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Abstract
We present the results and main findings of
SemEval-2026 Task 13: Detecting Machine-
Generated Code with Multiple Programming
Languages, Generators, and Application Sce-
narios. Our task featured three subtasks. Sub-
task A is a binary classification task that deter-
mines whether a given code snippet is written
by a human or generated by a machine. This
subtask focuses on the development of robust
methods for AI-generated code identification,
since the training and the test data splits have
code in different languages and cover diverse
usage domains. Subtask B focuses on defining
synthetic code smells and requires participants
to identify the provenance of the generator fam-
ily of the model that generated the given code
snippet. Subtask C aims at more fine-grained
attribution of the written code: whether it was
fully AI-generated, fully human-written, pro-
duced in human-AI collaboration (hybrid) or by
a model tuned or prompted to give human-like
code. The task attracted a large number of team
members: subtask A (81), subtask B (34), and
subtask C (32). In this study, we present the
task, analyze the results, and discuss the sub-
missions of the system and the methods they
used.

1 Overview

Previous extensive research and shared tasks have
focused on the detection of machine-generated
text to identify misuse of large language models
(LLMs) (Wang et al., 2024a, 2025). However,
the potential misuse of machine-generated code
remains under-explored despite its importance. For
example, in academia, students’ reliance on LLMs
for assignments undermines educational integrity,
with professors unable to detect the authorship of
submissions and grading AI-generated coding prac-
tices (Koike et al., 2024; Ma et al., 2023). Simi-
larly, when hiring employees, it is crucial to ensure
that the submitted code authentically represents the
skills of the candidate (Veselovsky et al., 2023).

Moreover, machine-generated code can intro-
duce serious vulnerabilities (e.g., insecure logic,
hidden backdoors, or injection flaws) that jeopar-
dize software reliability (Bukhari, 2024) and data
security (Pearce et al., 2025). It can also facilitate
industrial-scale obfuscation, producing code that
is harder to parse or analyze, which can hide mali-
cious functionality and complicate efforts to trace
and fix bugs (Nunes et al., 2025). Furthermore,
with larger reasoning models becoming more capa-
ble, machine-generated code may contain harm-
ful snippets that are difficult to identify (Baker
et al., 2025). The potentially vulnerable nature
of machine-generated code and its inappropriate
uses strongly necessitate the provenance estimation
of code artifacts in both academia and industry.

Current detection methods often rely on superfi-
cial cues, such as naming conventions or stylistic
patterns; yet advanced models now can emulate
humans by generating natural variable names, real-
istic formatting, coherent commenting, idiomatic
coding styles, and consistent code structures, ren-
dering shallow detection ineffective (Xu et al.,
2024; Rahman et al., 2024). The challenge grows
with hybrid code that mixes human and machine
contributions (Orel et al., 2025a). Some models
are even adversarially trained to avoid detection,
thus making superficial indicators largely ineffec-
tive (Nguyen et al., 2024). Moreover, the prolif-
eration of open-weights, locally deployable LLM-
based assistants significantly expands the variety of
generation styles, thus undermining one-size-fits-
all detection approaches (Orel et al., 2025a). Ulti-
mately, robust machine-generated code detection
requires a deeper semantic understanding, cross-
programming language adaptation, and resilience
against adversarial attacks.

To this end, we propose a shared task that
involves developing tools to identify machine-
generated code in a variety of scenarios. The shared
task consists of three subtasks.

3640



2 Summary of Tasks

Subtask A: Binary Machine-Generated Code
Detection. Given a code snippet, the participants
are asked to identify whether it is (i) fully human-
written or (ii) fully machine-generated.

Our evaluation tests generalization along two
axes: programming languages and domains. The
seen programming languages in the training set
include C++, Python, and Java, and the test-time
unseen programming languages comprise Go, PHP,
C#, C, and JavaScript. Likewise, algorithmic code
is the seen domain, whereas research and generic
deployed code are unseen.

The test set for Subtask A covers four evaluation
settings: (i) seen languages and domains: the test
code matches the training languages and domains;
(ii) unseen languages, seen domains: the test code
is in new languages, but from familiar domains;
(iii) seen languages, unseen domains: the test code
is in known languages but from different domains;
(iv) unseen languages and domains: the test code
differs in both language and domain, requiring a
wide generalization. This approach enables us to
analyze submitted solutions from multiple views.

Overall, subtask A aims to solve the problems
mentioned in previous work (Orel et al., 2025a;
Wang et al., 2024b; Orel et al., 2026): AI-generated
content detectors often fail in out-of-domain set-
tings. The simplicity of the task design and its
varied evaluation settings make this task appeal-
ing to a diverse audience, from AI practitioners to
seasoned experts.
Subtask B: Multi-Class Authorship Detection.
Given a code snippet, the participants are asked
to predict whether it is: (i) fully human-written,
or generated by a model belonging to one of the
following ten model providers: (ii) DeepSeek-AI,
(iii) Qwen, (iv) 01-ai, (v) BigCode, (vi) Gemma,
(vii) Phi, (viii) Meta-LLaMA, (ix) IBM-Granite, (x)
Mistral, or (xi) OpenAI. All model family represen-
tatives are listed in Table 7.

In the test set of Subtask B, we include samples
for two evaluation settings: (i) seen authors, where
test generators appear in training; and (ii) unseen
authors, where generators are new but from known
families. Our data includes 45 generators, averag-
ing four per family. Subtask B builds on CoDet-
M4 (Orel et al., 2025a) and introduces more com-
plex classification challenges to determine whether
a code snippet is human-written or generated by a
specific LLM.

Subtask C: Fine-Grained Code Classification.
Given a code snippet, the participants are asked to
identify whether it is: (i) fully human-written, (ii)
fully machine-generated, (iii) hybrid, where human-
written code is either partially completed or rewrit-
ten by an LLM, and (iv) adversarial, where the
code is generated in response to prompts designed
to produce “human-like” outputs, or the code is
generated through adversarial training (RLHF) to
mimic human-authored code.

In Subtask C, we extend ideas introduced by
Droid (Orel et al., 2025b) and CoDet-M4 (Orel
et al., 2025a), which show that code classification
should not be treated as purely binary, but should
instead account for hybrid and adversarially gener-
ated code.

As LLMs increasingly assist in writing program-
ming code, hybrid authorship becomes more com-
mon. For example, students may draft assignments
and enhance them with AI, while candidates might
submit AI-assisted code during hiring, highlighting
the need to assess genuine programming skills and
originality. Moreover, distinguishing AI-generated
code is vital for developing advanced frameworks.

Subtask C addresses these challenges by en-
abling detection of AI-assisted plagiarism, helping
companies verify code authenticity during hiring,
and expanding human-written code datasets for de-
veloping code-based frameworks. This task drew
significant attention from the AI community due
to its novelty, practicality, and growing interest in
generative AI for programming.

3 Dataset and Evaluation Measures

Data Sources. We build on Droid (Orel et al.,
2025b), which includes CodeNet (Puri et al.,
2021), ObscuraCoder (Paul et al., 2025), StarCoder-
Data (StarCoder, 2023), Vault (Manh et al., 2023),
and TACO (Li et al., 2023), add LeetCode and
CodeForces problems from Orel et al. (2025a), and
expand further using Droid’s generation pipeline.
We use several generation strategies. For inverse
prompting, an LLMs first derives a prompt from
the source code, and other LLMs then generate
code from that prompt. We also generate code
from comments, document strings, and problem
statements. For hybrid samples, we ask LLMs to
fill in removed regions or rewrite parts of the orig-
inal code. Adversarial code is produced either by
prompting LLMs to imitate human-written code or
by tuning them for that objective.
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Split Generator #Samples Languages Domains

Train
Human 238,475 Python, Java,

C++
Algorithmic Code

AI 261,525 Python, Java,
C++

Algorithmic Code

Validation
Human 47,695 Python, Java,

C++
Algorithmic Code

AI 52,305 Python, Java,
C++

Algorithmic Code

Test
Human 390,054 C, C#, C++, Go,

Java, JavaScript,
Python

Algorithmic Code,
Research,
Generic Deployed
Code

AI 109,946 C, C#, C++, Go,
Java, JavaScript,
Python

Algorithmic Code,
Research,
Generic Deployed
Code

Table 1: Subtask A: Binary Machine-Generated
Code Detection. Dataset statistics.

Programming Languages and Generators. For
generation across languages including C++, C#,
Python, Java, Go, PHP, and JavaScript, we use
models from the families of Yi (01.AI, 2024),
Qwen (Qwen, 2023), StarCoder (StarCoder, 2023),
DeepSeek (DeepSeek, 2024), Gemma (Gemma,
2024), IBM-Granite (IBM, 2024), Llama (Meta,
2024) (including CodeLlama models), Mistral (AI,
2025), and Phi (Microsoft, 2024).

Subtask A. In Table 1, we present the dataset
statistics for Subtask A. Although the task is a bi-
nary classification, we introduce substantial data
drift. The training data consists solely of algo-
rithmic code in Python, Java, and C++, while
the test set includes additional languages (C, C#,
JavaScript, and Go) and broader use cases. Specif-
ically, the test data spans Algorithmic Code, Re-
search Code, and Generic Deployed Code, making
the evaluation more challenging and realistic.

Subtask B. In Table 2, we demonstrate statistics
for Subtask B splits based on the number of sam-
ples and generators. We use multiple generators per
model family and construct the test split to include
both seen and unseen generators.

Subtask C. As shown in Table 3, for Subtask C,
we used all available data and kept the number of
generators consistent across splits. The test set also
includes human-authored solutions from The Heap
dataset (Katzy et al., 2025), containing repositories
not used in The Stack (the primary source for train-
ing and validation), as well as hybrid samples from
SwallowCoder (Fujii et al., 2025), where human
code is rewritten with Llama 3.3 70B Instruct.

Split Generator #Samples #Models

Train

Human 442,096 1
GPT 10,810 1
Qwen 8,993 5
Llama 8,197 5
IBM-Granite 8,127 3
Phi 5,783 3
Mistral 4,608 2
DeepSeek 4,162 3
Yi 3,029 2
StarCoder 2,227 3
Gemma 1,968 3

Validation

Human 88,490 1
GPT 2,154 1
Qwen 1,755 5
Llama 1,695 5
IBM-Granite 1,579 3
Phi 1,118 3
Mistral 895 2
StarCoder 847 3
Yi 650 2
BigCode 445 3
Gemma 372 3

Test

Human 243,769 1
GPT 104,304 2
Qwen 26,459 12
Llama 35,411 13
IBM-Granite 11,202 7
Phi 20,981 7
Mistral 14,185 5
DeepSeek 9,674 6
Yi 8,471 4
StarCoder 3,631 6
Gemma 21,913 8

Table 2: Subtask B: Multi-Class Authorship Detec-
tion. Dataset statistics.

Data Filtering. To ensure data quality, we apply
filtering and validation to both original and gen-
erated code. We verify syntactic validity using
Abstract Syntax Trees (ASTs) and filter samples
by AST depth, line length, and number of lines,
removing overly simple, complex, or unstructured
entries, retaining only English samples. The filter-
ing pipeline follows Droid’s approach (Orel et al.,
2025b). MinHash deduplication (Broder, 1997)
eliminates redundancy while preserving diversity.
To avoid contamination, we use human-written
code up to 2022, before widespread code LMs;
however, this cannot guarantee that our human-
written code is contamination-free.

Evaluation Measures. Due to class imbalance,
we adopt macro-averaged F1 as the primary eval-
uation measure across all tasks. It is computed by
calculating the F1 score for each class and then
averaging across classes, giving equal weight to
each class regardless of frequency.
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Split Label #Samples #Generators

Train

Human 485,483 1

AI 210,471 78

Hybrid 85,520 28

Adversarial 118,526 17

Validation

Human 107,885 1

AI 46,770 78

Hybrid 19,006 28

Adversarial 26,339 17

Test

Human 334,770 1

AI 58,510 78

Hybrid 73,889 29

Adversarial 32,831 17

Table 3: Subtask C: Fine-Grained Code Classifica-
tion. Dataset statistics.

4 Task Organization

The shared task was conducted in two phases: de-
velopment and testing.

Development Phase. The training and validation
sets, along with a small portion of the test set, were
provided to the participants. Teams competed on
a 1K-sample test subset, tracked via a live Kaggle
leaderboard. Up to 50 daily submissions were al-
lowed, with each team’s best score displayed in
real time.

Testing Phase. All previous submissions were
invalidated and the test set was updated with un-
seen samples. Participants had 14 days to evaluate
their systems; no test labels were provided and
evaluation was conducted on Kaggle with a real-
time leaderboard reflecting the best-performing so-
lutions. The task attracted many teams: Subtask
A (81), Subtask B (34), and Subtask C (32). After
the competition ended, we did not release the gold
test labels to prevent saturation, but kept the sub-
mission system open for post-task evaluation and
monitoring state-of-the-art results across subtasks.

5 Participating Systems

We summarize common characteristics across par-
ticipating teams and describe in more detail the ap-
proaches of the top three systems in each subtask,
followed by brief notes on the remaining submis-
sions. System performance is reported in Tables 4,
5, and 6, while a broader quantitative analysis of
the leaderboard results is provided in Appendix C.
Complete system descriptions can be found in Ap-
pendix D.

5.1 General Solution Trends
We analyze the approaches used by the teams in
Table 8 (see Appendix E). Transformer-based en-
coders were the dominant backbone: CodeBERT
was the most widely used, followed by UniXcoder
and Modern-BERT. Several teams relied on large
instruction-tuned LLMs with LoRA fine-tuning,
while others preferred smaller pretrained code mod-
els with task-specific adaptations. Feature engineer-
ing also played a major role, with many systems
incorporating hand-made structural, stylometric, or
AST-based features. In contrast, advanced strate-
gies such as pseudo-labeling, curriculum learning,
and focal loss were adopted by only a few teams.
Ensemble techniques were common, particularly
logit-level stacking and tree-based models (e.g.,
XGBoost/CatBoost), whereas specialized compo-
nents such as Multiple Instance Learning (MIL)
or explicit label-flip post-processing were rare. In
general, the table highlights a methodological split
between purely neural approaches and hybrid sys-
tems that integrate transformer embeddings with
engineered structural signals.

5.2 Top Solutions of Subtask A
Team TeleAI. Team TeleAI participated in Sub-
tasks A, B, and C with a unified multi-stage frame-
work that combines data-centric preprocessing,
prompt optimization, fine-tuning, and assembly.
They addressed class imbalance via repeated over-
sampling and standardized prompts to improve out-
put consistency. The core model, Qwen3-30B-A3B,
was fully fine-tuned to capture stylistic and struc-
tural differences between human and AI-generated
code. The final predictions were produced through
multi-level assembly, integrating multiple models
and checkpoints through soft voting, hard voting,
and LightGBM stacking to improve robustness to
distribution changes (Wang et al., 2026).

Team Alejandro Mosquera. Alejandro Mos-
quera employed a transformer-based approach
centered on UniXcoder, complemented by data-
centric training strategies. The system incorporates
pseudo-labeling and curriculum learning to refine
decision boundaries, alongside feature engineer-
ing to capture structural signals. Training is sta-
bilized using focal loss to better handle difficult
examples. Rather than relying on ensembling or
classical baselines, the approach improves repre-
sentation learning within a single neural backbone
through structured training enhancements.
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Team UIT-AMMC. For Subtask A, the team
proposed a Structure-Aware Contrastive Cascade,
a multi-stage architecture combining generative
reasoning with explicit structural features to dis-
tinguish human-written from AI-generated code.
Their approach exploits the formatting and struc-
tural signatures introduced by alignment-tuned
LLMs. The core model, Qwen-2.5-Coder-14B,
was fine-tuned with QLoRA and enhanced with
stochastic data augmentation for cross-language
robustness. Final predictions were produced via
late fusion of contrastive probabilities and struc-
tural statistics, with high-uncertainty cases refined
through a multi-agent adversarial debate mod-
ule (Cuong et al., 2026).

5.3 Top Solutions of Subtask B

The best solution is provided by the TeleAI team
and is already described in Section 5.2.

Team Yuvan. For Subtask B, Team Yuvan tack-
led extreme class imbalance in the 11-way set-
ting using direct multi-class training with inverse-
frequency class weighting. They fine-tuned
Qwen-2.5-Coder-1.5B with LoRA (rank=16, α
= 32) in stratified samples for five epochs using
distributed training. An earlier two-stage pipeline
(binary detection followed by generator classifica-
tion) was discarded due to cascading errors, and
the final end-to-end multi-class formulation proved
more stable. Training used bfloat16 mixed preci-
sion, gradient checkpointing, and fixed seeds for
reproducibility (Ramesh and Wu, 2026).

Team SYSUpporter. Team SYSUpporter fine-
tuned the UniXcoder-base for 11-way classifica-
tion. To handle long sequences within the 1024-
token constraint, they introduced a language-aware
truncation strategy that preserves both head and
tail segments, with ratios dynamically adjusted per
language. Training included randomized trunca-
tion and window sampling for robustness. Addi-
tionally, whitespace and formatting cues such as
indentation type, trailing whitespace, and line end-
ings were injected as special tokens, exploiting
generator-specific stylistic signatures. The final
system employed 5-fold stratified cross-validation
with Focal Loss, Generalized Mean Pooling, Multi-
Sample Dropout, and bucket batching, averaging
fold predictions for final outputs (Chen and Zheng,
2026).

5.4 Top Solutions Subtask C
Team YoungDSMLKZ. Team YoungDSMLKZ
proposed a multi-level ensemble combining three
complementary pipelines with prior-adjustment
calibration and a hierarchical decision strategy.
The first pipeline applies Dynamic Multiple In-
stance Learning (MIL) with UniXcoder to process
long files by aggregating chunk-level evidence, fol-
lowed by a CatBoost classifier. The second uses
meta-stacking, fusing probabilities from fine-tuned
UniXcoder and ModernBERT via a CatBoost meta-
learner. The third applies XGBoost over 200+
handcrafted stylometric and structural features, in-
cluding entropy, comment density, and AST statis-
tics. The final predictions follow a hierarchical
class-priority rule to mitigate systematic class bi-
ases (Gainulla and Shamsadinov, 2026).

The second-best solution was proposed by the
TeleAI team and is detailed in Section 5.2.

Team Yuvan. For Subtask C, Team Yuvan used
a three-model weighted ensemble to maximize fea-
ture diversity. The system combines LoRA-fine-
tuned Qwen-2.5-Coder-1.5B (65%), a TF-IDF
character n-gram model with Logistic Regression
(25%), and CodeBERT with head-tail splitting for
long-context modeling (10%). The weights were
optimized by searching the validation data grid. In
particular, feature diversity proved more valuable
than individual model strength, as the lexical model
contributed complementary signals despite lower
standalone performance. The neural components
were trained with mixed precision and fixed seeds
for reproducibility (Ramesh and Wu, 2026).

6 Performance Analysis

We analyze the error patterns of the Top-3 sub-
missions across all subtasks, focusing on how per-
formance degrades under distribution shifts in lan-
guage, domain, generator identity, and label granu-
larity.

6.1 Subtask A
Figure 1 reveals several clear patterns. The do-
main shift dominates the language shift. Perfor-
mance is highest for algorithmic code (the seen
domain), while both research and generic deployed
code show lower Macro-F1 and higher variance.
This confirms that detectors trained primarily on
algorithmic code struggle to generalize stylistically
and structurally to more realistic or heterogeneous
coding environments.
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(a) By domain. (b) In- and out-of-domain.

(c) By programming language. (d) Source group × language.

Figure 1: Error analysis on difficult samples using the Top-3 best submissions. (a) Macro-F1 by domain; (b) Macro-
F1 by seen/unseen domain and seen/unseen language; (c) Macro-F1 by programming language; (d) source-group ×
language Macro-F1 heatmap, where blank cells indicate that no such combination exists.

Unseen domains hurt more than unseen lan-
guages. When isolating evaluation regimes, per-
formance degradation is more pronounced for un-
seen domains than for unseen languages. Models
transfer stylistic signals better across languages
than across domains, suggesting that generator ar-
tifacts are partially language-agnostic but domain-
sensitive. Language-specific brittleness. Across
languages, Python yields the highest Macro-F1,
likely reflecting the size and stylistic regularity of
the dataset. In contrast, PHP and JavaScript show
the lowest performance and higher variance, in-
dicating instability in detecting artifacts in web-
oriented or loosely structured languages. The com-
pound shift is the hardest setting. The source-
group × language heatmap shows that combining
unseen languages and unseen domains produces
the most challenging cells. The Research Code in
JavaScript and Java shows substantial degradation,
highlighting the difficulty of generalizing across
domains and languages.

In general, Subtask A confirms that domain
generalization is the primary bottleneck in binary
machine-generated code detection.

6.2 Subtask B

The generator shift is severe. As shown in Fig. 2a,
Macro-F1 drops substantially for unseen genera-
tors. Unlike Subtask A, which aggregates artifacts
into a binary signal, Subtask B requires distin-
guishing stylistically similar LLM families, and
the performance gap indicates a partial overfitting
to generator-specific signatures rather than robust
family-level traits. The correctness-overlap anal-
ysis (Fig. 2b) shows that 70.8% of the samples
are correctly classified by all three top systems.
Each model contributes uniquely correct predic-
tions, suggesting complementary decision bound-
aries, yet the union covers 85.7% of the dataset,
leaving 14.3% misclassified by all Top-3 models.
The most difficult cases come from the Phi and
Llama families, which show the greatest internal di-
versity, whereas the fewest errors occur for human-
written code, indicating that models capture human
patterns more reliably than fine-grained stylistic
differences within LLM families.

Compared to Subtask A, Subtask B highlights
that fine-grained attribution is substantially more
sensitive to generator shift than binary detection.
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(a) Macro-F1 on seen vs. unseen generators (mean ± std). (b) Correctness overlap among Top-3 submissions. The
outside-union portion (14.3%) corresponds to cases where
none of the models is correct.

Figure 2: Error analysis for Subtask B: generator generalization and agreement among top submissions.

6.3 Subtask C

Language-level trends persist. Figure 3a shows
that performance remains strongest for Python,
C++, Go, and C, while PHP is consistently more
challenging due to its distinct syntax. This mirrors
the Subtask A patterns, suggesting that language
structure influences the detectability of generative
artifacts even under finer-grained labeling.

Research code remains the most challenging
domain. The source-group × language heatmap
(Fig. 3b) shows substantial degradation for Re-
search Code, especially in JavaScript, Go, and Java,
likely due to higher stylistic variability and subtler
human-LLM blending patterns.

Hybrid and adversarial signals increase the
ambiguity. Unlike Subtask A, Subtask C requires
distinguishing partial machine assistance (hybrid)
and deliberately human-like machine outputs (ad-
versarial). Although these settings blur stylistic
boundaries and reduce artifact-based separability,
overall system performance in Subtask C is higher
than in Subtask A, indicating that learning these
patterns is easier than adapting to domain changes.

In general, Subtask C shows that increasing the
granularity of the label does not necessarily lead to
performance drops.

7 Conclusion and Future Work

In this work, we summarized SemEval-2026 Task
13 on Detecting Machine-Generated Code with
Multiple Programming Languages, Generators, and
Application Scenarios.

The task attracted significant interest from the re-
search community due to its practical relevance and
methodological challenges. Subtask C was com-
paratively simpler, Subtasks A and B posed greater
difficulty due to the strong out-of-domain evalua-
tion settings, revealing the limitations of current
systems under distribution shift.

In future work, we plan to extend the task toward
multi-modal (including audio and images) settings,
incorporating audio and visual modalities to study
cross-modal consistency in AI-generated artifacts.
We also aim to develop open-source detection sys-
tems to support transparent and reproducible bench-
marking. Beyond these directions, several research
avenues remain open. First, as AI coding assistants,
such as Cursor and Claude Code, become deeply
integrated into everyday development workflows,
machine-generated code detection must adapt to a
setting where AI assistance is ubiquitous and con-
tinuously updated. It goes beyond the hybrid cate-
gory, since it is important to study how detection
systems perform when AI participation is subtle, it-
erative, and shaped by rapidly evolving toolchains.
This shift also calls for stronger considerations
of safety, reliability, and efficiency in realistic de-
ployment environments. Second, more principled
domain generalization techniques, such as invari-
ant representation learning and causal modeling,
could reduce overfitting to generator-specific arti-
facts. Third, expanding evaluation to low-resource
programming languages would improve ecological
validity.
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(a) Macro-F1 by programming language (mean ± std across
models).

(b) Macro-F1 by source group × language for Subtask C.

Figure 3: Error analysis for Subtask C: performance across languages and source groups.

Additionally, interpretability-focused methods
could help identify which structural or stylistic
cues drive predictions, increasing trust in deploy-
ment settings. Finally, investigating adversarial
robustness and adaptive generators is essential to
understanding how detection systems perform in
dynamic, competitive environments where models
may intentionally obfuscate their signatures.

8 Limitations

Despite providing a comprehensive dataset that
spans multiple languages, generators, and domains
in three distinct tasks in machine-generated code
detection, our study faces several limitations that
pave the way for future research.

Firstly, the methods described in the competi-
tion rely solely on black-box information. These
methods might exhibit reduced effectiveness and
struggle to generalize across new domains, genera-
tors, and languages.

Secondly, although the task is designed to ap-
proximate realistic coding scenarios, its coverage
remains limited in two main respects. The data is
filtered using constraints such as the depth of the
AST, the length of the line, and the overall size
of the code to ensure quality and consistency. Al-
though this produces clean samples, it excludes
highly verbose, overly complex, extremely short,
or poorly structured code that often appears in real-
world repositories, potentially reducing the diver-
sity of syntactic and stylistic patterns represented.
Additionally, the task currently includes 8 widely
used programming languages (C++, C, C#, Go,
Java, JavaScript, PHP, Python). Although these
languages cover many practical use cases, they
constitute a fixed set and do not evaluate model
generalization beyond this selection.

9 Ethical Statement

Data Collection and Privacy. The dataset is con-
structed from publicly available research corpora
and model outputs generated via documented in-
terfaces, in compliance with platform terms and
licenses. Human-written code is sourced from pub-
lished datasets, with no private repositories, pay-
walled content, or sensitive personal data included.

Bias. Human- and LLM-generated code can
reflect biases that stem from data availability, plat-
form popularity, community practices, and training
corpora. Consequently, the task may inherit distri-
butional skews (e.g., language, domain, or stylistic
imbalances) that affect external validity. We mit-
igate these risks through diverse sampling across
platforms, programming languages, and genera-
tor families; however, complete representativeness
cannot be guaranteed.

Risk of Misuse. Our objective is to improve
transparency in AI-assisted programming and en-
able applications such as plagiarism detection, com-
pliance checks, and provenance auditing. To reduce
potential misuse (e.g., evasion of detection sys-
tems) and to prevent saturation of the benchmark,
we avoid releasing the entire testing set.

Broader Impact. Our task attracted significant
attention from researchers around the world, high-
lighting challenges in AI-generated code detection.
By framing detection as a multi-setting, realism-
oriented benchmark, we move beyond simplified
binary setups toward robustness under distribution
shifts. Despite limitations, the task provides a foun-
dation for more transparent, accountable, and trust-
worthy AI-assisted programming systems. We are
also releasing an enlarged version (with more mod-
els and slightly harder subtask constraints) of the
dataset as part of AICD Bench (Orel et al., 2026).
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Rank Team Name Macro F-score #Entries

1 TeleAI 0.99708 3
2 Alejandro Mosquera 0.82409 78
3 UIT_AMMC 0.80188 21
4 CEIA 0.75318 23
5 Juan David Villate 0.75209 12
6 Jany-Gabriel Ispas 0.73759 67
7 Dream 0.73087 16
8 UIT_DoubleDat 0.73006 5
9 QQQ 0.72234 7

10 mcdok 0.69753 69
11 Andrei-Iosif Iojă 0.69334 22
12 YNU-HPCC 0.69231 15
13 FMI_SU_Yotkova_Kastreva 0.67347 155
14 TransfomerTrio 0.67240 61
15 hristoboyanov 0.66046 27
16 CodeMonks 0.64735 50
17 YZhang 0.63825 22
18 Yuvan Ramesh 0.63825 38
19 WWR SFE 0.63558 17
20 Pham Quoc Cuong 0.63524 3
21 shubham kannaujiya 0.62362 16
22 Shantanu Thorat 0.61432 2
23 Sruthi Santhanam 0.61248 10
24 CoDetect 0.60204 60
25 Coderz 0.60169 3
26 CodeHunters 0.58724 4
27 Talida Caraman 0.57659 4
28 andedge 0.57659 2
29 Daniel Scheider 0.57341 5
30 Adithya Srinivasan133 0.56773 24
31 Rincu Stefania 0.56367 2
32 dsukhotin 0.56089 2
33 ReLU Deal 0.55929 4
34 Atharv Ramesh 0.54725 16
35 CUET_Luminaries_0227 0.54110 23
36 Md. Rafat Kabir 0.53834 10
37 Mind_Flayer 0.53822 13
38 LATE-IIMAS 0.53809 21
39 CSMetro 0.53743 52
40 Udaythalavesh S 0.53588 7
41 WWTC@UniA 0.53473 3
42 Shibam Mandal 0.52391 4
43 contestant001 0.51756 3
44 Team_Omega 0.51321 2
45 Isun chehreh 0.51180 51
46 Syntax_Sentinels 0.49680 2
47 Team_SLS 0.49655 4
48 823 0.49432 15
49 Ayah Khaldi 0.49072 4
50 Walisa 0.47733 11
51 NUST-CodeIntel 0.47328 5
52 Dipannita Orni 0.46344 8
53 Codexa 0.45245 6
54 NLP-UB 0.44209 1
55 Segmentation fault 0.43913 4
56 waxemej799 0.43823 1
57 Sadiba Nusrat Nur 0.43823 2
58 Barsha Mishra 0.42663 1
59 AI Detector 0.40893 5
60 Varun Nivass G 0.40282 1
61 Salvo Cappello 0.39984 1
62 Diana Sician 0.39879 2
63 Tony Ironman 0.38380 5
64 AIgenvalues @UniA 0.38377 3
65 Königsberg 0.38262 7
66 adobosz 0.37267 2
67 Janani Hariharakrishnan 0.36866 6
68 SSN-CSE-CODECATALYSTS 0.32826 3
69 Grzegorz (Gregory) Kłosiński 0.32303 2
70 MedHastra 0.32222 3
71 Ruwad Naswan 0.31726 1

- Baseline 0.30530

Table 4: SemEval-2026 Task 13 Subtask A leader-
board.

Rank Team Name Macro F-score #Entries

1 TeleAI 0.50819 2
2 TocToc 0.45595 30
3 Yuvan Ramesh 0.44882 4
4 SYSUpporter 0.43399 7
5 WWTC@UniA 0.42986 1
6 Wooo2002 0.42953 53
7 Jany-Gabriel Ispas 0.42219 20
8 CodeDet 0.41570 5
9 Codexa 0.41278 62

10 ICI Innolabs 0.41104 35
11 MALTO 0.40500 16
12 TransformerTrio 0.39968 9
13 mcdok 0.39553 16
14 YNU-HPCC 0.39371 34
15 Giovanni Iacuzzo 0.38493 1
16 Hutan Mihai-Alexandru 0.38294 1
17 AIgenvalues @UniA 0.37486 2
18 AI_Detector 0.36811 5
19 Osint 0.35693 2
20 Shifali Agrahari 0.34796 2
21 Sandhya Giribabu 0.34425 1
22 Zhennor 0.34027 1
23 CodeHunters 0.32469 6
24 Vedajanaani 0.31425 1
25 LATE-IIMAS 0.30287 1
26 Farhan Nafis Rayhan 0.29639 9
27 Aadit P 0.28898 1
28 Alimasigna 0.28177 1
29 Saud Khan 0.28177 1
30 SSN-CSE-CodeBrothers 0.25715 1
31 adobosz 0.25483 1

- Baseline 0.22858

Table 5: SemEval-2026 Task 13 Subtask B leader-
board.

Rank Team Name Macro F-score #Entries

1 Young DSMLKZ 0.78546 356
2 TeleAI 0.73332 14
3 Yuvan Ramesh 0.71398 2
4 Brazil AI 0.69770 57
5 mcdok 0.68643 22
6 WWTC@UniA 0.64765 1
7 TransformerTrio 0.63368 16
8 YNU-HPCC 0.62599 27
9 Ilyaaaas_N 0.61865 7

10 MALTO 0.61557 24
11 Antonella Coviello 0.61434 11
12 Jany-Gabriel Ispas 0.61429 12
13 Stefania Rincu 0.59928 2
14 Hutan Mihai-Alexandru 0.59204 2
15 Saud Khan 0.58925 1
16 Ruwad Naswan 0.58548 1
17 AIgenvalues @UniA 0.58454 2
18 TeamBots 0.57873 7
19 ai detector 0.57415 1
20 N4G1B4T0R5 0.57319 2
21 Kyle Yu 0.57222 10
22 LATE-IIMAS 0.56775 1
23 Alimasigna 0.53865 1
24 Vedajanaani 0.53134 1
25 Carson Cheng 0.52936 4
26 AI Detectors 0.52691 1
27 SSN-CSE-CodeBrothers 0.52556 1
28 Dipit Saha 0.52498 1
29 Aadit P 0.49754 1
30 adobosz 0.49674 2

- Baseline 0.48120

Table 6: SemEval-2026 Task 13 Subtask C leader-
board.
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A Appendix

B Used Generators

In Table 7 we list all generators included in the
shared task. In total, the dataset comprises 11
generator families: ten LLM families and human-
written code. Each family is represented by multi-
ple checkpoints spanning different parameter scales
and instruction-tuning variants (e.g., base vs. in-
struct/chat), which increases both intra-family di-
versity and the overall difficulty of attribution. We
also aim to support both locally deployable and
API-based models (e.g., OpenAI’s GPT models).
The largest variety of generators is observed for
the Llama, Qwen, and Phi families, reflecting their
broad public availability and rapid model iteration.
Overall, this selection aims to balance coverage
of widely used code-capable LLMs with diversity
in model size and alignment strategy, providing a
realistic benchmark for detection and fine-grained
generator family attribution.

C Final Leaderboard

In Table 4, Table 5, and Table 6 we provide a final
snapshot of the task leaderboards, showing submis-
sions that surpassed the baseline. Subtask A at-
tracted the highest number of participants, indicat-
ing strong interest in the binary detection environ-
ment. The performance range is substantial, with
the top system achieving a near-perfect Macro F-
score of 0.997, while the majority of teams cluster
between 0.50 and 0.70. The median performance
lies in the mid-0.50s, suggesting that although high
scores are attainable, robust and generalizable solu-
tions remain challenging.

Subtask B, on the contrary, appears considerably
more challenging. The best-performing system
achieved a Macro F-score of 0.508, and most teams
scored between 0.30 and 0.45. The narrower score
range and lower ceiling indicate that fine-grained
distinctions required in this setting are harder to
model effectively. Despite attracting fewer teams,
Subtask B demonstrates tighter competition among
mid-ranked systems, with relatively small differ-
ences that separate adjacent ranks.

Subtask C presents a different dynamic: despite
participation comparable to Subtask B, top per-
formance is substantially higher, with the leading
team achieving 0.785 F-score and several systems
exceeding 0.65, suggesting that this multi-class
configuration is tractable.

Model Family Model

Yi

Yi-Coder-9B
Yi-Coder-9B-Chat
Yi-Coder-1.5B-Chat
Yi-Coder-1.5B

GPT
GPT-4o-mini
GPT-4o

Qwen

Qwen2.5-Coder-7B
Qwen2.5-Coder-7B-Instruct
Qwen2.5-Coder-1.5B-Instruct
Qwen2.5-Coder-32B-Instruct
Qwen2.5-72B-Instruct
Qwen2.5-Coder-1.5B
Qwen2.5-Coder-14B-Instruct

Gemma
codegemma-7b-it
codegemma-7b
codegemma-2b

Deepseek

deepseek-coder-6.7b-instruct
deepseek-coder-6.7b-base
deepseek-coder-1.3b-instruct
deepseek-coder-1.3b-base

Granite
granite-8b-code-instruct-4k
granite-8b-code-base-4k

Llama

Llama-3.1-8B-Instruct
Llama-3.2-3B
Llama-3.1-70B-Instruct
Llama-3.3-70B-Instruct
Llama-3.3-70B-Instruct-Turbo
Llama-3.2-1B
Llama-3.1-8B
CodeLlama-70b-Instruct-hf
CodeLlama-34b-Instruct-hf
CodeLlama-7b-hf

Phi

Phi-3-small-8k-instruct
Phi-3-mini-4k-instruct
phi-4
Phi-3-medium-4k-instruct
phi-2
Phi-3.5-mini-instruct

Mistral Mistral-Small-24B-Instruct-2501

StarCoder

starcoder2-15B
starcoder
starcoder2-7b
starcoder2-3b

Table 7: Model families and their selected models used
in our task.

However, similar to Subtask A, there is a notice-
able performance tail, with lower-ranked systems
dropping below 0.50.

Across all subtasks, the number of submissions
per team varies widely, from single-entry systems
to highly iterative teams that submit hundreds of
runs, indicating various experimentation strategies.
It is worth noting that too many entries may indi-
cate that a team was trying to probe the leaderboard,
and their final solution could be overfitting to the
leaderboard situation rather than solving the task.
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D System Descriptions

Team CSMetro. Team CSMetro proposed a
feature-driven ensemble for AI-generated code de-
tection across languages. Their Advanced Fea-
ture Extractor computes 36 structural, stylistic, and
token-level features, which are used to train multi-
ple classifiers (L1/L2-regularized Logistic Regres-
sion, Random Forest, and Gradient Boosting), with
linear models operating on scaled features and tree-
based models on raw inputs. Final predictions are
produced via weighted logit-level stacking to im-
prove robustness across heterogeneous program-
ming languages (Rebayet and Walee, 2026).

Team SSN-CSE-CODECATALYSTS. This
team introduced a late-fusion neural architecture
that combines deep semantic representations with
handcrafted software-engineering features. Code-
BERT generates 768-dimensional embeddings,
which are concatenated with a 16-dimensional
language embedding and a 7-dimensional hand-
crafted feature vector. The fused representation is
processed by an MLP with Layer Normalization
and Dropout to mitigate overfitting. This hybrid
design bridges transformer-based semantics and
explicit structural signals (J et al., 2026).

Team Stylometry. Team Stylometry developed
a stylometric mixture-of-experts framework for
machine-generated code detection. Code samples
are represented using character-level TF-IDF fea-
tures and structural attributes such as length, punc-
tuation usage, and comment density. A clustering
step partitions samples into stylistically homoge-
neous groups, and separate classifiers are trained
per cluster using Naive Bayes and Logistic Regres-
sion. The final predictions are produced through
adaptive threshold calibration conditioned on clus-
ter and code-length distributions (Sruthi Santhanam
and Sharma, 2026).

Team SLS. Team SLS used a hybrid semantic-
structural approach integrating CodeBERT em-
beddings with Tree-sitter-based structural features.
Language-agnostic statistics that include counts
of functions, loops, classes, and imports are con-
catenated with contextual transformer embeddings
to form a unified representation. A classification
layer predicts human vs. machine labels, allowing
the system to jointly capture semantic intent and
structural regularities (Gorantla et al., 2026).

Team Udaythalavesh S. This team fine-tuned
microsoft/codebert-base for binary AI-
generated code detection. To handle large-scale
data, they balanced training by randomly sampling
100K instances per class and limited inputs to
384 tokens. The model was trained for three
epochs using AdamW (LR=2 × 10−5) on TPU
with torch_xla. Classification thresholds were
calibrated on validation data by sweeping decision
thresholds between 0.25 and 0.75 to maximize
Macro F1, and final predictions applied the
calibrated threshold followed by label inversion
(Udaythalavesh et al., 2026).

Team Dream. Team Dream used SALSA, which
frames machine-generated code detection as
a single-token structured classification. An
instruction-tuned Qwen model outputs binary la-
bels (0/1) in a fixed format, with predictions de-
rived from the logits of the two class tokens in a sin-
gle forward pass. The model is LoRA-tuned with
label-token-only supervision, balanced sampling
across language-label pairs, and conservative opti-
mization (low learning rate, early stopping) to en-
hance out-of-distribution robustness (Berdichevsky
et al., 2026).

Team Mind Flayer. Mind Flayer designed a
language- and domain-aware transformer ensemble.
UniXCoder and GraphCodeBERT were fine-tuned
and fused via weighted logit-level combination
to capture complementary semantic and structural
signals. A lightweight language identifier distin-
guishes seen from unseen languages, and a domain
classifier separates algorithmic from production
code. Adaptive thresholding calibrates predictions
under distribution shift, reducing overconfident AI
predictions in out-of-distribution scenarios (Jerin
Romijah Tuli, 2026).

Team David. Team David combined extensive
language-agnostic feature engineering with gra-
dient boosting, extracting 168 features spanning
structural metrics (e.g., nesting depth, control
flow density, cognitive complexity), character n-
grams, whitespace and punctuation patterns, and
micro-style cues such as operator spacing and
brace placement. These features, including multi-
plicative and ratio-based interactions, were mod-
eled with XGBoost optimized via Optuna, using
Leave-One-Language-Out specialization for seen
languages and isotonic calibration with percentile-
based thresholding for final predictions.
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Team Wooo2002. Team Wooo2002 imple-
mented a reproducible fine-tuning pipeline for
CodeBERT, GraphCodeBERT, and UniXcoder us-
ing only official data, comparing code-only inputs
with AST-augmented representations formed by
concatenating parsed node sequences with source
tokens. They examined truncation strategies, to-
ken budgets, label smoothing, imbalance handling,
and small ensembles, finding that encoder choice
and token-budget configuration had the strongest
impact, while AST augmentation provided mixed
gains depending on token trade-offs and parsing
consistency.

Team Archaeology. Team Archaeology fine-
tuned pretrained code models (CodeBERT, Graph-
CodeBERT, UniXcoder, CodeT5+) with subtask-
specific pipelines. For Subtask A, they used leave-
one-language-out cross-validation with language-
balanced sampling, stochastic code augmenta-
tions, and overlapping chunk aggregation with per-
language threshold calibration to improve cross-
language generalization; for Subtask B, they ad-
dressed class imbalance with weighted loss and
preserved long-range context by packing head and
tail segments into a single input sequence (Ispas
and Nisioi, 2026).

Team NUST CodeIntel. Team NUST CodeIntel
compared classical ML models over TF-IDF and
stylometric features with LoRA-adapted pretrained
transformers (CodeBERT, BERT-base, UniXCoder,
RoBERTa). Although transformers achieved near-
perfect in-distribution validation scores, they de-
graded under cross-domain evaluation, while a
lightweight Logistic Regression over lexical fea-
tures obtained the best test Macro-F1, indicating
greater robustness to distribution shift (Ali and Fa-
tima, 2026).

Team CodeHunters. Team CodeHunters fine-
tuned three pretrained encoders (UniXCoder,
CodeT5, and CodeBERT), ultimately selecting
UniXCoder as their primary backbone. Code snip-
pets were encoded using UniXCoder pooling to
obtain fixed-size representations. For Subtask A,
a binary head distinguished human-written from
LLM-generated code, while for Subtask B the clas-
sifier was extended to 11 classes (Human + 10 LLM
families). Predictions were generated via softmax
over pooled embeddings and evaluated under both
seen and unseen language/author conditions (Du-
mitru et al., 2026).

Team Omega. Team Omega proposed a
CodeBERT-based classifier with strategic partial
encoder defrost. Instead of full fine-tuning, they
froze the first 11 transformer layers and adapted
only the final layer using a reduced learning
rate to mitigate catastrophic forgetting. The
[CLS] embedding was passed through a residual
pre-classifier and a deeper projection network
with Layer Normalization and GELU. Training
used differential learning rates with AdamW,
class-weighted cross-entropy, and a OneCycleLR
scheduler with cosine annealing (Shovon and
Parvez, 2026).

Team Königsberg. Team Königsberg developed
a resource-efficient hybrid framework combining
handcrafted software metrics with frozen Graph-
CodeBERT embeddings. The feature branch cap-
tured stylistic, structural, and complexity cues,
while the embedding branch provided semantic
representations. Multi-stage feature selection us-
ing statistical ranking and permutation importance
reduced redundancy. Final predictions used late fu-
sion between the branches to combine surface and
semantic signals with low computational overhead
(Habib and Das, 2026).

Team CodeDet-NITS. Team CodeDet-NITS
built an 11-way authorship detector by fine-tuning
instruction-tuned Qwen2.5-Coder models (3B/7B)
as sequence classifiers using QLoRA (4-bit quanti-
zation with LoRA adapters) for memory efficiency.
To address long-context limitations, overlength
snippets were split into overlapping 512-token win-
dows and trained with the same label; at inference,
window-level logits were aggregated by averaging
to produce a single prediction per snippet (Sai Teja
et al., 2026).

Team SYSUpporter. Team SYSUpporter fine-
tuned UniXcoder-base for 11-way authorship clas-
sification (Human + 10 LLM families) in Sub-
task B. To address the 1024-token limit, they intro-
duced language-aware truncation preserving head
and tail segments with dynamic ratio sampling.
Whitespace-style indicators (e.g., indentation type
and trailing spaces) were injected as special tokens
to capture generator-specific formatting patterns.
Training used 5-fold stratified cross-validation with
Focal Loss, Generalized Mean Pooling, and multi-
sample dropout, with predictions averaged across
folds (Chen and Zheng, 2026).
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Team CUET Luminaries 0227. Team CUET
Luminaries 0227 addressed Subtask A with a
UniXcoder-based binary classifier augmented by
structural and statistical feature fusion, incorporat-
ing supervised contrastive learning and adversar-
ial language-invariant training to improve robust-
ness under cross-language and cross-domain shift
(Chowdhury and Faisal, 2026).

Team SSN-CSE-CodeBrothers. Team SSN-
CSE-CodeBrothers fine-tuned CodeBERT for Sub-
task B authorship attribution and handled label
imbalance via class-weighted cross-entropy, using
AdamW and a linear warmup schedule (Thenmozhi
et al., 2026).

Team TransformerTrio. Team TransformerTrio
participated in Subtasks A, B, and C, compar-
ing handcrafted stylistic features, pretrained trans-
formers, and stacking ensembles; they used XG-
Boost and hybrid ModernBERT embeddings with
adversarial validation for Subtask A, fine-tuned
ModernBERT-Large for 11-way classification in
Subtask B, and applied single-stage fine-tuning
with logit-level XGBoost stacking for Subtask C
(Patel et al., 2026).

Team HyperparameterOmens. Team Hyperpa-
rameterOmens participated in Subtasks A and C,
using a compact AST-based feature set extracted
with Tree-sitter and classified via logistic regres-
sion for Subtask A to improve domain robustness,
and comparing lexical, character-level, AST-based,
and transformer models for Subtask C with a per-
class weighted ensemble optimized using Optuna
(Dmitry Sukhotin, 2026).

Team MALTO. Team MALTO addressed Sub-
tasks B and C using a unified pipeline that com-
bines Tree-sitter canonicalization, hard-negative
mining, and a three-phase curriculum training
strategy. Transformer representations from Unix-
Coder and CodeT5 were pooled and aggregated
via weighted soft-voting across temporal check-
points to sharpen decision boundaries and improve
robustness (Arslan et al., 2026).

Team Codexa. Team Codexa built a 12-model
ensemble of UniXcoder-base encoders with MLP
classifiers for Subtask B, addressing class im-
balance with Label-Distribution-Aware Margin
(LDAM) loss. Final predictions were aggregated
via hard voting to mitigate validation-test mismatch
(Dervişoğlu and Site, 2026).

Team FMI SU Yotkova Kastreva. Team FMI
SU Yotkova Kastreva proposed a lightweight sty-
lometric pipeline for Subtask A based on length-
normalized ratio features, including comment den-
sity and text-like content ratios derived from char-
acter n-gram modeling, with language-aware pars-
ing via Tree-sitter and shallow classifiers combined
with heuristics (Yotkova et al., 2026).

Team MedHastra. Team MedHastra combined
stylometric feature engineering with transformer-
based modeling in a hybrid detection framework.
For Subtask A, they used TF–IDF and structural for-
matting features in a classical soft-voting ensemble;
for Subtasks B and C, they fine-tuned CodeBERT
for multi-class attribution with imbalance handling
via downsampling and class-weighted losses (Chan-
drasekar et al., 2026).

Team ICI Innolabs. Team ICI Innolabs built a
Subtask B ensemble of CodeBERT, UniXcoder,
and StarEncoder, fine-tuned with stratified sam-
pling and class-weighted cross-entropy with label
smoothing to address imbalance. They mitigate se-
quence truncation via stochastic fixed-length win-
dow sampling during training and overlapping slid-
ing windows at inference, averaging window-level
logits per model and then across backbones for
final prediction (Balmus, and Dura, 2026).

Team WWTC@UniA. Team WWTC@UniA
fine-tuned ModernBERT-large with a 2048-token
input window across Subtasks A, B, and C, lever-
aging extended context to retain full code, com-
ments, and natural language descriptions without
truncation. They applied weighted cross-entropy
for imbalanced settings and standard fine-tuning
otherwise, and complemented this with a zero-shot
chain-of-thought LLM strategy for Subtask A to
address cross-domain and cross-language general-
ization gaps (Kupfer et al., 2026).

Team COODetect. Team COODetect proposed
an interpretable, multi-view framework combining
lexical, structural, and symbolic indicators to im-
prove out-of-distribution robustness. To counter
language-specific bias, they apply unsupervised
score normalization using Z-scoring and Gaussian
Mixture Models, enabling latent domain adaptation
and improved generalization to unseen languages
without relying solely on deep encoder memoriza-
tion (Creo et al., 2026).
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Team Farhan Nafis Rayhan. Team Farhan Nafis
Rayhan designed a multi-stage ensemble for Sub-
task B that decomposes code into two parallel
views: human-like textual content (comments, iden-
tifiers, strings) and sanitized structural code with
placeholders. These complementary representa-
tions are processed by multiple models and com-
bined through a gated multiclass ensemble to im-
prove robustness in authorship attribution (Farhan
Nafis Rayhan, 2026).

Team ASTraNet. Team ASTraNet adopted a
multi-view strategy combining code-pretrained
transformers (CodeT5p, CodeBERT, UniXcoder)
with contrastive heads and focal loss, alongside a
Flow-Augmented AST pipeline using GNNs over
canonicalized syntax trees. Their extended sys-
tem further integrates TF-IDF features, stylometric
signals, token statistics derived from LLM, Light-
GBM stacking, and class-priority post-processing
in a layered ensemble (Naswan et al., 2026).

Team LATE-IIMAS. Team LATE-IIMAS sys-
tematically compared GNNs, pre-trained language
models, large language models, and stylometric
feature engineering with XGBoost across subtasks.
Their framework evaluates structural graph repre-
sentations, neural embeddings, and handcrafted
stylistic signals under distribution shift, empha-
sizing cross-domain robustness and generalization
analysis (Valdez et al., 2026).

Team Vivek Dhayaal. Team Vivek Dhayaal pro-
posed GPAD, an enhanced CodeBERT-based ar-
chitecture for Subtask B that integrates entropy-
biased attention to emphasize uncertain token re-
gions and incorporates explicit code-style features
(e.g., line structure and complexity metrics) into
the detection pipeline to capture generator-specific
stylistic patterns (Dhayal, 2026).

Team Osint. For Subtask A, StarCoderBase-1B
was fine-tuned using a long-context classification
setup with stratified sampling and class-weighted
optimization to better address class imbalance and
distribution shifts. For Subtask B, two TinyStar-
Coder variants were trained: one on clean code
using undersampling and class weighting, and an-
other incorporating syntactic noising with a clean-
to-noisy curriculum to enhance robustness in an
imbalanced authorship attribution setting (Anand
et al., 2026).

Team Segmentation Fault. Team Segmentation
Fault participated in Subtask A with a CodeBERT-
base classifier to distinguish human- and AI-
generated code. After identifying generator over-
lap between training and validation data, which
led to overfitting, they created a custom out-of-
distribution validation split by reserving Llama,
DeepSeek, and Yi families exclusively for valida-
tion. To improve generalization, they applied heavy
data augmentation (variable renaming, comment
stripping, spacing normalization), incorporated ad-
ditional dropout and label smoothing, and used
early stopping based on validation loss trends to
mitigate overfitting.

E Approaches Overview

Table 8 shows strong convergence around pre-
trained transformer encoders, forming the back-
bone of most submissions across subtasks. Many
teams combine neural representations with engi-
neered lexical or structural features, making hy-
bridization a primary robustness strategy. Classi-
cal classifiers and ensembles are used as aggrega-
tion layers on embeddings, suggesting innovation
occurs mainly at the integration level rather than
through novel architectures, while advanced train-
ing schemes remain rare.
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Alejandro Mosquera A ✓ ✓ ✓ ✓ ✓ ✓
CSMetro A ✓ ✓ ✓ ✓
CUET_Luminaries_0227 A ✓ ✓
CoDetect A ✓
CodeHunters A/B ✓ ✓ ✓ ✓
David A ✓ ✓
Dream A ✓ ✓
FMI_SU_Yotkova_Kastreva A ✓ ✓ ✓ ✓ ✓ ✓
Königsberg A ✓ ✓ ✓
Mind_Flayer A ✓ ✓ ✓ ✓
Osint B ✓ ✓
SSN-CSE-CODECATALYSTS A ✓ ✓ ✓ ✓ ✓ ✓ ✓
Stylometry A ✓ ✓ ✓ ✓
Team_SLS A ✓ ✓ ✓
TransformerTrio A/B/C ✓ ✓ ✓ ✓ ✓
UIT_AMMC A ✓ ✓ ✓ ✓ ✓ ✓ ✓
Udaythalavesh S A ✓ ✓ ✓
YoungDSMLKZ C ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Yuvan A/B/C ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Archaeology A/B ✓ ✓ ✓ ✓
NUST-CodeIntel A ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Team_Omega A ✓
CodeDet-NITS B ✓ ✓ ✓
Code_detect A ✓ ✓
SSN-CSE-CodeBrothers A/C ✓ ✓ ✓ ✓ ✓ ✓ ✓
Segmentation Fault A ✓ ✓ ✓ ✓ ✓
HyperparameterOmens A/B/C ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
MALTO C ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
SYSUpporter B ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
CLRG A ✓ ✓ ✓ ✓ ✓ ✓
Farhan Nafis Rayhan B ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Codexa B ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
WWTC@UniA A/B/C ✓ ✓ ✓ ✓ ✓
ASTraNet A/C ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
MedHastra A/B/C ✓ ✓ ✓ ✓ ✓ ✓
ICI Innolabs B ✓ ✓ ✓ ✓
LATE-IIMAS A/B/C ✓ ✓ ✓ ✓
Team_Vivek Dhayaal A ✓ ✓

Table 8: Methods used by teams across subtasks. Subtasks indicate participation (A/B/C). A checkmark means
the team reported using the method in at least one of the subtasks they entered.
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