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Abstract

The rapid advancement of large language
models (LLMs) has led to a substantial in-
crease in automatically generated textual con-
tent, raising concerns regarding misinforma-
tion, plagiarism, and authorship verification.
These challenges are particularly pronounced
for low-resource languages such as Urdu,
where limited annotated data and complex lin-
guistic properties hinder robust detection. In
this paper, we present a transformer-based
approach for binary classification of human-
written versus Al-generated Urdu text, devel-
oped for the AbjadGenEval Task 2 shared task.
Beyond model fine-tuning, we adopt a data-
centric perspective, emphasizing dataset diag-
nostics, document-level inference, and calibra-
tion strategies. Our system achieves strong
performance on the official test set, with
an Fl-score of 88.68% and balanced accu-
racy of 88.71%. Through empirical analy-
sis, we demonstrate that dataset characteristics
and generator-specific artifacts play a domi-
nant role in model generalization, highlighting
critical directions for future research in low-
resource Al-generated text detection.

1 Introduction

The rapid proliferation of large language mod-
els (LLMs) such as GPT-3 (Brown et al., 2020),
GPT-4 (Achiam et al., 2023), and open-source
alternatives like LLaMA (Touvron et al., 2023)
has fundamentally transformed text production
across diverse domains including journalism, ed-
ucation, creative writing, and online platforms.
While these models enable unprecedented effi-
ciency in content generation, they simultaneously
introduce critical challenges related to misinfor-
mation (Zellers et al., 2019), academic plagia-
rism (Liang et al., 2023), and the broader ero-
sion of trust in written content (Kreps et al.,
2022). Consequently, automatic detection of Al-
generated text has emerged as a crucial research
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problem, typically formulated as a binary clas-
sification task distinguishing human-written from
machine-generated content.

Recent shared-task initiatives have played a
central role in benchmarking progress on this
problem, particularly for languages using Arabic
script, by providing standardized datasets, evalua-
tion protocols, and comparative baselines (Ezzini
et al., 2026).

Recent studies have explored diverse detec-
tion approaches, ranging from zero-shot statis-
tical methods based on perplexity and entropy
(Mitchell et al., 2023) to supervised neural clas-
sifiers fine-tuned on labeled datasets (Solaiman
et al., 2019; Gehrmann et al., 2019). Comprehen-
sive surveys indicate that transformer-based detec-
tors often achieve strong in-domain performance
when trained on sufficient annotated data (Wu
et al., 2025; Kumarage et al., 2024; Ippolito et al.,
2020). However, multiple investigations reveal
fundamental brittleness under distribution shifts,
paraphrasing attacks (Krishna et al., 2023), and
exposure to unseen generation strategies (Sadasi-
van et al., 2023), resulting in severely degraded
generalization to real-world deployment scenar-
i0s.

The vast majority of existing research con-
centrates on high-resource languages, particu-
larly English, where large-scale annotated datasets
(Wang et al., 2024) and extensive model re-
sources are readily available. In stark contrast,
low-resource languages remain critically underex-
plored despite facing equal or greater risks from
Al-generated misinformation and content manip-
ulation. Urdu, an Indo-Aryan language spoken by
over 230 million people worldwide, presents dis-
tinctive challenges including its Perso-Arabic cur-
sive script, complex morphological structure, and
severe scarcity of curated NLP datasets (Ali et al.,
2008). To date, only a limited number of stud-
ies explicitly examine Al-generated text detection
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in Urdu or closely related South Asian languages,
typically leveraging multilingual pretrained mod-
els with varying degrees of success (Ammar et al.,
2025). Related shared tasks such as AraGenEval
(Abudalfa et al., 2025) further highlight the chal-
lenges of Al-generated text detection in Arabic
and related languages, emphasizing the role of
generator diversity and evaluation design in shap-
ing reported performance.

Multilingual transformer architectures such as
XLM-RoBERTa (Conneau et al.,, 2020) and
mBERT (Devlin et al., 2019) provide compet-
itive baselines for cross-lingual text classifica-
tion tasks, including human versus Al discrimina-
tion across multiple languages (Ali et al., 2025;
Schaaff et al., 2023). Nevertheless, accumulating
evidence suggests that reported detection perfor-
mance may be substantially inflated by dataset ar-
tifacts (Gehrmann et al., 2019), generator-specific
lexical and stylistic fingerprints (Ippolito et al.,
2020), and evaluation protocols that inadequately
reflect authentic deployment conditions. These
concerns are further corroborated by multi-domain
evaluation efforts such as the M-DAIGT shared
task (Lamsiyah et al., 2025), which demonstrate
that domain shifts and dataset composition criti-
cally impact detector robustness.

In this work, we address Al-generated Urdu
text detection within the framework of the Abjad-
GenEval Task 2 shared task, which focuses on
document-level classification of Urdu news arti-
cles. Rather than proposing complex architectural
innovations, we deliberately adopt a data-centric
perspective that prioritizes careful dataset anal-
ysis, robust document-level inference strategies,
systematic handling of long-form text, and prob-
ability calibration techniques to mitigate class-
specific misclassification bias.

Our primary contributions are threefold:

* We conduct a comprehensive data diagnostic
analysis of the AbjadGenEval Task 2 dataset,
revealing distributional characteristics, lexi-
cal patterns, and document length variations
that inform our system design choices and
highlight the presence of dataset-specific ar-
tifacts.

* We develop a detection system based on
XLM-RoBERTa with sliding window seg-
mentation (L=256, S=64), document-level
aggregation via mean pooling, differential

learning rates, and calibrated threshold opti-
mization, achieving an Fl-score of 88.68%
and balanced accuracy of 88.71% on the
official test set. Through error analysis,
we demonstrate that dataset composition and
generator-specific patterns significantly influ-
ence detection performance in low-resource
language settings.

2 Related Work

Research on Al-generated text detection has ex-
panded rapidly with the widespread adoption of
large language models. Early approaches relied
on statistical and stylometric features, such as lex-
ical diversity, sentence length distributions, and
perplexity-based measures. While effective in
constrained settings, these methods generally lack
robustness and struggle to generalize across do-
mains and generation styles.

Recent work has largely shifted toward neural
approaches, particularly transformer-based classi-
fiers fine-tuned for binary detection tasks. Sur-
veys of Al-generated text detection systems report
that pretrained language models achieve strong in-
domain performance when sufficient labeled data
is available (Wu et al., 2025; Kumarage et al.,
2024). However, several studies have demon-
strated that such detectors often exploit superficial
patterns and can fail under distribution shifts, para-
phrasing, or adversarial rewriting (Sadasivan et al.,
2023).

Most existing detection research focuses on
high-resource languages, especially English. In
contrast, low-resource languages remain under-
represented despite facing similar risks from Al-
generated misinformation. Only a limited num-
ber of studies explicitly address Al-generated text
detection for Urdu. Ammar et al. (Ammar et al.,
2025) investigate detection in Urdu using multi-
lingual pretrained models and report promising re-
sults, while also highlighting sensitivity to dataset
composition and generator diversity.

Multilingual transformer models, such as
XLM-RoBERTa, have been evaluated for Al-
generated text detection across multiple lan-
guages. Prior work shows that these models pro-
vide strong cross-lingual representations and com-
petitive baselines for human versus Al discrimina-
tion (Ali et al., 2025; Schaaff et al., 2023). Nev-
ertheless, these studies also suggest that perfor-
mance may be influenced by dataset artifacts and
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generator-specific cues, raising concerns about
real-world generalization.

In contrast to prior work that emphasizes archi-
tectural modifications or model complexity, our
approach adopts a data-centric perspective. We fo-
cus on document-level inference, robust handling
of long texts, and calibration strategies to mitigate
misclassification bias. By combining transformer-
based modeling with detailed data diagnostics, we
aim to better characterize the limitations of current
detection approaches for low-resource languages
such as Urdu.

3 Dataset and Data Diagnostics

3.1 Dataset Description

The experiments in this work are conducted using
the dataset released as part of the AbjadGenEval
Task 2 shared task, which focuses on distinguish-
ing human-written and Al-generated Urdu news
text. The task is formulated as a binary document-
level classification problem, where each instance
corresponds to a complete news article rather than
isolated sentences.

The training set consists of 11,910 documents,
each annotated with a binary label, where la-
bel 0 denotes human-written text and label 1 de-
notes Al-generated text. All training samples are
long-form Urdu news articles. In addition to the
raw textual content, the dataset provides a pre-
computed word_count attribute representing the
number of whitespace-separated tokens per docu-
ment, enabling direct analysis of document length
characteristics.

The official test set contains 2,630 unlabeled
documents and is used exclusively for final evalu-
ation. Only the textual content is provided for test
instances, without labels or auxiliary metadata.

3.2 Label Distribution

Inspection of the training data indicates that the
dataset is approximately balanced across the
two classes, with comparable numbers of human-
written and Al-generated documents. This class
balance reduces the risk of biased learning toward
a dominant class and allows evaluation metrics
such as accuracy, balanced accuracy, and F1-score
to be interpreted reliably without requiring aggres-
sive resampling or class-weighting strategies, as
also noted in prior shared-task evaluations (Wu
et al., 2025).

3.3 Text Length Characteristics

Analysis of document length reveals that the
dataset primarily consists of long-form news ar-
ticles. Most documents contain more than 300
tokens, with a substantial portion extending well
beyond this threshold. This property differenti-
ates the task from sentence-level Al-generated text
detection and introduces challenges related to the
fixed input length constraints of transformer-based
models.

Figure 1 illustrates the distribution of legacy to-
ken lengths for human-written and Al-generated
documents.  While the two distributions ex-
hibit significant overlap, Al-generated documents
tend to display a more concentrated length dis-
tribution, whereas human-written articles show
greater variance in token counts. Similar obser-
vations have been reported in prior analyses of Al-
generated text detection datasets (Sadasivan et al.,
2023).

These findings suggest that document length
alone is insufficient for reliable classification, but
may act as a weak auxiliary signal that detection
models can implicitly exploit when combined with
lexical and stylistic features.

3.4 Lexical and Structural Patterns

To further investigate lexical differences between
classes, we analyze token frequency patterns and
visualize the most frequent terms using class-
specific word clouds, shown in Figure 2. The visu-
alizations reveal partial overlap in topical vocabu-
lary, consistent with both classes covering similar
news domains.

However, Al-generated text exhibits more
repetitive usage of high-frequency tokens and
stylistically uniform phrasing, while human-
written text demonstrates greater lexical diver-
sity, including informal expressions, quotations,
and variable narrative flow. In addition, certain to-
kens and short n-grams appear disproportionately
in Al-generated samples, indicating the presence
of generator-specific artifacts. These patterns
align with findings from prior work on multilin-
gual and low-resource Al-generated text detection
(Ammar et al., 2025; Ali et al., 2025).

3.5 Data Diagnostics and Implications

Overall, the dataset exhibits partially overlap-
ping but non-identical distributions between
human-written and Al-generated text. While this
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Figure 1: Legacy token length distribution for human-
written and Al-generated Urdu documents.
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Figure 2: Word cloud visualization for human-written
(left) and Al-generated (right) Urdu text.

enables effective in-domain learning, it also intro-
duces the risk that models may overfit to dataset-
specific or generator-specific artifacts rather than
learning generalizable properties of Al-generated
language, a limitation highlighted in recent robust-
ness studies (Sadasivan et al., 2023; Kumarage
etal., 2024).

Furthermore, the document-level nature of the
data necessitates careful handling of long se-
quences. Direct truncation would discard sub-
stantial contextual information, motivating the use
of sliding window segmentation and document-
level aggregation in our modeling approach,
which has been adopted in similar document-level
detection settings (Ali et al., 2025).

These data diagnostics underscore the critical
role of dataset characteristics in determining de-
tection performance and reinforce the importance
of data-centric evaluation and preprocessing
strategies when studying Al-generated text detec-
tion in low-resource languages such as Urdu.

4 Methodology
4.1 Model Architecture

Our system is based on fine-tuning a pretrained
multilingual transformer for binary classification.
We employ XLM-RoBERTa-base as the backbone
due to its strong cross-lingual representations and
native support for Urdu.

Given a tokenized input sequence x =

(1,...,2y), the encoder produces contextualized
representations:

H = XLM-R(z), H ¢ R"*768

The pooled representation corresponding to the
classification token is passed to a linear classifi-
cation head:

¢ = softmax(Whcrs + b)

4.2 Long-Document Handling

Since many documents exceed the transformer to-
ken limit, we adopt a sliding window segmenta-
tion strategy. Each document is divided into over-
lapping segments of length L = 256 tokens with
stride S = 64. All segments inherit the original
document label.

To prevent data leakage, document-level split-
ting into training and validation sets is performed
prior to segmentation, ensuring that no segments
from the same document appear in both splits.

4.3 Training Strategy

The model is trained using cross-entropy loss and
the AdamW optimizer. To stabilize fine-tuning
on limited data, the encoder is frozen during the
first epoch and unfrozen thereafter. Differential
learning rates are applied, with a lower rate for
the encoder and a higher rate for the classification
head. Early stopping based on validation F1-score
is used to mitigate overfitting.

4.4 Document-Level Aggregation and
Calibration

During inference, predictions are produced at
the segment level. Given segment probabilities

{p1,...,pr} for a document, the document-level
probability is computed as:
1k
P(d) =+ Z;pi
1=

Instead of using a fixed threshold, we perform
threshold optimization on the validation set to
maximize Fl-score. The final prediction is ob-
tained by comparing P(d) against the optimized
threshold.

S Experiments and Results

We evaluate our model on the official test set using
standard binary classification metrics. The results
are shown in Table 1.
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Figure 3: Model Architecture and Processing Pipeline. Overview of our Urdu Al-generated text detection
system. Documents are segmented using a sliding window (L=256, S=64), encoded with XLM-RoBERTa-base,
aggregated at the document level via mean pooling, and classified into human-written or Al-generated text.

Metric Score (%)
Accuracy 88.71
Balanced Accuracy 88.71
Precision 88.44
Recall 88.91
F1-score 88.68

Table 1: Performance on the AbjadGenEval Task 2 test
set.

The close alignment between accuracy and
balanced accuracy indicates stable performance
across classes. The high recall suggests effective
identification of Al-generated text.

6 Error Analysis and Discussion

Qualitative error analysis reveals systematic fail-
ure cases. Human-written text exhibiting formal
or templated language is sometimes misclassified
as Al-generated. Conversely, Al-generated text
with increased stylistic variability may be labeled
as human-written.

These errors reinforce the conclusion that
dataset diversity and generator variation play a
critical role in detection performance. Archi-
tectural improvements alone are unlikely to re-
solve these limitations without more representa-
tive datasets.

7 Conclusion

We presented a transformer-based approach for
Al-generated Urdu text detection, emphasizing a

data-centric methodology. Our system achieves
strong performance in the AbjadGenEval Task 2
shared task, with an F1-score of 88.68%.

More importantly, our analysis highlights that
dataset artifacts and generator-specific patterns
dominate performance in low-resource detection
tasks. Future work will focus on cross-generator
evaluation, adversarial data augmentation, and im-
proved dataset construction to enable more robust
and generalizable Al-generated text detection sys-
tems.
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