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Abstract

This paper presents UrduLLaMA 1.1 and UrduLLaMA 1.1 Tiny, two instruction-tuned large language models
(LLMs) designed to advance natural language processing for Urdu, a low-resource language with limited
representation in multilingual corpora. These instruction-tuned models are derived from Llama-3.1-8B-Instruct and
Llama-3.2-3B-Instruct architectures, respectively by conducting continual pretraining on 800 million diverse Urdu
tokens curated from public and proprietary sources, followed by Supervised Fine-Tuning (SFT) using LoRA on
432K Urdu instructions spanning diverse NLP tasks. Rigorous evaluation across 14 culturally-specific domains
using our novel Urdu LLM Evaluation Dataset demonstrates superior performance. UrdulLLaMA 1.1 achieves
65.3 average accuracy (GPT-5 Nano evaluation), outperforming its Llama-3.1-8B-Instruct base (50.7) across all
categories and surpassing Llama-3.3-70B-Instruct (62.7) in 8 out of 14 domains. UrduLLaMA 1.1 Tiny transforms
Llama-3.2-3B-Instruct (38.8) into a (61.2) performer. Human evaluation by native Urdu linguists confirms these gains
(3.51/5 vs. 2.61/5 base). Our results validate targeted adaptation strategies combining continual pretraining with
instruction tuning as computationally efficient solutions for low-resource languages, enabling state-of-the-art Urdu
LLM models with accessible hardware.

Keywords: Urdu LLM, Low-Resource Language, Continual Pretraining, Instruction Tuning, Llama-3, LoRA,

SFT, Multilingual Adaptation

1. Introduction

Language modeling has undergone profound trans-
formation, propelled by the swift advancement of
Large Language Models (LLMs) that have rede-
fined benchmarks for natural language understand-
ing and generation. Proprietary models like Ope-
nAl's ChatGPT (OpenAl, 2022) demonstrate re-
markable capabilities but are limited by their closed
nature, which hinders research accessibility. In
contrast, open models like LLaMA (Grattafiori et al.,
2024) and Mistral (Jiang et al., 2023), despite
their smaller scale, deliver competitive performance
across multiple languages. However, multilingual
LLMs face challenges in handling low-resource
languages such as Urdu, largely due to their lim-
ited representation in training datasets. This data
gap leads to restricted vocabulary coverage and
inadequate encoding representations, ultimately
reducing model performance on Urdu NLP tasks,
as shown in recent benchmark studies (Arif et al.,
2024; Tahir et al., 2025). Overcoming this limitation
is crucial to unlocking the full potential of LLMs for
Urdu and other underrepresented languages. In
this research, we tackle this challenge by develop-
ing Urdu-specific LLMs. We begin by continually
pretraining Llama-3.1-8B-Instruct (Grattafiori et al.,
2024) and Llama-3.2-3B-Instruct on 800 million
Urdu tokens to enhance the model’s foundational
representation of the language. This is followed

by instruction fine-tuning on 432K Urdu-centric in-
structions to further improve their alignment and
conversational capability.

To evaluate model performance, we conduct ex-
tensive assessments across 14 distinct domains
using a curated dataset designed to captures local
language proficiency and domain-specific under-
standing. For comprehensive evaluation, both hu-
man assessments and GPT-based judgments are
employed on this dataset to ensure the reliability
and consistency of results. The model outcomes
are compared against the corresponding base mod-
els and Alif (Shafique et al., 2025), an open-source
Urdu language model. Additionally, evaluations on
translated benchmark datasets are performed to
provide further comparative insights.

The paper is structured as follows: Section 1
introduces the study and Section 2 presents the
related work. Section 3 details the dataset curation
and Section 4 explains the steps taken to prepro-
cess the data. This is followed by Section 5, which
describes the development process of UrduLLaMA
1.1 and UrduLLaMA 1.1 Tiny models including the
experimental and training details, and Section 6,
which covers the evaluation and discussion leading
to Section 7, which concludes the paper.
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2. Related Work

Apart from Alif (Shafique et al., 2025), a model
based on Llama-3.1-8B-Instruct by continually pre-
training it on 200K Urdu Wikipedia articles and
fine-tuned on 105K instruction, — no other known
study has explored continual pretraining of LLMs
for Urdu. This section reviews the most relevant re-
lated efforts, including models developed for Asian
and other low-resource languages built using the
LLaMA framework.

Tamil-Llama (Balachandran, 2023), an Asian lan-
guage model built on LLaMA 2 (Touvron et al.,
2023), incorporates 16,000 Tamil tokens and uti-
lizes the Low-Rank Adaptation (LoRA) (Hu et al.,
2021) technique for efficient training on Tamil
datasets. The model was trained on an Nvidia
A100 GPU with 80GB of VRAM for 48 hours, fol-
lowed by instruct fine tuning on translated Alpaca
datasets (Taori et al., 2023) and a custom subset
of the OpenOrca (Lian et al., 2023) dataset for 60
hours using Microsoft Azure’s Standard NC24 ads
A100v4 instance. Performance evaluations indi-
cate substantial improvements in Tamil text genera-
tion, with the Tamil-Llama 13B model outperforming
OpenAl's GPT-3.5-turbo on Tamil language tasks.

Taiwan-LLM (Lin and Chen, 2023), an LLM for
Traditional Chinese, underwent continual pretrain-
ing on LLaMA-2 using 35.1 billion tokens and a
diverse instruction set derived from 17 fine tuning
datasets, including 20,000 user feedback instances.
The training process leveraged the Transformer Re-
inforcement Learning (TRL) library (Hu et al., 2023),
along with DeepSpeed ZeRO-2 (Rajbhandari et al.,
2020) and FlashAttention-2 (Dao, 2023) to optimize
memory usage and enhance training efficiency. Uti-
lizing up to 48 NVIDIA H100 Tensor Core GPUs,
Taiwan-LLM demonstrated superior performance
in understanding and generating Traditional Chi-
nese text, surpassing models such as GPT-4 and
Claude-2.1 (Anthropic, 2023).

PersianLLaMA (Abbasi et al., 2023), the first
large-scale Persian language model, was trained
from scratch on 184 million tokens from Persian
Wikipedia and 9 billion tokens from the OSCAR
dataset (Suérez et al., 2020). The training pro-
cess leveraged DeepSpeed (Rasley et al., 2020)
and TencentPretrain (Zhao et al., 2023), two ad-
vanced frameworks for optimizing deep learning,
utilizing two A100 GPUs with 80GB of VRAM over
12 days. Additionally, they conducted an experi-
ment using LoRA with the original English LLaMA
weights, training on a single A100 GPU with 80GB
of VRAM for over 70 hours. Their evaluations indi-
cate that PersianLLaMA significantly outperformed
its competitors in both understanding and generat-
ing Persian text.

AceGPT (Huang et al., 2023) is an Arabic-centric

large language model developed on top of LLaMA
2 (Touvron et al., 2023). It was localized through
pretraining on extensive Arabic corpora, followed
by Supervised Fine-Tuning (SFT) with native Ara-
bic instructions and Reinforcement Learning with
Al Feedback (RLAIF) using culturally aligned pref-
erence data. The training setup employed 24
NVIDIA A100 80GB GPUs, with a 2048-token con-
text length, AdamW optimizer, cosine learning rate
scheduler, and gradient accumulation of 128. Eval-
uation results show that AceGPT achieved state-
of-the-art performance across several benchmarks,
including Arabic Vicuna-80, AlpacaEval, ALUE,
MMLU, EXAMs, and the Arabic Cultural and Value
Alignment (ACVA) dataset, establishing it as a lead-
ing open-source Arabic LLM. Despite its strong
performance, AceGPT faces challenges such as a
vocabulary largely restricted to Arabic letters, limit-
ing encoding efficiency, and pretraining constrained
by machine resources.

Airavata (Gala et al., 2024) is an instruction-tuned
model for Hindi, built by fine tuning OpenHathi (Sar-
vamAl, 2023), on 404k instruction instances from
diverse Hindi instruction-tuning datasets. Open-
Hathi (SarvamAl, 2023) is again a model built on
the LLaMA 2 7B architecture. The training em-
ployed both full fine tuning and supervised fine tun-
ing using LoRA. Their results demonstrated that
Airavata significantly outperforms OpenHathi on
most tasks, highlighting the effectiveness of fine
tuning in aligning the base model to a variety of
tasks.

Seal LMs (Nguyen et al., 2024b) is an innovative
series of language models focused on Southeast
Asian (SEA) languages. Built upon LLaMA 2 (Tou-
vron et al., 2023) and Mistral 7B (Jiang et al., 2023),
SealLMs underwent continued pretraining with
an extended vocabulary, followed by a hybrid ap-
proach for instruction and alignment tuning. Their
evaluation claims that Seal LMs significantly out-
perform ChatGPT-3.5 in non-Latin languages, such
as Thai, Khmer, Lao, and Burmese, by large mar-
gins, while remaining lightweight and cost-effective
to operate.

A related study on Chinese LLaMA(Cui et al.,
2023) extended different variants of LLaMA 2 (Tou-
vron et al., 2023) by adding 20,000 Chinese to-
kens to the existing vocabulary. The model was
pre-trained using LoRA and fine tuned on Chinese
instruction datasets formatted according to Alpaca
(Taori et al., 2023). Training was conducted on A40
GPUs (48GB VRAM), with up to 48 GPUs used de-
pending on the model size. The parameter-efficient
training with LoRA was carried out using the PEFT
library'. Experimental results demonstrate signifi-
cant improvements in Chinese text understanding
and generation over the original LLaMA.

1https ://github.com/huggingface/peft
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Source Original Token Count Token Count After Processing Reduction Percentage Reduction (%)
Publically Available Resources 798,260,573 541,151,638 257,108,935 32.20

Inhouse 639,786,525 606,053,446 33,733,079 5.30

Dataset 1,438,047,098 1,147,205,084 290,842,014 -

Dataset (in Billion) 1.43 1.14 0.29 -

Table 1: Summary of Token Count Reduction Across Different Data Sources)

Another study (Chen et al., 2024b) conducted
a two-stage continual pretraining of Llama-3-8B
(Grattafiori et al., 2024) for Chinese. Initial experi-
ments were conducted on TinyLLaMA (Zhang et al.,
2024), followed by training on 100 billion tokens
and fine-tuning on synthetic scientific QA data. Re-
sults across multiple benchmarks show substantial
performance gains in both general and scientific
reasoning abilities without degrading the backbone
model’s original capacities.

VinaLLaMA (Nguyen et al., 2023), an open-
weight, state-of-the-art (SOTA) Vietnamese LLM,
was built upon LLaMA 2 (Touvron et al., 2023) with
an additional 800 billion trained tokens followed
by fine tuning on 1 million sample instruction of
Vietnamese and English. They claim to achieve
state-of-the-art results on different key benchmarks,
showcasing fluency in Vietnamese and a deep un-
derstanding of their culture.

In summary, this literature review highlights the
absence of dedicated large-scale Urdu LLMs and
underscores the pressing need for such resources.
To address this gap, this paper presents the first
large-scale continual pretraining and fine-tuning of
Llama-3.1-8B-Instruct and Llama-3.2-3B-Instruct
for Urdu, leveraging 800 million Urdu tokens and
applying LoRA-based instruction tuning. This work
represents a pioneering step toward developing
advanced, efficient LLMs for Urdu and other under-
represented languages.

3. Dataset Curation

A pivitol challenge for building LLMs, particularly in
low resource languages, is the availability of size-
able high-quality data for building foundation LLMs.
As the quality and diversity of data significantly influ-
ence the capabilities of LLMs (Chen et al., 2024a),
we supplemented our in-house dataset with data
from several publicly available sources, including
CC-100 (Wenzek et al., 2020), the Urdu corpus
from OSCAR (Suarez et al., 2020), the Urdu Web
Corpus (Shafig et al., 2020), Urdu data from XL-
Sum (Hasan et al., 2021), and (Goldhahn et al.,
2012). The raw text underwent a comprehensive
pre-processing pipeline, outlined in Section 4, to
ensure language-specific content, maintain quality,
and remove duplicates. A summary of the collected
datasets and the impact of processing is provided
in Table 1.

4. Preprocessing Pipeline

This section outlines the pre-processing steps ap-
plied to construct our dataset. We primarily adopted
approaches similar to those proposed by (Zeng
et al., 2021), (Ennen et al., 2023), and (Lu et al.,
2024). The steps are as follows:

» Language Filtering:

This step was performed at the document level
to retain only language-rich documents. Sim-
ilar approaches have been adopted by oth-
ers, such as the Falcon team (Penedo et al.,
2023) for creating RefinedWeb, where they
used the fastText language classifier from CC-
Net (Wenzek et al., 2020) at the document
level. This method has also been utilized by
(Nguyen et al., 2024a) for building CulturaX
and by (Laurencgon et al., 2022) for construct-
ing the BigScience ROOTS corpus. In our
case, we conducted language filtering using
the CLE Urdu Language ldentification API?,
applying a threshold of 0.9 to ensure the re-
tention of predominantly Urdu documents. To
validate our choice of the CLE Urdu Language
Identification API, we conducted experiments
comparing it with fastText, assessing the ef-
fectiveness of both in identifying Urdu content
within documents containing varying propor-
tions of Urdu and non-Urdu text. The results of
which are summarized in Table 2, demonstrat-
ing that the CLE Urdu Language Identification
API provided scores more aligned with the ex-
pected composition of test data.

Data Standardization: Data standardization
involves the normalization and transformation
of text data to make it more manageable and
comprehensible during the model training pro-
cess (Lu etal., 2024). Since syntax of the Urdu
language requires specialized techniques, we
applied as described in (Nazir et al., 2024).
Major steps include Unicode-based filtering,
replacing non-standard characters with their
standard forms, and handling Urdu-specific
features such as end symbols, poetic symbols,
and quotation marks. Additionally, some docu-
ments had varying lengths, so we split the text
to maintain an average context length of 512
tokens.

?https://tech.cle.org.pk/api_langid
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File Composition CLE Urdu Language fastText Model Score
Identification API

80% Urdu, 20% non-urdu 0.827
50% Urdu, 50% non-urdu 0.503
25% Urdu, 75% non-urdu 0.257
100% Urdu 1.000
100% Urdu (with urdu numerials) 1.000
Only Numericals 0.000

lang: ur, prob: 0.991
lang: ur, prob: 0.847
lang: en, prob: 0.439
lang: ur , prob: 0.997
lang: ur, prob: 0.994
lang: ru , prob: 0.349

Note: The "lang" represents the detected language, "prob" represents the probability score.
The language codes are as follows: "ur" = Urdu, "en" = English, "ru" = Russian.

* Quality Filtering: To enhance the dataset’s
quality, motivated by the data processing
pipeline from (Laurencon et al., 2022) and
(Nguyen et al., 2024a), we utilized various
dataset metrics to identify and filter outly-
ing documents. Filtering was applied based
on stopword ratios, flagged word ratios, and
empty documents. The threshold values for
the stopword ratio and flagged word ratio were
set at 0.1 and 0.025, respectively, which align
with the threshold values used in the Big-
Science ROQOTS project (Laurengon et al.,
2022).

In addition to filtering, we implemented Per-
sonally ldentifiable Information (PIl) removal
to protect sensitive data. We employed rule-
based approach leveraging regular expres-
sions regexes library to detect and remove
sensitive information such as phone numbers,
identification numbers, and email addresses.
These measures ensured that the dataset was
free from personally identifiable information,
enhancing privacy and usability for model train-

ing.

Deduplication:

Despite thorough data cleaning, the remaining,
dataset still contain a substantial amount of re-
peated data due to various reasons, including
information being reposted on the web, mul-
tiple references to the same articles and pla-
giarism. The duplicated data can thus cause
memorization and significantly hinder gener-
alization for LLMs (Lee et al., 2022). There-
fore deduplication is required as it decreases
memorization of training data (Kandpal et al.,
2022). Initially, deduplication was performed
within individual datasets, followed by an over-
all deduplication across all datasets to address
potential similarities among different sources.
We applied deduplication at two levels with Ta-
ble 3 summarizes the results of this process:

Table 2: Language Identification Experiments with CLE Urdu Language ldentification API and fastText

Step Token Count
Original Dataset 1.43 Billion
After Preprocessing 1.14 Billion

After Overall Deduplication 1.08 Billion

Table 3: Impact of Deduplication on Dataset

1. Exact Document Deduplication: We ap-
plied the SimHash technique, as used
in the creation of WuDaoCorpora (Yuan
etal., 2021) corpus, Roots Corpus for Big-
Science’s BLOOMZ model (Abadiji et al.,
2022) and (Laurencon et al., 2022), to
perform deduplication. A hash was gener-
ated from the content of each document
(ignoring spaces) to uniquely identify it.
If a duplicate hash was found, the corre-
sponding document was removed.

2. Inside Document Deduplication:

The second step involved deduplicating
individual lines within the documents. Fol-
lowing the approach outlined by (Lau-
rengon et al., 2022), we performed a line-
by-line comparison to identify and remove
repeated content. Duplicate lines, regard-
less of their position within a document,
were eliminated.

5. UrdulLLaMA 1.1 Models

Llama-3.1-8B-Instruct, as introduced in (Grattafiori
et al., 2024) by Meta, is built upon an extensive
pretraining corpus of 15 trillion tokens, while Llama-
3.2-3B, used for UrduLLaMA 1.1 Tiny, leverages
up to 9 trillion tokens. We utilize these model archi-
tectures for continual pretraining due to their open-
source availability and inclusion of Urdu language
data, making them suitable for our research. The
complete process of creating UrduLLaMA 1.1 and
UrduLLaMA 1.1 Tiny, illustrated in Figure 1, follows
four key stages: data collection, data processing,
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continual pretraining, and fine-tuning, each enhanc-
ing the models’ linguistic understanding and task
adaptability.

5.1.

The UrduLLaMA 1.1 model is trained on the Causal
Language Modeling (CLM) task, enabling it to pre-
dict and generate the next word in a sequence. This
stage plays a crucial role in refining LLaMA’s profi-
ciency in Urdu by allowing the model to grasp the
language’s intricate syntactic structures, semantic
nuances, and unique linguistic traits. Leveraging
its autoregressive nature, CLM mirrors the human
process of language comprehension and genera-
tion, which is inherently context-dependent. Con-
sequently, by the end of this initial training phase,
LLaMA acquires the ability to generate and interpret
Urdu text with contextual relevance and linguistic
accuracy.

Continual Pretraining

5.1.1. Pretraining Dataset

Due to hardware limitations, about 800 million to-
kens were selected for continual pretraining of
Llama-3.1-8B-Instruct and Llama-3.2-3B-Instruct
models from the curated dataset as explained in
Section 3.

5.1.2. Pretraining Setup

The foundational model of UrduLLaMA 1.1 is
initialized with the original Llama-3.1-8B-Instruct
weights and UrduLLaMA 1.1 Tiny is intitialized
with the original Llama-3.2-3B-Instruct weights
and underwent pretraining using the bf16 preci-
sion setting. Our pretraining strategy involved
parameter-efficient finetuning with Low-Rank Adap-
tation (LoRA), where LoRA adapters were ap-
plied to attention modules (q_proj, v_proj, and out-
put_proj) and the MLP layers, with a LoRA rank of
64, alpha of 128, and dropout of 0.1. The training
utilized the torchtune library (PyTorch Contributors,
2024) for distributed LoRA finetuning. An AdamW
optimizer was employed with a learning rate of 2e-
4, weight decay of 0.01, and a cosine learning rate
scheduler with 100 warmup steps. Gradient accu-
mulation steps of 8 were used with a batch size of
1, resulting in an effective batch size of 8. Memory
optimization techniques such as activation check-
pointing, activation offloading, and PyTorch com-
pilation were applied to manage the large model
size effectively. Pretraining was conducted on 3
NVIDIA L40 48GB GPUs, with the training process
spanning approximately 892 hours for UrduLLaMA
1.1 model and 530 hours for UrduLLaMA 1.1 Tiny.
Both the models were trained for 1 epoch on the
dataset.

5.2.

Language models pre-trained using the causal lan-
guage modeling (CLM) objective often struggle to
follow user instructions and sometimes generate
irrelevant or unintended content (Balachandran,
2023). This limitation arises because the CLM ob-
jective is designed to predict the next token in a
sequence rather than understand or respond to in-
structions effectively (Ouyang et al., 2022). To ad-
dress this issue and align the model’s behavior with
user intentions, we employed instruction fine-tuning
using Supervised Fine-Tuning (SFT). This step re-
fines the LLM’s capabilities, allowing it to interpret
and execute task-specific instructions more effec-
tively in natural language. Instruction fine-tuning
focuses on a wide array of tasks articulated through
language, ensuring the LLM’s adaptability without
task-specific alterations (Wei et al., 2022).

Instruct Tuning

5.2.1. Instruct Tuning Datasets

To enhance the model’s ability to follow Urdu-
specific instructions, we curated a comprehensive
dataset for SFT, totaling 432,759 unique instruction-
response pairs after merging and deduplication.
The dataset was derived from two main cate-
gories: translated datasets from established En-
glish instruction-tuning resources and generated
datasets from Urdu news articles. These cover
diverse NLP tasks such as question answering,
reasoning, summarization, classification, and cre-
ative writing. Table 4 summarizes the composition
and statistics of these datasets.

Category Deduplicated Rows
Translated Datasets 259,886
Generated Datasets 172,873
Total Combined 432,759

Table 4: Summary of Instruct Tuning Datasets

Translated Datasets. These were derived from
high-quality English instruction-tuning datasets,
translated into Urdu to adapt them for our model.
The Urdu Alpaca (26,019 rows) and Urdu Dolly
(15,015 rows) datasets were sourced directly from
existing repositories (Khalil, 2024; Saeed, 2023),
based on the Stanford Alpaca (Taori et al., 2023)
and Dolly (Conover et al., 2023) datasets, respec-
tively. The Urdu Self-Instruct dataset is a curated
translation of the Self-Instruct dataset (Wang et al.,
2023), containing 52,000 high-quality instruction-
output pairs covering tasks like reasoning, summa-
rization, and transformation. The Urdu FLAN, com-
prising approximately 140,000 instances, was trans-
lated from the FLAN collection (Chung et al., 2022),
which emphasizes instruction-following across mul-
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Figure 1: Development of UrduLLaMA 1.1 and UrduLLaMA 1.1 Tiny

tiple NLP benchmarks. Translations for Urdu Self-
Instruct and Urdu FLAN were performed using the
Google Translate API, followed by manual spot-
checking to ensure quality. After merging all trans-
lated sources (268,840 rows), we applied dedupli-
cation using exact string matching on instruction-
input-output triples, removing 8,954 duplicates to
yield 259,886 unique rows.

Generated Datasets. To incorporate culturally
relevant and domain-specific Urdu content, we col-
lected high quality Urdu content which included
articles related to politics, entertainment, sports,
and general news. This content was used to gen-
erate instruction-based data in a semi-supervised
manner via the GPT-40-mini APIl (OpenAl, 2024).
For each article, we provided the content along with
a custom prompt instructing the model to generate
at least five diverse, self-contained Alpaca-style
(Taori et al., 2023) instruction-input-output pairs in
Urdu, covering tasks like factual questioning, sum-
marization, or scenario analysis. The prompt, in-
spired by (Wang et al., 2023), ensured variety and
independence from external context.

This process resulted in 172,877 rows, with minor
deduplication reducing it to 172,873 unique rows.
The generated data enhances the model’s ability to
handle real-world Urdu contexts, mitigating biases
from translated sources. The final merged dataset
(432,759 rows) was shuffled to ensure a balanced
distribution of translated and generated instances
for training.

5.2.2. Instruct Tuning Setup

For instruction fine-tuning, we utilized the Low-
Rank Adaptation (LoRA) method, integrating LoRA
adapters into the attention layers (q_proj, v_proj,
output_proj) and MLP layers of the Llama-3.1-8B-
Instruct model for UrduLLaMA 1.1 and Llama-3.2-
3B-Instruct model for UrduLLaMA 1.1 Tiny. The
embeddings, language model head, and LoRA pa-
rameters were trained using the torchtune library
(PyTorch Contributors, 2024) for efficient distributed
training. The training for UrduLLaMA 1.1 Tiny was
conducted on a single NVIDIA A100 40GB GPU,
with a batch size of 1, FP16 precision, and a maxi-
mum sequence length of 512. We used an AdamW

optimizer with an initial learning rate of 2e-4, a
dropout rate of 0.1, a LoRA rank of 64, and a LoRA
alpha of 128. The model was trained for 3 epochs,
with a total training time of approximately 72 hours.
The training for UrduLLaMA 1.1 was conducted on
3 NVIDIA L40 48 GB GPUs for one epoch with a
total training time of approximately 190 hours.

6. Evaluation

6.1.

To address the absence of a dedicated Urdu evalu-
ation dataset, we developed a novel benchmark
inspired by methodologies from prior language-
specific LLaMA adaptations (Balachandran, 2023;
Abbasi et al., 2023; Cui et al., 2023). The dataset,
manually curated by linguists to reflect Urdu speak-
ing contexts, comprises 350 instances across 14
diverse categories (e.g., business, literature, health,
local law), with 25 instances per category. These
categories encompass tasks like reasoning, sum-
marization and text generation, ensuring compre-
hensive evaluation of model capabilities.

Urdu LLM Evaluation Dataset

6.2. GPT as Judge Evaluation

Using the Urdu LLM Evaluation Dataset 6.1, we
employed GPT-5 Nano (OpenAl, 2025) as an im-
partial judge to evaluate model responses. For
each question-response pair, with model identities
concealed, the judge rated responses on five cri-
teria: clarity, coherence, completeness, relevance,
and accuracy. Each criterion was scored on a 1
to 5 scale (1 = poor, 5 = excellent). For each cate-
gory (e.g., business), we aggregated scores across
the 25 instances by summing the ratings for each
criterion separately and then computing the total
sum across all five criteria. The category-level av-
erage score was obtained by dividing this total by
625 (the maximum possible sum: 5 x 25 x 5). Ta-
ble 5 presents these average scores per category
for the evaluated models: Llama 3.1 8B Instruct,
Llama 3.2 3B Instruct, Llama 3.3 70B Instruct, Alif,
UrduLLaMA 1.1 Tiny, and Urdu Instruct.
UrduLLaMA 1.1 achieved the highest average
rating of 65.3, surpassing its base Llama 3.1 8B
model (50.7) in all 14 categories, with standout
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Category

Llama3.23B Llama3.18B UrduLLaMA 1.1 Tiny Llama3.370B Alif

Urdu Instruct

Business 30.2 38.2 65.0 46.7 59.4 64.0
Close-ended QA 45.0 75.2 64.3 85.8 78.6 71.7
Common sense QA 45.8 57.9 60.8 78.2 64.2 67.2
Literature 40.3 52.5 65.8 59.5 68.6 63.2
Political 41.9 48.2 67.5 61.1 72.8 73.8
Reasoning 48.5 65.3 61.8 87.2 47.4 66.4
Sports 36.0 42.9 53.3 59.7 55.8 54.1
Story writing 28.0 31.0 52.8 35.4 68.0 65.3
Summarization 71.4 81.4 73.8 88.3 76.3 76.5
Agriculture 29.9 32.8 48.0 51.2 52.5 59.0
Banking 25.8 40.5 54.2 51.4 57.6 59.4
Health 32.0 46.9 66.1 57.4 66.1 68.2
Local law 32.8 50.7 56.3 58.9 56.6 57.1
Urdu news 35.8 46.7 66.6 57.3 68.6 68.0
Average 38.8 50.7 61.2 62.7 63.7 65.3

Table 5: GPT as a Judge Evaluation Results (Acc. %)

performances in political discourse (73.8 vs. 48.2)
and health (68.2 vs. 46.9). It also outperformed
the larger Llama 3.3 70B (62.7) in 11 categories,
including literature (63.2 vs. 59.5) and Urdu news
(68.0 vs. 57.3).

UrduLLaMA 1.1 Tiny, built on the smaller Llama
3.2 3B (38.8), attained a 61.2 average accuracy,
exceeding its base model in all 14 categories, with
notable gains in business (65.0 vs. 30.2) and story
writing (52.8 vs. 28.0), and outpacing the 70B
model in 7 categories, such as political (67.5 vs.
61.1) and literature (65.8 vs. 59.5).

These results demonstrate the models’ en-
hanced ability to handle culturally nuanced and
domain-specific Urdu tasks, leveraging targeted
adaptations to deliver precise, contextually relevant
outputs. The robust performance of UrduLLaMA
1.1 Tiny model demonstrates its effectiveness in
low-resource settings. Its ability to operate effi-
ciently on resource-limited devices without com-
promising accuracy broadens the accessibility of
advanced Urdu language processing for real-world
applications in domains such as education, health-
care, and local governance.

6.3. Human Evaluation

To complement the automated evaluation in Sec-
tion 6.2 and validate model performance with cul-
turally nuanced insights, we conducted a human
evaluation using the Urdu LLM Evaluation Dataset
described in Section 6.1. A panel of three native
Urdu speaking evaluators, working independently
to ensure unbiased ratings, assessed anonymized
responses from six models across all 350 instances
spanning 14 categories. Each response was rated
on a scale of 1 to 5, with 5 representing the highest
satisfaction and understanding, and 1 the lowest.
For each category and model, individual evaluator
ratings were first averaged to obtain a per-category
score per model. These category-level averages
were then averaged across all 14 categories to com-

Model Average Rating
Llama 3.2 3B 2.06
Llama 3.1 8B 2.61
Alif 3.08
UrduLLaMA 1.1 Tiny 3.17
Llama 3.3 70B 3.46
UrduLLaMA 1.1 3.51

Table 6: Summary of Human Evaluation Results

pute the final average score for each model. This
process yielded the final average scores across all
categories and evaluators, which were used to rank
the models as presented in Table 6.

The human evaluation results corroborate the
trends observed in the GPT-5 Nano assessment,
with UrduLLaMA 1.1 achieving the highest aver-
age rating of 3.51, closely followed by Llama 3.3
70B at 3.46, while significantly outperforming its
base Llama 3.1 8B (2.61). UrduLLaMA 1.1 Tiny
also demonstrated strong performance at 3.17, sur-
passing Alif (3.08) and its base Llama 3.2 3B (2.06).
These outcomes align with the models’ excellence
in culturally attuned tasks highlighted in the GPT
evaluation, such as political discourse and health
related queries. The human evaluators as native
Urdu speakers and local linguists, captured subtle
cultural nuances, idiomatic expressions, and con-
textual relevancies that automated judges like GPT-
5 Nano might overlook, providing a more grounded
validation of the models’ effectiveness in real world,
domain-specific Urdu applications. This human
centeric approach complements the benchmark
evaluations by emphasizing practical utility in low
resource settings, further underscoring the value
of targeted Urdu adaptations for accessible Al de-
ployment.
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6.4. Evaluation on Benchmark Datasets

To evaluate UrduLLaMA 1.1’s capabilities in rea-
soning and knowledge-intensive tasks, we devel-
oped Urdu-translated versions of standard bench-
marks using Google Translate. These benchmarks
include the Massive Multitask Language Under-
standing (MMLU) dataset (Hendrycks et al., 2021),
HellaSwag (Zellers et al., 2019), Multilingual Grade
School Math (MGSM) (Shi et al., 2023), and the Al2
Reasoning Challenge (ARC) datasets, comprising
ARC Easy and ARC Challenge (Clark et al., 2018).

Results, shown in Table 7 for MMLU and Hel-
laSwag, and Table 8 for MGSM, ARC Easy, and
ARC Challenge, assess UrduLLaMA 1.1’s perfor-
mance in commonsense reasoning, scientific de-
duction, and mathematical problem-solving.

UrduLLaMA 1.1 excels in structured scientific
reasoning (ARC) but lags behind its base model
on knowledge-intensive tasks, revealing comple-
mentary strengths. On MMLU and Hellaswag (Ta-
ble 7), base Llama 3.1 8B outperforms UrduLLaMA
1.1. MMLU requires encyclopedic recall across
57 subjects, leveraging the base model’s broader
multilingual pre-training. Hellaswag demands com-
monsense inference in narrative contexts, where
the base excels due to its extensive exposure to
diverse patterns. UrduLLaMA 1.1’s instruction tun-
ing prioritizes targeted reasoning over expansive
knowledge assimilation, making it less suited for
these breadth-oriented tasks.

Model Hellaswag MMLU Average
Alif 12.11 29.80 20.96
Llama 3.2 3B 27.22 20.39 23.81
Llama 3.1 8B 32.01 31.64 31.83
UrduLLaMA 1.1 27.45 25.63 26.54

Table 7: Translated Hellaswag & MMLU Results

When evaluated on scientific reasoning bench-
marks, UrduLLaMA 1.1 leads on ARC Easy (41.37)
and ARC Challenge (29.69) (Table 8), surpass-
ing all baselines. These scientific reasoning
benchmarks emphasize step-by-step logical de-
duction—from basic inferences (Easy) to adver-
sarial puzzles (Challenge)—which align perfectly
with our Urdu-specific instruction tuning. However,
on MGSM (6.4 vs. base’s 12.0), the base model’s
stronger multilingual mathematical grounding pro-
vides an edge in word problem solving. Urdul-
LaMA 1.1 demonstrates that Urdu instruction tun-
ing boosts logical reasoning (ARC success) while
the base Llama retains advantages in knowledge
breadth (MMLU, Hellaswag).

This highlights UrduLLaMA 1.1 as a specialized
reasoning model, with opportunities to combine
both strengths through expanded Urdu knowledge

Model MGSM Arc E. Arc C. Average
Alif 52 1561 11.52 10.78
Llama 3.2 3B 36 234 2363 16.88
Llama3.18B 12.0 38.01 23.89 24.63
UrduLLaMA 1.1 6.4 41.37 29.69 25.82

Table 8: Translated MGSM & ARC Results

training for comprehensive performance.

7. Conclusion

This work presents UrduLLaMA 1.1 and Urdul-
LaMA 1.1 Tiny, specialized instruction-tuned mod-
els that significantly advance Urdu language pro-
cessing capabilities. Through continual pretraining
on 800 million diverse Urdu tokens followed by SFT
on 432K instructions, our models transform com-
modity multilingual architectures into Urdu special-
ists. The novel Urdu LLM Evaluation Dataset, span-
ning 14 categories, enabled rigorous assessment.
GPT-5 Nano evaluation revealed Urdu Instruct’s
dominance (65.3 average) over its base Llama 3.1
8B (50.7) across all categories and even surpassing
the bigger variant Llama 3.3 70B (62.7) in 8/14 do-
mains. UrduLLaMA 1.1 Tiny similarly transformed
its base Llama 3.2 3B (38.8) into a formidable 61.2
performer. Human evaluation by native Urdu lin-
guists validated these findings, with UrduLLaMA
1.1 (3.51) and Llama 3.3 70B (3.46) leading, while
UrduLLaMA 1.1 Tiny (3.17) substantially outper-
formed baselines and the Alif model. Benchmark
results highlight complementary strengths: Urdul-
LaMA 1.1 excels in scientific reasoning (ARC Easy:
41.37, ARC Challenge: 29.69) while base mod-
els retain advantages in knowledge-intensive tasks
(MMLU, Hellaswag). This specialization under-
scores the value of targeted instruction tuning for
domain-specific excellence. Critically, human eval-
uators, native speakers attuned to local nuances,
confirmed that our models capture cultural sub-
tleties, idiomatic expressions, and contextual rele-
vancies that generic multilingual models often miss
(3.51 vs 2.61). This human validation provides the
most compelling evidence of practical utility. The re-
sults demonstrate that targeted Urdu instruction tun-
ing transforms commodity multilingual models into
culturally competent specialists, achieving state-of-
the-art performance with computational efficiency
suitable for low-resource deployment.

Limitations

Our model was trained on a limited portion of the
Urdu dataset due to computational and cost con-
straints. As a result, it exhibits gaps in knowledge
as evident in evaluation on benchmark datasets.
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While this version serves as a foundational step, its
full potential can only be unlocked with access to a
more extensive dataset to enhance its contextual
understanding.

Additionally, detoxification processes were not
incorporated during training, leaving the model un-
censored and potentially prone to generating harm-
ful or offensive content, which requires caution dur-
ing deployment.

Evaluating LLMs also presents a significant chal-
lenge, especially for underrepresented languages
like Urdu, due to the lack of standardized bench-
marks outside the European linguistic domain. Al-
though this paper introduces a tailored evaluation
approach for Urdu LLM evaluation for local content,
it relies on translated benchmarks to assess the
model’s performance across diverse applications.
Translation errors may therefore have affected the
results.

Ethics Statement

This research utilizes publicly available, open-
source datasets that do not contain personal or
identifiable information, ensuring no associated
risks. All work and ideas presented are original,
with Al models used solely for grammatical cor-
rection and writing enhancement. Proper citations
have been made for all models and datasets used.
Moreover as a generative model, it retains the po-
tential to generate harmful or offensive content if
prompted inappropriately, underscoring the need
for responsible usage and careful oversight during
deployment.
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