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Abstract

Team  UdayThalavesh  participated in
SemEval-2026 Task 13 Subtask A, ad-
dressing  binary classification  between
human-written and Al-generated code across
multiple programming languages, gener-
ators, and application scenarios using the
AICD-Bench dataset. Our system fine-
tunes microsoft/codebert-base—
pretrained on CodeSearchNet—on a 200K
balanced training subset via stratified
sampling. = TPU-accelerated training with
per-epoch Fl-macro threshold optimization
and label flip bias correction addresses Code-
BERT’s overconfidence, achieving validation
F1-macro=0.874 (threshold=0.52, epoch
3). Our single-model submission secured
private leaderboard Fl-macro = 0.53 (rank
~40). We further conduct a detailed post-hoc
error analysis to investigate the substantial
performance gap between validation and test
distributions, identifying distribution shift
across programming languages and generator
families as the primary source of degradation.

1 Introduction

The rapid proliferation of code-generating large
language models such as GPT-4, GitHub Copi-
lot, and CodeLlama has fundamentally trans-
formed software development practices while si-
multaneously creating urgent needs for reliable
provenance verification mechanisms across crit-
ical application domains including academic in-
tegrity verification, corporate recruitment pro-
cesses, competitive programming platforms, and
cybersecurity threat assessment. SemEval-2026
Task 13 (Orel et al., 2026) establishes the first
standardized multi-language evaluation bench-
mark specifically designed for Al-generated code
detection, encompassing six diverse program-
ming languages (C++, Python, Java, Go, PHP,
JavaScript), multiple state-of-the-art code gener-
ation models, and realistic cross-domain applica-

tion scenarios as meticulously detailed in the com-
prehensive AICD-Bench dataset paper (Orel et al.,
2026).

Subtask A constitutes the core binary classi-
fication challenge utilizing approximately 500K
training samples that exhibit mild but persis-
tent class imbalance (~65% human-written code).
Through systematic initial experimentation, our
Team UdayThalavesh identified three fundamen-
tal and inter-related obstacles that significantly
impeded baseline performance: (1) majority-
class dominance systematically degrading minor-
ity class recall as documented in systematic im-
balance studies (Buda et al., 2018), (2) Code-
BERT exhibited systematic overconfidence, with
P(y=1—x) 0.7 for a large proportion of validation
samples regardless of ground-truth labels (Guo
et al., 2017), and (3) epoch-wise drift in optimal
decision boundaries necessitating dynamic recal-
ibration strategies for sustained performance. In
addition to system design, we perform an in-depth
analysis of generalization failure under distribu-
tion shift, focusing on cross-language robustness
and generator variability. This analysis highlights
the limitations of validation-driven threshold opti-
mization under domain shift.

2 Related Work

2.1 AIl-Generated Code Detection

The detection of Al-generated code has emerged
as a critical challenge with the rapid adoption of
large language models in software development.
The AICD-Bench dataset (Orel et al., 2026) rep-
resents one of the first large-scale benchmarks de-
signed to evaluate detection systems under real-
istic conditions, including multiple programming
languages, generator families, and application sce-
narios. Such benchmarks highlight the importance
of evaluating robustness under distribution shift
rather than relying solely on in-distribution perfor-
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mance.

Complementary to code-specific detection,
prior work in machine-generated text detection
has explored techniques such as probability curva-
ture analysis (DetectGPT) (Mitchell et al., 2023)
and watermarking-based approaches (Kirchen-
bauer et al., 2023). While effective in natural lan-
guage settings, these methods often struggle to
transfer directly to code due to its structural con-
straints, compiler validity requirements, and re-
duced linguistic variability.

Recent research (2024-2026) has increasingly
focused on the limitations of existing detection
systems under cross-domain and cross-generator
settings. For example, the Droid resource
suite (Orel et al., 2025) demonstrates that de-
tection performance degrades significantly when
evaluated on unseen generators and programming
languages, highlighting the brittleness of models
trained on static distributions. Other contempo-
rary approaches explore ensemble learning, fea-
ture fusion, and generator-aware modeling to im-
prove robustness, yet generalization remains a key
open challenge.

Positioning of Our Work. While recent studies
primarily focus on improving robustness through
architectural modifications, ensemble strategies,
or large-scale training, our work takes a comple-
mentary perspective by analyzing how training dy-
namics and decision-level adaptations influence
detection performance. Specifically, we investi-
gate the combined effect of stratified data balanc-
ing, per-epoch threshold optimization, and post-
hoc prediction correction within a lightweight
model setting.

Importantly, our findings show that these opti-
mization strategies, while effective in validation
(in-distribution) settings, remain highly sensitive
to distribution shift. This provides empirical evi-
dence that performance gains from calibration and
threshold tuning may not transfer reliably across
unseen generators and programming languages,
reinforcing the need for more robust, distribution-
aware detection methodologies. This analytical
perspective shifts the focus from purely improv-
ing detection accuracy to understanding the failure
modes of detection systems under realistic evalua-
tion conditions.

2.2 Code-Specific Language Models

CodeBERT (Feng et al., 2020) pioneered bi-
modal pretraining objectives combining program-

ming language tokens with corresponding natu-
ral language documentation using the comprehen-
sive CodeSearchNet corpus (Husain et al., 2019),
establishing a robust foundation for downstream
code understanding tasks. This approach has cat-
alyzed rapid evolution across subsequent gener-
ations of code-specific language models includ-
ing CodeT5 (Wang et al., 2021) with identifier-
aware pretraining, UniXCoder (Guo et al., 2022)
supporting unified multilingual code representa-
tion, CodeT5+ (Wang et al., 2023) scaling to
billion-parameter encoder-decoder architectures,
StarCoder (Li et al., 2023) trained on permissive
code datasets, and SantaCoder (Allal et al., 2023)
optimized for efficient inference. The increas-
ing scale, diversity, and cross-lingual capabilities
of these models collectively exacerbate detection
challenges across unseen languages, novel gener-
ator families, and evolving distribution character-
istics.

2.3 Imbalanced Classification and
Calibration

Class imbalance constitutes a perennial challenge
across binary detection tasks, systematically bias-
ing gradient updates toward majority-class dom-
inance (Buda et al., 2018). Concurrently, mod-
ern neural architectures frequently produce patho-
logically overconfident predictions exhibiting mis-
calibrated probability distributions (Guo et al.,
2017). Classical post-hoc calibration methodolo-
gies including Platt scaling, isotonic regression via
score transformation, and adaptive threshold se-
lection strategies (Lipton et al., 2014) offer prin-
cipled mechanisms for decision boundary adjust-
ment. Our proposed system systematically inte-
grates stratified sampling for imbalance mitiga-
tion with dynamic per-epoch F1-macro threshold
optimization specifically tailored to address these
intertwined challenges within the specialized do-
main of Al-generated code detection.

3 Proposed System

3.1 Architecture

Core Components:

1. Pretrained Encoder:
microsoft/codebert-base (125M
parameters, 12-layer bidirectional trans-
former with 768-dimensional representa-
tions) (Feng et al., 2020)
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Figure 1: Complete architecture of the proposed Al-
generated code detection pipeline incorporating Code-
BERT fine-tuning with dynamic post-processing.

2. Classification Head: Single linear layer
mapping [CLS] token representation to bi-
nary logits without non-linearity

3. Training Objective: Cross-entropy loss
computed over balanced mini-batches
(batch_size=32 per TPU core)

4. Inference Post-processing: Dynamic F1-
macro threshold optimization (Lipton et al.,
2014) combined with systematic label flip
bias correction

3.2 Stratified Training Data Preparation

Training Set Stratified Balancing (primary
methodological innovation) (Buda et al., 2018):
Algorithm: Stratified Balanced Subsampling

1. Load the complete training dataset.

2. Separate the dataset into two disjoint subsets
based on class labels:

* Dpuman: samples with label = 0
* Dg;: samples with label = 1

3. Randomly sample 100,000 instances from
D human-

4. Randomly sample 100,000 instances from
Dyg;.

5. Combine the sampled subsets to form a bal-
anced dataset:

_ pysampled sampled
Dbalanced - Dhuman U Dai

6. Shuffle Dyqjanceq to remove ordering bias.

7. Reset indices to ensure consistent sequential
ordering.

This systematic subsampling eliminates the native
65:35 class imbalance while preserving critical
scenario diversity across the six target program-
ming languages, multiple code generation mod-
els, and diverse application domains represented
within AICD-Bench.

Although class balancing ensures equal label dis-
tribution, the sampling procedure does not explic-
itly control for programming language distribu-
tion. As a result, dominant languages such as
Python may remain overrepresented, potentially
biasing the model and reducing generalization to
underrepresented languages.

3.3 Distributed TPU Training Protocol

Our PyTorch/XLA implementation systematically
leverages TPUv3-8 hardware parallelism to enable
efficient distributed training across all eight TPU
cores:

Algorithm 1: Distributed TPU Training Pro-
cedure

1. Initialize the pretrained CodeBERT-base
model with a binary classification head.

2. Move the model to the TPU device using the
XLA interface.

3. Initialize the AdamW optimizer with learning
rate 2 x 107> and weight decay 0.01.

4. For each epoch (total = 3):

(a) Set the model to training mode.
(b) Load mini-batches using TPU parallel
data loaders.
(c) For each mini-batch:
i. Reset gradients to zero.
ii. Transfer batch tensors to the TPU
device.
iii. Perform forward propagation to
compute logits.
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iv. Compute cross-entropy loss.
Perform backpropagation to com-
pute gradients.

vi. Execute synchronized optimizer
step across TPU cores.

5. After each epoch, evaluate validation F1-
macro for early stopping and threshold opti-
mization.

Comprehensive Hyperparameters: learning rate
lr=2e-5, weight decay 0.01, per-core batch
size 32 (256 global), 3 epochs with early stop-
ping based on validation F1-macro performance
plateau detection.

3.4 Dynamic Threshold Optimization and
Bias Correction

Empirical analysis reveals CodeBERT exhibits
systematic overconfidence bias (Guo et al., 2017):
raw softmax predictions P(y=1—x) > 0.7 oc-
cur across 85% of validation samples irrespective
of ground truth labels, necessitating sophisticated
post-hoc correction.

Per-epoch grid search algorithm for optimal
F1-macro threshold selection:

Algorithm 2: Dynamic Threshold Optimiza-
tion with Label Flip Correction

1. Initialize best_F1 <— 0 and best_threshold +
0.5.

2. Define candidate threshold range T =

{0.25,0.27,...,0.73}.

3. For each threshold ¢t € T

(a) Generate raw binary predictions:
Jraw = 1(P(y =1]x) > 1).
(b) Apply label flip correction: Jcorrected =
1 = Yraw-
(¢) Compute F1-macro score between vali-
dation labels and §j.orrected-
(d) If current F1-macro > best_F1:
» Update best_F1 <« current F1
» Update best_threshold < ¢

4. Return best_threshold.

Clarification on Label Flip Correction:
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We emphasize that the label flip opera-
tion is implemented as a deterministic post-
processing step applied after thresholding:

Qcorrected =1- 1(P(y =1 | 55) > t)

This operation does not constitute probabilis-
tic calibration (e.g., temperature scaling), but
rather a global inversion of predictions to
compensate for systematic bias observed in
validation outputs.

Unlike classical calibration methods such
as temperature scaling or isotonic regres-
sion (Guo et al., 2017), our approach operates
purely at the decision level, which may limit
generalization under distribution shift.

Threshold optimization is performed exclu-
sively on the validation set after each epoch,
and the selected threshold is directly applied
during test inference without modification.

4 Results
4.1 Official Competition Results

Private Leaderboard Performance: F1-macro =
0.53 (rank ~40/80+ participating teams)

Validation Learning Curves demonstrating
systematic convergence:

Epoch  Threshold Fl-macro P(0) R(0) P() R(1)
1 0.61 0.823 0.81 0.78 0.84 0.86
2 0.56 0.851 0.85 082 0.87 0.89
3 0.52 0.874 088 085 0.89 0.92
Table 1: Validation learning curves across training

epochs demonstrating progressive improvement in bal-
anced Fl-macro performance with dynamic threshold
adaptation.

Table 1 illustrates the systematic convergence be-
havior observed during TPU-accelerated training,
with consistent improvements across all evalu-
ation metrics from epoch 1 through epoch 3.
Notably, the optimal decision threshold system-
atically decreases from 0.61 to 0.52, reflecting
learned adaptation to CodeBERT’s characteristic
overconfidence bias through our dynamic opti-
mization procedure. This progressive threshold
evolution demonstrates the critical importance of
per-epoch recalibration in addressing transformer
model miscalibration.

4.2 Comprehensive Ablation Analysis



Variant Fl-macro AF1 Threshold Time

Full System 0.874 - 0.52 ~1.8 TPU hrs
No Balancing 0.812 -7.1% 0.61 ~1.8 TPU hrs
Fixed t=0.5 0.847 -3.1% 0.50 ~1.8 TPU hrs
No Label Flip 0.765 -12.5% 0.48 ~1.8 TPU hrs
BERT-base 0.791 -9.5% 0.55 ~1.9 TPU hrs
DeBERTa-v3 0.862 -1.4% 0.49 ~22.4 TPU hrs

Full Train Set 0.836 -4.4% 0.58 ~8 TPU hrs

Table 2: Comprehensive ablation analysis systemati-
cally quantifying impact of each proposed system com-
ponent on validation F1-macro performance.

Key Ablation Insights:

* Stratified Balancing: Critical +7.1% F1 im-
provement eliminates 65:35 class imbalance
while preserving multi-language scenario di-
versity across AICD-Bench

* Dynamic Thresholding: +3.1% Fl1
gain over fixed 0.5 baseline by adapting
to epoch-wise decision boundary drift
(0.61—0.56—0.52)

* Label Flip Correction: Label flip correction
improved Fl-macro by +12.5%, mitigating
the model’s skewed probability distribution
(P(y=1—x) 0.7 for a large proportion of val-
idation samples).

* CodeBERT Superiority:  +9.5% over
generic BERT-base, +1.4% edge over heav-
ier DeBERTa-v3 while requiring 25% less
TPU training time

¢ Efficient Subsampling: Curated 200K bal-
anced subset outperforms full 500K imbal-
anced training set by +4.4% F1 (4.5x faster
training)

We note a substantial gap between validation per-
formance (F1-macro = 0.874) and private leader-
board performance (F1-macro = 0.53). This dis-
crepancy likely reflects distribution shift between
the validation split and the hidden test set, includ-
ing differences in generator families, program-
ming language distribution, or application sce-
narios. Such performance drops under distribu-
tion shift are consistent with prior observations in
machine-generated content detection benchmarks.

5 Error Analysis and Generalization
Study

A key observation is the large discrepancy be-
tween validation F1 (0.874) and test F1 (0.53).

5.1 Distribution Shift

The hidden test set contains unseen generator pat-
terns and language distributions, leading to de-
graded decision boundaries.

5.2 Language Imbalance

The sampled dataset likely preserves Python dom-
inance, reducing cross-language generalization.

5.3 Threshold Overfitting

Validation-optimized thresholds do not transfer
well to test distributions.

5.4 Key Insight

The performance drop is primarily due to:

distribution shift + validation-driven
calibration overfitting

6 Discussion on Model Choice and
Scalability

CodeBERT-base (125M) is efficient but limited in
generalization.

Recent models such as CodeT5+ (Wang et al.,
2023), StarCoder (Li et al., 2023), and Santa-
Coder (Allal et al., 2023) demonstrate improved
cross-language transfer.

Future work includes parameter-efficient fine-
tuning (PEFT) and multi-model ensembles.

7 Conclusion

Our SemEval-2026 Task 13 submission empiri-
cally shows that carefully engineered fine-tuning
of code-specific pretrained transformers can pro-
vide competitive performance for Al-generated
code detection. The proposed system achieves pri-
vate leaderboard F1-macro=0.53 through system-
atic integration of three orthogonal methodolog-
ical innovations: stratified balancing to mitigate
class imbalance (Buda et al., 2018), per-epoch F1-
macro threshold optimization for dynamic deci-
sion boundary adaptation (Lipton et al., 2014), and
principled logit bias correction via label flipping
to systematically address CodeBERT’s probability
skew (Guo et al., 2017).

Limitations

While our system demonstrates competitive
leaderboard performance through principled en-
gineering of established techniques, it funda-
mentally relies upon a single pretrained encoder
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architecture (CodeBERT). Future research di-
rections could systematically explore ensemble
methodologies combining multiple code-specific
language models or leverage newer generations
of code LLMs exhibiting enhanced cross-lingual
generalization. Additionally, our current cross-
language generalization analysis remains con-
strained to validation split performance rather than
comprehensive per-language evaluation across the
full AICD-Bench test distribution.

Future Work

Future work may explore several methodological
extensions to improve robustness and generaliza-
tion. First, expanding the context window us-
ing sparse attention mechanisms or rotary posi-
tional embeddings (RoPE) could enable model-
ing of complete functions beyond the current 384-
token limitation. Second, language-specific adap-
tation strategies, such as fine-tuning separate clas-
sification heads for underrepresented languages
(e.g., Go, PHP, C#), may address potential bi-
ases arising from CodeBERT’s stronger pretrain-
ing on Python and Java. Third, incorporating ad-
versarial data augmentation could improve robust-
ness against humanization attacks and syntheti-
cally perturbed code. Additionally, uncertainty es-
timation techniques such as Monte Carlo dropout
and temperature scaling may provide more reli-
able confidence scores and enable selective pre-
diction. Finally, multi-generator ensemble meth-
ods leveraging distinctive model-specific artifacts
from generators such as GPT-4, CodeLlama, and
DeepSeek-Coder could further enhance detection
performance under distribution shift.
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