40 041 0.39 1000
Weighted Avg  0.73 0.71 0.71 1000

Table 14: Classification report for Model B1 on Sub-
task B.

Error Analysis. Three distinct performance tiers
emerge from Table 14.

High-performing classes. Human (class 0,
F1 = 0.98, support 474) and OpenAl (class 10,
F1 =0.75, support 214) benefit from the two largest
support counts. The gap between precision (0.86)
and recall (0.66) for OpenAl indicates that the
model correctly identifies many true OpenAl sam-
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Figure 4: Row-normalized confusion matrix for
Model B1 on Subtask B. Each row sums to 1, high-
lighting systematic confusion among generator classes
and the dominance of majority classes.

ples but also assigns the class to a non-trivial frac-
tion of other generators’ output.

Moderate-performing classes. 01-ai (class 3,
F; = 0.50) and Gemma (class 5, F; = 0.52) are
the strongest among the minority LLM families.
Gemma has the highest precision (0.64) in this
tier, though its recall (0.44) remains low given its
limited support (36 samples).
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Low-performing classes. DeepSeek-Al (class 1,
F; =0.07, support 21) is the weakest, with near-
zero precision (0.06), indicating that most positive
predictions for this class are false positives. IBM-
Granite (class 8) and Mistral (class 9), each with
only 18 development samples, achieve F; scores of
0.30 and 0.24 respectively; their recall values (0.44
and 0.39) exceed their precision, consistent with
a model that broadly predicts these classes rather
than discriminating them sharply.

Overall pattern. The weighted average F; (0.71)
substantially exceeds the macro average (0.39),
confirming that the aggregate score is dominated by
the two large classes. The remaining nine classes
contribute 31.2% of total support yet account for
the majority of the macro-F; penalty, suggesting
that class-weighted loss, oversampling, or few-shot
adaptation would be the most effective avenues
for improving performance on underrepresented
generators.

A.13 Subtask B: Epoch-wise Performance
Analysis

Effect of Training Epochs. Table 15 reports the
macro F1 scores obtained by ModernBERT-Large
on Subtask B across different fine-tuning epochs.
All models were trained with identical hyperpa-
rameters and a fixed maximum sequence length,
varying only the number of training epochs.

Epoch Macro F,
1 0.3771
2 0.3915
3 0.3997
4 0.3997

Table 15: Epoch-wise performance of ModernBERT-
Large on Subtask B (test set).

The performance improves consistently from
epoch 1 to epoch 3, after which it saturates. This
suggests that the model converges early for Sub-
task B and additional training does not yield further
gains.

A.14 Model C1: Classification Report

Table 16 presents per-class precision, recall, and Fy

scores for Model C1 on the development set.

A.15 Model C2: Classification Report and
Error Analysis

Table 18 and Figure 6 present the per-class results
and confusion matrix for Model C2 on the develop-
ment set, and Table 19 reports the language-wise
macro F; scores.

Label Precision Recall F;  Support

Human 0.9632 0.9910 0.9769 554
Al 0.8559 0.8333 0.8444 228
Hybrid 0.8148 0.7857 0.8000 84
Adversarial 0.8268 0.7836 0.8046 134
Macro Avg 0.8652 0.8484 0.8565 1000
Weighted Avg 0.9080 0.9100 0.9087 1000

Table 16: Classification report for Model C1 on Sub-
task C (development set).
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Figure 5: Row-normalized confusion matrix for
Model C1 on Subtask C. The matrix highlights con-
fusion between Al, Hybrid, and Adversarial classes,
indicating ambiguity among machine-generated cate-
gories.

Error Analysis. Model C2 classifies Human code
most reliably (precision 0.939, recall 0.978), ben-
efiting from the large class support (554 samples)
and distinctive stylistic signals. The principal fail-
ure modes are concentrated in the minority classes.

Al misclassification. Of the 228 Al samples,
19 are predicted as Adversarial and 13 as Hybrid,
together accounting for 14% of Al errors. This
pattern suggests that the XGBoost meta-classifier
conflates uncertainty-bearing Al logit signatures
with those of the boundary categories, especially
when the transformer’s confidence is distributed
across multiple classes.

Hybrid misclassification. Of the 84 Hybrid sam-
ples, 17 are predicted as Al and 6 as Human. The
Al confusion mirrors the symmetric Al—+Hybrid
pattern (13 cases), indicating that the model strug-
gles to commit to either label for mixed-authorship
code. No Hybrid sample is predicted as Adver-
sarial, consistent with the structural difference be-
tween partially human-edited code and adversari-
ally disguised machine output.

Adversarial misclassification. Of the 134 Ad-
versarial samples, 18 are predicted as Human and
17 as Al. Human confusion (13%) indicates that
style-mimicking attacks remain partially effective
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Language Macro F;
PHP 0.5541
Go 0.7488
C++ 0.8011
C# 0.8252
JavaScript 0.8344
Java 0.8610
Python 0.8899
C 0.8956

Table 17: Language-wise macro F; for Model C1 on
Subtask C (development set).

Label Precision Recall F; Support
Human 0.9393 0.9783 0.9584 554
Al 0.8186 0.8114 0.8150 228
Hybrid 0.8000 0.7143 0.7547 84
Adversarial 0.8115 0.7388 0.7734 134
Macro Avg 0.8424 0.8107 0.8254 1000
Weighted Avg  0.8830 0.8860 0.8838 1000

Table 18: Classification report for Model C2 on Sub-
task C (development set).

even after logit-level re-scoring; these samples
likely exhibit surface statistics indistinguishable
from human-authored code. Al confusion (13%)
reflects cases where the attack succeeds in remov-
ing human stylistic markers without fully adopting
an Al signature recognizable by the meta-classifier.

Language-wise trends. C achieves the low-
est macro F; (0.622), possibly due to the small
per-label sample counts in that language ampli-
fying label noise. PHP (0.689) and JavaScript
(0.737) are also below average, consistent with the
cross-language variation observed for Model C1.
Python benefits from the largest training support
and achieves the highest score (0.862).

Overall, Model C2’s error distribution closely
parallels that of Model C1, indicating that the logit-
level stacking stage does not substantially reorder
the difficulty of individual examples. The primary
bottleneck remains the ambiguity between Al, Hy-
brid, and Adversarial categories rather than the
choice of final classifier.

A.16 Subtask C: Model Configuration and
Imbalance Analysis

Effect of Weighted Loss. Table 20 compares
UniXcoder performance with and without cost-
sensitive learning via weighted cross-entropy.

Configuration Macro F1
UniXcoder (3 epochs, unweighted) 0.5791
UniXcoder (3 epochs, weighted) 0.5978

Table 20: Impact of class-weighted loss on Subtask C
performance (test set).

Weighted loss improves F; by 1.87%, confirm-
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True Label
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Adversarial

0.0
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Figure 6: Row-normalized confusion matrix for
Model C2 on Subtask C (development set). The ma-
trix highlights confusion between Al and Adversarial
classes, as well as overlap between Al and Hybrid cate-
gories.

Language Macro F;
C 0.6217
PHP 0.6887
JavaScript 0.7372
Go 0.7644
C++ 0.7800
C# 0.8306
Java 0.8331
Python 0.8618

Table 19: Language-wise macro F; for Model C2 on
Subtask C (development set).

ing its effectiveness for the four-way classification
task.

Effect of Token Length, Model Size, and Train-
ing Duration. Table 21 presents an ablation study
using ModernBERT variants in Subtask C, analyz-
ing the effects of token length, model scale, and
number of fine-tuning epochs.

Model (Tokens) Epochs Macro F1
ModernBERT-Base (512) 1 0.5987
ModernBERT-Base (1024) 1 0.5983
ModernBERT-Large (512) 1 0.5998
ModernBERT-Large (512) 3 0.6337
ModernBERT-Large (512) 4 0.6336

Table 21: Ablation study of ModernBERT configura-
tions on Subtask C (test set).

Increasing model capacity and training duration
yields substantial improvements, while extending
the token length from 512 to 1024 provides neg-
ligible gains. Performance plateaus beyond three
epochs, consistent with early convergence.
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