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U-RoCX: An xLSTM based Approach to AI-Generated Urdu Text
Detection
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Abstract

Large Language Models (LLMs) have rapidly
proliferated, presenting challenges in distin-
guishing human-written text from AI-generated
content, especially in low-resource languages
like Urdu. This paper introduces U-RoCX, a
novel hybrid architecture for the AbjadGenEval
Shared Task on AI-Generated Urdu Text De-
tection. U-RoCX combines the multilingual se-
mantic capabilities of a frozen XLM-RoBERTa
backbone with local feature extraction from
Convolutional Neural Networks (CNNs) and
the advanced sequential modeling of the re-
cently proposed Extended LSTM (xLSTM). By
utilizing xLSTM’s matrix memory and covari-
ance update rules, the model addresses tradi-
tional Recurrent Neural Network bottlenecks.
Experimental results demonstrate the robust-
ness of U-RoCX, achieving a balanced accu-
racy and F1-score of 88% on the test set.

1 Introduction

The post-ChatGPT era has transformed practices
across multiple fields, generating significant posi-
tive impacts and driving continual improvements
in large language model (LLM) architectures (Liu
et al., 2026; Zhang et al., 2026; Xie et al., 2025;
Odeh and Natsheh, 2025). However, it has also in-
troduced significant ethical concerns and inherent
biases (Hasan et al., 2025), alongside challenges
in areas such as academic writing and the prolifer-
ation of fake news (Al-Jarf, 2024; Alnsour et al.,
2025; Ead, 2024). These issues have led to the
emergence of new research domains focused on
detecting AI-generated writing in these contexts.

This paper presents our work in AbjadGenEval -
Task 2 on AI-Generated Urdu Text Detection (Abu-
dalfa et al., 2025; Ezzini et al., 2026), which fo-
cuses on developing an AI model to detect the text
generated by LLMs that focus only on detecting
Urdu language,which is a language widely used by
more than 100 million people in the world, where

many people share their tweets,reviews, and com-
ments in Urdu (Yin et al., 2024; Zheng et al., 2023).

This study introduces U-RoCX, an AI model
designed to detect AI-generated content in Urdu.
U-RoCX integrates convolutional neural networks
(CNNs) with the recently proposed xLSTM (Beck
et al., 2024), utilizing the XLM-RoBERTa back-
bone as the primary embedding model (Conneau
et al., 2020). To the best of our knowledge, based
on extensive research, we are the first to ex-
periment with and evaluate the performance
of xLSTM for binary classification specifically
in the Urdu language. Experimental results on
the shared task dataset demonstrate strong perfor-
mance, achieving an F1 score of 88% and balanced
accuracy of 88%. The code and training pipeline
are publicly available on Github.

2 Shared Task Background

The primary task is AI writing detection (Lam-
siyah et al., 2025), in which the model receives
a text in Urdu and classifies it as human-written
or AI-generated. Model performance is evaluated
using standard binary classification metrics, includ-
ing F1 score and accuracy. The dataset used for
training and evaluating the model consists of 6,800
samples, split into 4,800 for training and 2,000
for testing. The training data is balanced between
human-written content, collected from news plat-
forms, and AI-generated content produced using
multiple LLMs.

3 Proposed System Architecture

3.1 Data Preprocessing
Since we are working with text data, which is con-
sidered unstructured data, and it’s common practice
to do some preprocessing techniques on the raw
text and convert it into a valuable and standardized
part, we do this through data cleaning to remove
the insignificant and useless parts of the text that

https://github.com/rabeeqasem/U-Rocx.


444

Figure 1: Top 5 most frequent Urdu stopwords found
in the training data, shown as a percentage of the total
word count.

might make the performance of any AI model that
deals with text worse (Ahmed et al., 2024).

We processed our data using the UrduHack
Python library, an NLP library designed specifi-
cally for the Urdu language, utilizing its stopword
and normalization functionalities.

3.1.1 Text Cleaning and Normalization
The initial step in the cleaning pipeline involved
removing elements such as URLs, hashtags, and
emojis from the text using regular expressions. Sub-
sequently, text and whitespace normalization were
applied to ensure consistent Unicode representation
throughout the dataset.

3.1.2 Stopword Removal
The second step in the cleaning pipeline is the re-
moval of stop words from the text. Stop words,
which are the most frequently used words in any
language, are typically removed to reduce the fea-
ture space and enable the model to focus on more
informative terms. A list of Urdu stop words was
removed from the dataset, as illustrated in Figure
1.

3.1.3 Stemming
The final phase involves stemming the text to ad-
dress the morphological complexity of the Urdu
language. The approach described in (Ahmed et al.,
2024) was adopted, implementing a function that
reduces words to their root forms by removing com-
mon affixes. The stemmer iterates through prede-

fined, sorted lists of Urdu prefixes and suffixes,
prioritizing longer affixes to ensure accurate match-
ing. A safety check ensures that affixes are only
removed if the remaining stem retains a minimum
length of two characters. This method effectively
manages morphological variations while prevent-
ing excessive truncation of valid root words.

3.2 U-RoCX Model Architecture
The proposed U-RoCX system is a hybrid neural
architecture designed to leverage the semantic capa-
bilities of large language models while maintaining
the computational efficiency of recurrent networks.
As illustrated in Figure 2, the model pipeline is
implemented using PyTorch and consists of four
stages: embedding backbone, local feature extrac-
tion using CNN, sequential modeling using the new
implementation of Xlstm , and binary classification
head.

3.2.1 Backbone and Embedding Strategy
Consistent with related studies (Saleem et al., 2025;
Ammar et al., 2025), XLM-RoBERTa was uti-
lized as the primary embedding layer in the model,
as it supports multilingual text, including Urdu.
XLM-RoBERTa represents each token as a 768-
dimensional vector. Additionally, we decided to
freeze the weights of the xlm-Roberta model dur-
ing training, and we noticed that doing this has
helped us to improve our prediction accuracy and
decrease the time needed to train the full model

3.2.2 Convolutional Feature Extraction
To capture local n-gram patterns and reduce dimen-
sionality before input to the xLSTM architecture,
a simple 1D Convolutional Neural Network is in-
serted. The 768-dimensional embeddings are first
compressed to 128 channels via linear projection.
A single convolutional layer scans the sequence
with 128 filters of width 3, modeling trigram con-
text. Subsequently, a max-pooling kernel of size
2 halves the sequence length, enabling the down-
stream xLSTM blocks to operate on a more focused
representation.

3.2.3 Extended Long Short-Term Memory
(xLSTM)

In this study, we investigate the Extended LSTM
(xLSTM) architecture, a recent advancement that
modifies the traditional LSTM structure. xLSTM
introduces two main innovations: (i) sLSTM, fea-
turing a scalar memory, scalar update, and new
memory mixing; and (ii) mLSTM, which utilizes
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Figure 2: The overall architecture of the proposed U-RoCX model, illustrating the flow from Urdu text input through
the frozen XLM-RoBERTa backbone, the CNN feature extraction block, the sequential xLSTM stack, and finally
the classification head.

a matrix memory and covariance update rule to
enable full parallelizability. These modifications
address key limitations of standard LSTMs, specif-
ically the inability to revise storage decisions, lim-
ited storage capacities which force information
compression into scalar cell states, and a lack of
parallelizability due to sequential processing (Beck
et al., 2024). By overcoming these bottlenecks,
which previously allowed attention mechanisms to
outperform RNNs, we aim to evaluate the efficacy
of xLSTM for the binary classification of Urdu
text.

3.2.4 Classification Head
The final stage is a fully connected classification
head. The output from the last hidden state of the
xLSTM stack is passed to a small dense projection
to 256 units with ReLU activation. The final lin-
ear layer maps these features to the binary classes,
producing the final logits for optimization.

The previous architecture resulted in a highly
efficient model structure. While the complete U-
RoCX architecture comprises 278 millions param-
eters, the strategic freezing of the XLM-RoBERTa
backbone restricts the optimization landscape sig-
nificantly. Consequently, only 399,114 parameters
specifically those associated with the CNN, xL-
STM, and classification head are trainable. This
design allows the model to leverage deep, pre-
trained linguistic knowledge while maintaining a
lightweight training model.

4 Experimental Setup

4.1 Model Configuration

To optimize the U-RoCX architecture for Urdu text
classification, the maximum context length was
dynamically determined by the 99th percentile of
the training data’s length distribution, minimizing
padding overhead while avoiding truncation. We

configured the CNN layer with 128 filters and a ker-
nel size of 3, followed by a max-pooling operation
with a kernel size of 2. For the sequential modeling,
we utilized a stack of 2 xLSTM blocks with 4 atten-
tion heads. We adopted a hybrid configuration by
alternating the block types, positioning an sLSTM
block first for scalar memory updates, followed by
an mLSTM block to leverage matrix memory paral-
lelization. Finally, a dropout rate of 0.3 was applied
to the classification head with ReLU activation.

4.2 Training Strategy
For the training procedures of our model, we de-
cided to go with the Cross-Entropy loss function
as our main loss function. We utilized the AdamW
optimizer (Loshchilov and Hutter, 2019), and to en-
sure stable convergence, we adopted the One Cycle
Learning Rate (OneCycleLR) policy (Smith, 2018).
This strategy dynamically adjusts the learning rate,
starting from a lower initial value, increasing to
a maximum during a warmup phase, and then an-
nealing it down for the remainder of the training
steps.

4.3 Hardware Environment
All training and evaluation experiments were con-
ducted NVIDIA Tesla T4 GPU with 15 GB of
VRAM. This hardware setup provided sufficient
memory bandwidth to handle the combined com-
putational load of the XLM-RoBERTa embeddings
and the xLSTM operations.

5 Results

The performance of the U-RoCX model was eval-
uated on the official test set. We utilized standard
binary classification metrics: Accuracy, Precision,
Recall, F1-Score, and Balanced Accuracy.

As shown in Table 1, our proposed architecture
achieved a Macro F1-score of 88.04% and a Bal-
anced Accuracy of 88.03%. These results indicate
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that the model maintains robustness across both
classes (Human-written and AI-generated) without
significant bias. The close proximity of the Ac-
curacy (88.02%) and Balanced Accuracy scores
further confirms the model’s stability.

The Recall of 88.61% is particularly notable,
suggesting that the model is highly effective at
identifying positive samples (AI-generated text)
with relatively few false negatives.

Metric Score (%)
Accuracy 88.02
Balanced Accuracy 88.03
Precision 87.47
Recall 88.61
F1-Score 88.04

Table 1: Detailed performance metrics of the U-RoCX
model on the test dataset.

6 Conclusion

In this paper, we presented U-RoCX, a novel ap-
proach for detecting AI-generated Urdu text in the
context of the AbjadGenEval Shared Task. By in-
tegrating the linguistic power of XLM-RoBERTa
with the advanced memory capabilities of xLSTM
and local feature extraction via CNNs, we devel-
oped a system that is both computationally efficient
and accurate.

Our experiments demonstrate that xLSTM is a
viable and powerful alternative to standard recur-
rent units for low-resource language tasks, achiev-
ing an F1 score of 88.04%. To the best of our
knowledge, this is the first application of xLSTM
for Urdu binary text classification.
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