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Abstract

This paper presents Team MedHastra’s sub-
mission to SemEval-2026 Task 13, which
investigates detection and attribution of AI-
generated code under increasingly realistic
and adversarial conditions. We participated in
all three subtasks: (A) binary AI-code detec-
tion under out-of-distribution (OOD) settings,
(B) multi-class authorship attribution across
10 large language model (LLM) families, and
(C) classification of human, AI-generated, hy-
brid, and adversarial code. For Subtask A,
we propose a stylometric ensemble combining
handcrafted structural features with word- and
character-level TF-IDF representations. For
Subtasks B and C, we fine-tune CodeBERT for
multi-class classification, incorporating down-
sampling and class-weighted loss to address
imbalance. Our official macro F1 scores are
0.3222 (70/81), 0.31425 (24/34), and 0.53134
(24/32) for Subtasks A, B, and C respectively.
Our analysis reveals that shallow stylometric
signals struggle under strong distribution shift,
while transformer-based representations cap-
ture generator-specific and adversarial charac-
teristics more effectively. Our implementation
is publicly available.1

1 Introduction

1.1 Subtask A: OOD AI-Code Detection

Subtask A of SemEval-2026 Task 13 (1) investi-
gates the robustness of AI-generated code detec-
tion under strong distribution shift. Rather than
evaluating detection in homogeneous settings, this
subtask emphasizes generalization across pro-
gramming languages and domains. Such robust-
ness is crucial as AI-generated code is increasingly
integrated into educational assignments, industrial
workflows, and open-source projects. Detection

1Our implementations are publicly available: Subtask B
code: GitHub Repository. Subtasks A and C code: GitHub
Repository.

systems that rely on superficial lexical cues risk
failing in realistic, heterogeneous environments.

To address this challenge, we adopt a sty-
lometric ensemble approach. Our system ex-
tracts structural formatting patterns, lexical statis-
tics, and character- and word-level TF-IDF fea-
tures, which are combined using Random For-
est, Gradient Boosting, and Logistic Regression
through weighted soft voting. The design priori-
tizes language-agnostic stylistic indicators to en-
courage cross-language robustness.

Our final macro F1 score of 0.3222 (70/81)
highlights the inherent difficulty of OOD detec-
tion. Performance degradation on unseen lan-
guages suggests that handcrafted stylistic signals
alone may not sufficiently capture deeper gen-
erative characteristics required for strong cross-
domain generalization.

1.2 Subtask B: Fine-Grained LLM
Attribution

Subtask B extends detection to multi-class author-
ship attribution across ten LLM families in ad-
dition to human-written code (2). Fine-grained
attribution is particularly relevant for academic
integrity, hiring validation, and dataset curation,
where simply detecting AI generation is insuf-
ficient. The task requires distinguishing subtle
stylistic and structural differences between related
model families.

We fine-tune CodeBERT to leverage contex-
tual representations learned from large-scale code
corpora. Inputs consist of programming lan-
guage tags concatenated with truncated code snip-
pets. Class imbalance is mitigated through down-
sampling, and optimization is performed using
AdamW with linear scheduling. Transformer-
based contextual modeling allows the system to
capture higher-level structural dependencies be-
yond surface-level stylometry.

Our system achieved a macro F1 score of
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0.31425 (24/34). Although contextual model-
ing improved discrimination compared to shallow
features, confusion between architecturally simi-
lar LLM families underscores the complexity of
generator-level attribution.

1.3 Subtask C: Hybrid and Adversarial
Detection

Subtask C introduces hybrid and adversarial au-
thorship settings, reflecting realistic human–AI
collaborative programming workflows (3). Hy-
brid samples combine human-authored and AI-
modified segments, while adversarial samples are
designed to imitate human style and evade detec-
tion systems. This task moves beyond binary de-
tection toward nuanced modeling of blended au-
thorship.

We reuse the CodeBERT backbone and incor-
porate class-weighted cross-entropy to address im-
balance among hybrid and adversarial categories.
Contextual encoding enables modeling of stylis-
tic inconsistencies and structural blending within
code segments.

Subtask C yielded our strongest results, achiev-
ing a macro F1 score of 0.53134 (24/32). These re-
sults indicate that contextual representation learn-
ing is particularly effective for nuanced authorship
scenarios, where shallow lexical features are in-
sufficient.

2 Background

2.1 Subtask A: Task Formulation and
Dataset

Subtask A is formulated as a binary classifi-
cation problem in which each instance consists
of a source code snippet and its programming
language. The objective is to predict whether
the snippet is human-written (0) or AI-generated
(1). The dataset is provided in parquet for-
mat with fields including code, language,
generator, and label, though only the binary
label is used for evaluation.

The training set primarily contains C++,
Python, and Java code from algorithmic problem-
solving domains. The test set introduces unseen
programming languages such as Go, PHP, C#, C,
and JavaScript, as well as unseen domains includ-
ing research prototypes and deployed production
code. This creates a structured out-of-distribution
evaluation scenario. Macro-averaged F1 score is

used as the evaluation metric to balance class per-
formance.

AI-generated content detection has been widely
studied in natural language processing (4; 5).
However, code differs due to rigid syntactic con-
straints and formatting regularities. Stylometric
techniques traditionally used for authorship attri-
bution (6; 7) have recently been adapted for code
analysis. Subtask A extends this line of work
by explicitly evaluating cross-language and cross-
domain robustness.

2.2 Subtask B: Attribution Setting
Subtask B extends the binary setting to 11-class
classification, where labels correspond to human-
written code or one of ten LLM families. The
dataset contains approximately 45 generators dis-
tributed across these families. The evaluation in-
cludes both generators seen during training and
unseen generators within known families, thereby
testing generalization beyond direct memoriza-
tion.

Authorship attribution has a long history in
computational linguistics (7). Recent work on
model signature identification and watermark-
ing (8) explores embedding signals during gen-
eration, but Subtask B assumes no such embed-
ded markers. Instead, attribution must rely solely
on observable stylistic and structural characteris-
tics. Pretrained transformer models such as Code-
BERT (9) provide contextual representations suit-
able for capturing these signals.

2.3 Subtask C: Hybrid and Adversarial
Setting

Subtask C introduces four labels: human-written,
fully AI-generated, hybrid, and adversarial. Hy-
brid samples reflect collaborative human–AI de-
velopment, while adversarial samples are de-
signed to evade detection by mimicking human
stylistic patterns. The dataset structure mirrors the
previous subtasks, with train, validation, and test
splits and macro F1 evaluation.

Hybrid detection challenges the assumption of
mutually exclusive authorship, requiring models
to detect stylistic blending. Research on adver-
sarial robustness and model behavior (10) demon-
strates how generative models can adapt to evade
detection mechanisms. Subtask C operationalizes
these concerns within a controlled benchmark for
evaluating robustness against blended and adver-
sarial generation.
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3 System Overview

In this section, we describe the modeling strategies
adopted for each subtask. Although all three sub-
tasks concern AI-generated code detection and at-
tribution, the varying levels of difficulty and eval-
uation settings required different modeling deci-
sions. We deliberately designed separate systems
tailored to each subtask’s objectives rather than en-
forcing a single unified architecture.

3.1 Subtask A: Stylometric Ensemble for
OOD Detection

Subtask A presents a challenging out-of-
distribution (OOD) binary classification problem.
The primary difficulty arises from distribution
shift across programming languages and domains.
Because the test set includes unseen languages
and unseen domains, we avoided reliance on
deep pretrained models trained primarily on
high-resource languages and instead adopted a
stylometric and structural modeling approach.

Our feature extraction pipeline transforms raw
source code into three complementary feature
spaces: structural statistics, lexical indicators, and
n-gram representations.

First, structural statistics capture formatting and
syntactic organization. Given a code snippet c,
we compute features such as total character length
L(c), number of lines Nl(c), average line length
L(c)/Nl(c), whitespace ratio, indentation mean
and variance, punctuation density, and bracket
counts. These features aim to capture stylistic reg-
ularities independent of programming language
semantics.

Second, lexical indicators capture usage pat-
terns of language-agnostic keywords such as if,
for, return, class, and function. Identi-
fier statistics are computed by extracting all tokens
matching the regular expression for valid identi-
fiers. We calculate average identifier length, max-
imum identifier length, and the number of unique
identifiers. These reflect naming diversity and ver-
bosity differences between human and machine-
generated code.

Third, we construct TF-IDF representations.
Let Vw denote the word-level vocabulary extracted
from training data with n-gram range (1, 3) and Vc

denote the character-level vocabulary with n-gram
range (3, 5). For each snippet c, the TF-IDF rep-
resentation is computed as:

TF-IDF(t, c) = tf(t, c) · log N

df(t)

where t is a token, N is the total number of
training documents, and df(t) is the document fre-
quency.

The final feature vector is formed by concatena-
tion:

X(c) = [Xw(c) || Xc(c) || Xs(c)]

where Xw is the word-level TF-IDF vector, Xc

is the character-level TF-IDF vector, and Xs is the
stylometric feature vector.

We train three classifiers: Random Forest, Gra-
dient Boosting, and Logistic Regression (11).
Logistic Regression provides a linear decision
boundary that often generalizes well under distri-
bution shift. Random Forest and Gradient Boost-
ing introduce nonlinear modeling capacity to cap-
ture feature interactions.

For each classifier i, we obtain predicted prob-
abilities Pi(y = 1|X). The final ensemble proba-
bility is computed as:

P (y = 1|X) =
3∑

i=1

wiPi(y = 1|X)

where weights wi are empirically selected. A
decision threshold τ is chosen to maximize macro
F1 on validation data.

As an example, consider a Python function im-
plementing breadth-first search. The pipeline ex-
tracts structural statistics (indentation depth and
loop frequency), computes TF-IDF features for to-
kens such as queue and while, and produces
a feature vector passed to the ensemble for final
classification.

The primary challenge addressed here is lan-
guage shift. Character n-grams provide partial ro-
bustness because indentation and punctuation pat-
terns often transcend language syntax. However,
we acknowledge that handcrafted features inher-
ently struggle to capture deeper generative priors
encoded in LLM outputs.

3.2 Subtask B: Transformer Fine-Tuning for
Multi-Class Attribution

Subtask B requires fine-grained discrimination
among 11 classes. Stylometric features are insuffi-
cient for this task because LLM families may share

2100



similar surface-level formatting but differ in con-
textual and structural tendencies.

We fine-tune CodeBERT (9), a transformer pre-
trained on large-scale code corpora. Given pro-
gramming language ℓ and code snippet c, we con-
struct input sequence:

x = [ℓ || c]

The sequence is tokenized and truncated to 256
tokens. CodeBERT produces contextual represen-
tations:

H = CodeBERT(x)

The classification head computes logits:

z = WhCLS + b

and predicted probabilities:

ŷ = softmax(z)

The loss function is standard cross-entropy:

L = −
10∑

k=0

yk log ŷk

Because the human class dominates the dataset,
we downsample human examples during training
to reduce imbalance. Optimization is performed
using AdamW with learning rate 2×10−5 and lin-
ear warmup scheduling.

The key modeling decision here is leveraging
pretrained contextual embeddings. Transformer
self-attention layers capture long-range dependen-
cies and stylistic coherence patterns such as com-
ment phrasing, function decomposition style, and
error-handling patterns. These signals are difficult
to represent using shallow n-gram features.

For example, if an OpenAI-family model fre-
quently structures functions with detailed doc-
strings followed by segmented logic blocks, the
contextual encoder may implicitly encode such
structural regularities across tokens. This allows
discrimination even when lexical overlap exists
between families.

3.3 Subtask C: Weighted Transformer for
Hybrid and Adversarial Detection

Subtask C introduces hybrid and adversarial
classes, which require sensitivity to subtle stylis-
tic blending. We reuse the CodeBERT backbone

from Subtask B but modify the training objective
to incorporate class weighting.

Let C = {0, 1, 2, 3} denote the four classes.
Because hybrid and adversarial samples are under-
represented, we compute class weights:

wk =
N

|C| ·Nk

where Nk is the number of samples in class k
and N is the total number of samples.

The weighted cross-entropy loss becomes:

L = −
3∑

k=0

wkyk log ŷk

This ensures minority classes contribute propor-
tionally larger gradients during optimization.

Hybrid detection requires recognizing stylistic
discontinuities within a single snippet. Trans-
former self-attention enables modeling of token-
level dependencies across distant code segments.
For instance, a human-written function header fol-
lowed by AI-style verbose implementation may
produce conflicting contextual signals. The model
learns to associate such blended representations
with the hybrid class.

Adversarial samples, designed to mimic human
style, challenge shallow feature detectors. How-
ever, contextual embeddings capture deeper gen-
erative signatures such as repetitive phrasing pat-
terns or consistent indentation behaviors charac-
teristic of LLM outputs.

Overall, Subtask C benefits most from
transformer-based modeling, as it demands nu-
anced contextual reasoning beyond surface-level
statistics.

4 Experimental Setup and Results

Experiments were conducted using the official
train, validation, and test splits provided for
SemEval-2026 Task 13 (1; 2; 3). The valida-
tion sets were used for hyperparameter tuning, and
final evaluation was performed through leader-
board submissions on the hidden test set. Macro-
averaged F1 served as the evaluation metric for all
subtasks.

For Subtask A, features were extracted directly
from raw code without language-specific parsing.
Word-level TF-IDF used up to 3000 features with
n-gram range (1, 3), while character-level TF-IDF
used 2000 features with n-gram range (3, 5). To-
kens with document frequency below 2 or above
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0.95 were filtered. Random Forest (300 trees,
max depth 30), Gradient Boosting (200 estima-
tors, learning rate 0.1), and Logistic Regression
with L2 regularization were trained on the con-
catenated feature vectors. Ensemble weights and
classification thresholds were selected using vali-
dation macro F1. Three official runs were submit-
ted with minor threshold variations.

For Subtasks B and C, we fine-tuned
microsoft/codebert-base using the
HuggingFace Transformers library. Input se-
quences were truncated to 256 tokens and
prefixed with the programming language tag.
Training was conducted for three epochs using
AdamW with learning rate 2 × 10−5 and linear
warmup over 10% of training steps on NVIDIA
Tesla T4 GPUs. Batch sizes were 8 (Subtask B)
and 12 (Subtask C). Human-class downsampling
was applied in Subtask B, while Subtask C used
class-weighted cross-entropy.

Table 1 summarizes official test results.

Subtask Macro F1 Rank Total Teams

A 0.3222 70 81
B 0.31425 24 34
C 0.53134 24 32

Table 1: Official leaderboard performance.

Subtask A showed significant performance drop
under unseen language and domain conditions,
reflecting the challenge of OOD generalization.
Subtask B achieved moderate performance but
exhibited confusion among closely related LLM
families. Subtask C obtained the strongest results,
indicating that contextual transformer representa-
tions are particularly effective for hybrid and ad-
versarial detection.

5 Error Analysis

For Subtask A, errors were predominantly con-
centrated on unseen programming languages and
non-algorithmic domains. The stylometric ensem-
ble struggled when formatting conventions, in-
dentation styles, or comment structures differed
substantially from training data. In particular,
research-oriented code containing extensive doc-
umentation or unconventional structure was fre-
quently misclassified as AI-generated. These pat-
terns suggest that handcrafted structural features
lack robustness under strong distribution shift.

In Subtask B, the primary source of error was
confusion among closely related LLM families.
Models trained on similar data distributions or
sharing architectural similarities exhibited over-
lapping stylistic characteristics, leading to misat-
tribution. While contextual embeddings captured
high-level generation tendencies, subtle distinc-
tions such as comment phrasing or variable nam-
ing patterns were not always sufficient for reliable
separation.

In Subtask C, hybrid samples were the most
challenging category. Code segments partially
modified by LLMs were often predicted as fully
AI-generated, indicating that AI-style segments
dominate contextual representations. Adversar-
ial samples occasionally mimicking concise hu-
man coding styles also reduced classification con-
fidence. These findings suggest that modeling
intra-snippet stylistic transitions may improve per-
formance in blended authorship scenarios.

6 Conclusion

In this paper, we present the Team MedHastra’s
systems for SemEval-2026 Task 13, covering bi-
nary AI-code detection under out-of-distribution
settings, multi-class LLM attribution, and hy-
brid/adversarial code classification. Our ap-
proaches combined stylometric feature engineer-
ing with ensemble learning for Subtask A and
transformer-based fine-tuning of CodeBERT for
Subtasks B and C.

The results highlight the varying difficulty
across tasks. Stylometric modeling achieved
limited robustness under strong distribution shift
in Subtask A, underscoring the challenge of
cross-language and cross-domain generalization.
Transformer-based contextual modeling demon-
strated improved performance for fine-grained at-
tribution in Subtask B and yielded the strongest
results for hybrid and adversarial detection in Sub-
task C. Error analysis revealed that unseen lan-
guages, closely related LLM families, and blended
authorship patterns remain key challenges.

Overall, our findings emphasize the importance
of contextual representation learning for nuanced
AI-code detection and attribution. Future work
may explore contrastive training for generator dis-
crimination, domain-adaptive pretraining to im-
prove OOD robustness, and token-level modeling
to better capture stylistic transitions within hybrid
code samples.
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