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Abstract
Automatically determining whether source
code is human written or produced by a specific
family of large language models is becoming
essential for reliable assessment, provenance
tracking, and dataset curation. We present
a lightweight yet competitive system for Se-
mEval 2026 Task 13 Subtask B, which re-
quires attributing each snippet to one of eleven
classes: human or one of ten LLM families.
Our method repurposes code oriented instruc-
tion tuned backbones from the Qwen2.5 Coder
series as sequence classifiers and adapts them
using QLoRA, combining frozen low precision
weights with low rank trainable adapters to re-
duce memory and compute overhead. The core
design choice addresses long snippets without
losing evidence. Instead of truncating to a fixed
context, we apply an overlapping sliding win-
dow strategy that expands long examples into
multiple fixed length windows during training,
all sharing the same label. For validation and
test, windows are generated on the fly and their
evidence is aggregated by averaging logits to
yield a single prediction per snippet, enabling
token complete use of the input while keeping
inference stable. Our final submission ranked
8th on the official Subtask B test set leader-
board.

1 Introduction

Detecting machine generated code has moved from
a curiosity to a practical requirement. Modern
code generators can produce fluent solutions across
many languages, which complicates academic in-
tegrity checks, hiring assessments, dataset curation,
and incident response where provenance matters.
Subtask B of SemEval 2026 Task 13 (Orel et al.,
2026) frames this challenge as multi class author-
ship detection: given a code snippet, the system
must decide whether it is human written or pro-
duced by one of ten model families, and it is evalu-
ated using macro F1 to emphasize balanced perfor-
mance under strong label imbalance. Two aspects

make the setting demanding. First, the classes cor-
respond to generator families rather than a single
model, which encourages features that generalize
across related generators. Second, code snippets
can be long. A straightforward classifier that trun-
cates to a small context risks discarding critical
cues that may appear anywhere in the snippet, such
as library usage patterns, error handling style, nam-
ing conventions, or comment formatting.

Our system follows a pragmatic philosophy: be-
gin with a strong code pretrained backbone, keep
the adaptation lightweight, and handle long in-
puts without throwing away evidence. We choose
Qwen2.5 Coder models (Hui et al., 2024) as back-
bones because they are trained specifically for
code understanding and generation. We convert
the problem into standard sequence classification
by prepending a short language cue and attaching
a classification head. To make training feasible
on modest hardware, we apply QLoRA (Dettmers
et al., 2023), which builds on LoRA (Hu et al.,
2022) by backpropagating through a frozen quan-
tized model and learning only low rank adapters
and a small set of task parameters. The novelty
in our pipeline is not a new architecture but a ro-
bust long context strategy tailored to authorship
detection: train time window expansion combined
with streaming window inference and logit pooling.
This design keeps the context budget fixed while
still considering the entire snippet.

2 Related Work

Code authorship attribution. Authorship at-
tribution for source code has traditionally been
studied through code stylometry, where consis-
tent choices in formatting, lexical preferences, and
structural patterns act as signatures. Even before
modern LLMs, work in this area showed that such
signals can persist across projects and withstand
basic obfuscation, making attribution feasible in re-
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alistic settings (Caliskan-Islam et al., 2015). More
recent neural approaches use pretrained code rep-
resentations such as CodeBERT to replace man-
ual feature design with learned features for down-
stream classification (Feng et al., 2020). Our work
follows this supervised classification direction, but
focuses on distinguishing human code from multi-
ple LLM-family sources in a shared-task setting.

Machine-generated content and code detection.
The broader literature on machine-generated con-
tent detection has explored supervised detectors
and model-based scoring methods, with increas-
ing attention to robustness under distribution shift
(Mitchell et al., 2023). Compared with binary
generated-text detection, AI code authorship de-
tection is more fine-grained because the model
must distinguish among multiple generator families
whose outputs can share similar style, formatting,
and library-use patterns.

Efficient adaptation and long-context handling.
Parameter-efficient fine-tuning has become a prac-
tical way to adapt large transformer models. LoRA
enables low-rank updates, while QLoRA extends
this idea to quantized backbones to reduce mem-
ory requirements (Hu et al., 2022; Dettmers et al.,
2023). Long inputs are commonly handled either
by modifying the attention mechanism or by chunk-
ing the input and aggregating predictions; the latter
is attractive because it works with off-the-shelf pre-
trained models (Beltagy et al., 2020). Our system
follows this chunking-based direction by combin-
ing sliding-window training with streaming infer-
ence and logit pooling.

3 Methodology

3.1 Dataset Description

We use the official Subtask B data release, which
provides a training split of 500,000 samples and
a validation split of 100,000 samples and the la-
bel count in each splits are shown in Figure 1, and
Figure 2. Each sample includes the program text,
the programming language, and a label ID where 0
denotes human and 1 through 10 correspond to the
ten LLM families. The class distribution is highly
skewed toward human code, with hundreds of thou-
sands of human examples and a few thousand per
generator family, which motivates macro averaged
evaluation and careful monitoring of minority class
behavior. The test split used for submission con-
tains an id field and requires predictions in a two
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Figure 1: Label distribution in the training set, shown
on a logarithmic scale (left) and for minority classes
excluding label 0 on a linear scale (right).
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Figure 2: Label distribution in the validation set, shown
on a logarithmic scale (left) and for minority classes
excluding label 0 on a linear scale (right).

column CSV file with id and label.

3.2 Experimental Setup
Input representation. For each example we con-
struct a single text sequence

x = “Language: ℓ” ∥ “\n\n” ∥ c, (1)

where ℓ is the language string and c is the code
snippet. This gives the model a minimal cue about
syntax and idioms without hand engineered fea-
tures.

Backbone and fine tuning. We use Qwen2.5
Coder instruction tuned checkpoints as encoder
style classifiers by loading them with a sequence
classification head. Training uses QLoRA, with
four bit quantized weights and NF4 style quantiza-
tion, and low rank adapters injected into quantized
linear layers. Only adapter parameters and the clas-
sification head are updated. Optimization uses a
paged AdamW variant supported by bitsandbytes,
a constant with warmup learning rate schedule, and
mixed precision where available. Implementation
relies on the Transformers library and Accelerate
for device and distributed handling. The entire
pipeline architecture is shown in the Figure 3.

Token complete long context via windows. Let
the tokenizer produce a token sequence of length
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Input
#include <stdio.h>

int main(void) {
printf("start\n");
printf("...\n");
printf("...\n");
printf("...\n");

printf("end\n");
return 0;

}

Language: C, C++, Python,...

Code Snippet (Variable Length T)

x = "Language: l" || "\n\n" || c

Prepend Language Prefix

Tokenized Length: T tokens

Tokenizer + Windowing

W = [(T - L)/S] + 1

All Windows share label "y"

Train: Expand all windows as
rows 

Infer: Generate windows on-the-
fly (streaming)

t1, t2, t3, ......, tT

Full token Sequence (Length T)

Window 1.............Window W

Model (QLoRA)
Frozen Backbone (4-bit NF4)

Qwen2.5-Coder-3B or 7B

W   Rnxm (frozen, quantized)in

LoRA Adapters (Trainable)

W' = W+ BA, A in Rrxm, B in Rnxr

r << min(n,m) - low rank adapters

Classification Head

Linear(hidden - K=11) - logits z; in
R11

Paged AdamW . warmup LR . mixed
precision

Logit Pooling
Per-Window logits (k = 11)

Z1 (Window 1) Zw (Window W)

Logit Averaging

z' = (1/W) Sum of  Zi

Predictions

ŷ= argmaxkZ'k

Token-complete . no truncation

Output
y in {0 ... 10}

0: Human

1: GPT

2: Gemini

..........

10: LLM10

k = 11

Figure 3: QLoRA-based code classification pipeline: from tokenization and windowing to pooled logits and final
model prediction.

T . We fix a window length L and an overlap con-
trolled by stride S with S < L. We generate win-
dows starting at positions 0, S, 2S, . . . until the end
of the sequence is covered. Each window is inde-
pendently classified, producing logits zi ∈ RK for
K = 11 classes. At inference time we aggregate
by logit averaging:

z̄ =
1

W

W∑

i=1

zi, ŷ = arg max
k∈{1,...,K}

z̄k, (2)

where W is the number of windows for the snippet.
This pooling uses all windows equally and empiri-
cally avoids instability that can occur when a single
window dominates. The key practical detail is that
validation and test windows are generated on the
fly, so extremely long snippets do not need to be
materialized as thousands of dataset rows.

Evaluation metric. The official metric is macro
F1. For class k, precision and recall are computed
from the confusion counts, and

F1,k =
2PkRk

Pk +Rk
, F1,macro =

1

K

K∑

k=1

F1,k.

(3)
We select the best checkpoint by validation macro
F1, aligning model selection with the leaderboard
target.

4 Results and Discussion

4.1 Official Results
We train two main model sizes, Qwen2.5-Coder 3B
and 7B, keeping the token budget fixed at L = 512
and using a stride of 128 tokens, corresponding
to an overlap of 384 tokens between adjacent win-
dows. Training uses the official training split and
evaluates on the validation split after each epoch.
The submission file is produced by running stream-
ing window inference on the test split and writing
the predicted label IDs alongside sample ids.

Table 1 summarizes the official Subtask B leader-
board for the submission track. Our system, submit-
ted under the team name CodeDet-NITS, ranks 8th
with an official macro F1-score of 0.41570. The
gap between the top entries and the middle of the
table suggests that multi-class family attribution
remains challenging, especially under severe class
imbalance and overlapping stylistic signals across
model families. In our own development runs, we
observed that improvements on the validation split
typically came from reducing errors on minority
generator classes rather than further increasing the
already high accuracy driven by the dominant hu-
man class. For this reason, we treated macro F1 as
the primary selection criterion throughout, and we
recommend reporting per-class F1 alongside macro
F1 when diagnosing failure modes. In qualitative
inspection, the most frequent confusions tended to
occur among closely related families whose out-
puts share similar surface formatting and library
usage conventions, reinforcing the need_for robust
evidence aggregation when discriminative cues are
sparse or localized.

4.2 Ablation studies

Our ablation results on the validation split (Table
2) underline that most of the gains come from how
we handle long snippets and how we aggregate
evidence across them. When we replace our win-
dowed pipeline with a simple truncation strategy
that keeps only the first L tokens, performance
drops sharply to 54.87 macro F1 with 85.19% ac-
curacy, which supports the intuition that attribution
cues are not reliably concentrated at the beginning
of a snippet. Removing the explicit language prefix
also hurts, reducing macro F1 to 56.14, suggest-
ing that a minimal language cue helps the classi-
fier interpret syntax and idioms consistently across
languages. Among aggregation strategies, major-
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Rank Team F1-Score

1 TeleAI 0.508
2 TocToc 0.455
3 Yuvan Ramesh 0.448
4 SYSUPporter 0.433
5 WWTC@UniA 0.429
6 Wooo2002 0.429
7 Jany-Gabriel Ispas 0.422
8 CodeDet-NITS 0.415

31 adobosz 0.254
32 CodeBERT-Baseline 0.228

Table 1: Official leaderboard ranking for the submission
track, reporting each team’s final F1-score (higher is
better) and our team is highlighted in Green.

System variant Macro F1 (%) Accuracy (%)

Qwen2.5-Coder-7B (baseline) 62.45 93.10
Truncation baseline 54.87 85.19
No language prefix 56.14 86.02
Majority vote pooling 58.03 87.46
Stride 256 57.29 86.91

Qwen2.5-Coder-3B-QL-win* 60.32 89.23
Qwen2.5-Coder-7B-QL-win* 64.61 95.41

*Uses windowing (sliding-window).

Table 2: Ablation results on the Validation set. QL indi-
cates QLoRA. Our results were highlighted in Orange.

ity vote pooling underperforms logit averaging at
58.03 macro F1, indicating that soft aggregation
preserves useful uncertainty across windows and
is less brittle when only a few windows contain
strong signals. We also observe a trade off between
compute and coverage: increasing stride to 256
lowers macro F1 to 57.29, consistent with fewer
overlapping views of the same example. Finally,
both capacity and parameter efficient adaptation
contribute positively, with the QLoRA windowed
variants performing best overall; the 3B configura-
tion reaches 60.32 macro F1 while the 7B QLoRA
windowed model achieves the strongest validation
performance at 64.61 macro F1 and 95.41% accu-
racy.

5 Conclusion

We presented our submission to SemEval 2026
Task 13 Subtask B, addressing multi class code au-
thorship detection across human code and ten LLM
families. Our system fine tunes Qwen2.5 Coder
models using QLoRA and relies on a token com-
plete long context strategy that replaces truncation

with overlapping sliding windows, combined with
streaming window inference and logit averaging to
produce a single prediction per snippet. This design
is simple to reproduce, scales to very long inputs,
and aligns model selection with the official macro
F1 metric. On the official test set leaderboard, our
submission ranked 8th (CodeDet-NITS, macro F1
= 0.41570), demonstrating that parameter efficient
fine tuning with windowed evidence aggregation is
an effective and practical approach for fine grained
AI code attribution in the shared task setting.
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