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Abstract

This study explores the effectiveness of
transformer-based models for Named Entity
Recognition (NER) in Urdu legal documents,
a critical task in low-resource language pro-
cessing. Given the specialized terminology and
complex syntax of the legal texts, accurate en-
tity recognition in Urdu remains a challenge.
We developed a legal Urdu dataset that con-
tains 117,500 documents, generated synthet-
ically from 47 different types of legal docu-
ments, and evaluated three BERT-based mod-
els. XLMRoBERTa, mBERT, and DistilBERT
were analyzed by analyzing their performance
on an annotated Urdu legal data set. mBERT
demonstrated superior accuracy (0.999), and its
F1 score (0.975) outperforms XLMRoBERTa
and DistilBERT, highlighting its robustness in
recognizing entities within low-resource lan-
guages. To ensure the privacy of personal iden-
tifiers, all documents are anonymized. The
dataset for this study is publicly hosted on Hug-
gingFace1.

Keywords: Named Entity Recognition, Low Re-
source Languages, Synthetic Data, DistilBERT,
XLM-RoBERTa, mBERT

1 Introduction

1.1 Motivation and Problem Statement

NER is one of the fundamental tasks of NLP that
finds important uses in legal text analysis, knowl-
edge mining, and semantic retrieval. Despite ad-
vances in NLP, low-resource languages such as
Urdu still face major challenges, especially in tasks
such as entity recognition within specialized do-
mains such as law, where linguistic complexity and
domain-specific terminology significantly impact
accuracy and performance Naseem et al. (2020).

1https://huggingface.co/datasets/
cheemasohail/Urdu-Legal_ner_corpora

Legal texts in Urdu pose certain challenges due
to the legal vocabulary and, at the same time, due
to the legal hierarchy into which the documents
are classified, apart from having sectional differ-
ences. The above increases the need for models
in automated legal text processing alongside cus-
tom datasets to effectively address these issues
Krasadakis et al. (2024). According to the latest
work, transfer learning and domain adaptation help
to enhance NER performance in low-resource lan-
guages; the emphasis is placed on the requirement
for fine-tuned datasets in this sphere Sasikumar and
Mantri (2023).

The basic NER tasks have been resolved well
by general-purpose transformer-based models such
as BERT or RoBERTa. However, their applica-
tion to specific NER tasks for Urdu legal texts has
its limitations. General-purpose models are not as
aware of the cultural and language characteristics
of Urdu. The legal terminologies lead to subopti-
mal accuracy in identifying legal phrases and con-
ditions. Furthermore, the absence of adequately
annotated datasets, particularly those that capture
the specialized vocabulary of legal documents in
Urdu, significantly hampers the effectiveness of ex-
isting NER models. Although manual annotation
is essential for building high-quality NER systems,
it remains a labor intensive and time-consuming
task, especially for low resource languages. The
scarcity of large domain-specific annotated corpora
in Urdu necessitates the development of a new data
set tailored to legal texts, along with a systematic
evaluation of methodologies capable of address-
ing the linguistic challenges inherent in the Urdu
language.

1.2 Objectives and Contributions

This research contributes to Urdu NER for legal
documents through the following:

https://huggingface.co/datasets/cheemasohail/Urdu-Legal_ner_corpora
https://huggingface.co/datasets/cheemasohail/Urdu-Legal_ner_corpora
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1. Developed a synthetic Urdu NER dataset for
legal texts by generating 117,500 annotated
documents enriched with domain-specific lex-
ical and structural features.

2. Experimental analysis of three transformer-
based models for Urdu legal NER explicitly
comparing the efficiency of these models in
the context of the low-resource language.

2 Literature Review

2.1 Datasets for Urdu NER and NLP
Datasets are crucial for the development and vali-
dation of NER systems. Some significant datasets
of the Urdu language are:

• MK-PUCIT Dataset: This is the largest data
set available for Urdu NER that is annotated
for only person, organization and location en-
tities. It contains 926,776 tokens and 99,718
annotated entities Kanwal et al. (2019a).

• IJCNLP 2008 Dataset: This dataset is one
of the earliest datasets developed for the Urdu
NER task that is comprehensively annotated.
The dataset contains 40,408 words, 1,097 sen-
tences, and 1,115 entities for twelve classes
Hussain (2008).

• UNER Dataset: UNER dataset was devel-
oped from the BBC Urdu news, which in-
cludes national, international news, and sports
articles. There are 48,000 words and 4,621
named entities for seven classes Khana et al.
(2016).

• Jahangir et al. Dataset: This dataset com-
prises 13,860 words and 1,526 named entities
for four classes Jahangir et al. (2012).

• Kamran-PU-NE: The dataset consists of
652852 tokens with 44480 entities having
three different classes Malik (2017).

There are some other general-purpose datasets for
Urdu NLP applications that include Urdu News
Dataset 1M developed by Hamza et al. (2019),
LEGAL-UQA Dataset developed by Faisal and
Yousaf (2024), Roman Urdu Dataset developed
by Mehmood et al. (2019), and UQA Corpus de-
veloped by Arif et al. (2024b).

2.2 Existing Approaches for Urdu NER
There are three main approaches used for the Urdu
NER task.

2.2.1 Rule-Based Approaches:
Rule-based models work linearly and process text
slowly, but they provide good accuracy. Riaz
(2010) compared Conditional Random Fields, eval-
uated on the IJCNLP-08 dataset, with the rule-
based model, applied on the Becker-Riaz corpus.
The accuracy of the rule-based model was much
better in comparison to the statistical model. It
was also observed that each rule contributes to the
accuracy of the results. Singh et al. (2012) defined
ten rules to develop an Urdu NER system and ap-
plied it to the IJCNLP-08 dataset, which gave an
F1 score of 88.1%. Rule-based approaches are
efficient for smaller and controlled scenarios, but
do not perform well for generalized contexts Arif
et al. (2024a). Rule-based NER systems for the
Urdu language can effectively detect named enti-
ties when rules are derived from linguistic patterns
and domain-specific knowledge Tahir et al. (2024).

2.2.2 Machine-Learning Based Approaches:
Some of the models cannot be used efficiently be-
cause of an insufficient amount of datasets in the
Urdu language. For example, Cotterell and Duh
(2024) used character-level neural Conditional Ref-
erence Fields (CRFs) instead of log-linear Con-
ditional Reference Fields (CRFs). A deep learn-
ing model, Artificial Neural Network (ANN) out-
performed probabilistic statistical model, Hidden
Markov Model (HMM) in terms of accuracy, bal-
ance between precision and recall as both mod-
els are evaluated on Kamran-PU-NE dataset Malik
(2017).
Urdu NER systems can benefit from the use of
diverse BERT models; however, they encounter
challenges stemming from the limited availability
of training data and the intrinsic linguistic differ-
ences of the language Ullah et al. (2024). Several
Deep Recurrent Neural Network (DRNN) models
provide more accurate results for Urdu NER as
compared to the baseline linear-chain conditional
random fields (CRF) and artificial neural networks
(ANN) models Khan et al. (2020).

2.2.3 Hybrid Approaches:
These approaches help to overcome some difficul-
ties related to NLP tasks. Mukund and Srihari
(2009) used Conditional Random Fields (CRFs) for
NER tagging that compensates for limited training
data and improves performance through bootstrap-
ping combined with grammar rules and lexicon
lookups. Another combination of Conditional Ran-
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dom Fields (CRFs) with language-specific heuris-
tics was used for machine learning models to post-
process the datasets. This approach also helps to
generalize the models for multiple languages Gali
et al. (2008). A hybrid NER system was devel-
oped by using Maximum Entropy (MaxEnt) model,
and then the performance was enhanced by using
language-specific rules Saha et al. (2008).

2.3 Comparative Analysis:

Table 1 presents a comprehensive analysis of ex-
isting literature on various NER tasks in the Urdu
language.

2.4 Research Gaps in Existing Literature

Although there are ongoing efforts to improve NLP
tasks for the Urdu language—particularly in NER
several challenges still persist. These challenges
stem from the unique characteristics of Urdu, such
as the lack of capitalization, complex morphology,
and the use of the joined-up Nastaliq script2. An-
other issue is a lack of resources in terms of large-
scale annotated datasets and domain-specific vo-
cabulary. It is also challenging for models to gener-
alize because of the various variations in the use of
words and phrases in real-world datasets.

3 Data Preparation

3.1 Corpus Description

The corpus includes 10 different main categories
and, in total, 47 subgenres of contemporary Urdu
legal text, which may pertain to different fields of
the Pakistani legal system. Such sources comprise
legal records of cases, contracts, real estate, affi-
davits, and legal announcements, among others.
Every type of document differs both in terms of
language and structure, and is distinguished within
the legal context.

• Judicial Documents: Comprise judgments,
orders, motions, and pleadings, each preserv-
ing different process terminology as well as
coded vocabularies practiced in legal deci-
sions and filings.

• Contracts and Agreements: Encompasses
commercial and residential tenancy and sale
contracts, and employment and nondisclosure

2Nastaliq is a calligraphic style that serves Persian script
document creation for Urdu together with Persian and Pashto
language writing purposes. The calligraphic style presents an
elegant appeal to the eye.

contracts, all shared by legalistic and formu-
laic provisions that proscribe and prescribe
relationships and behaviors.

• Property Documents: Includes property
deeds, wills, and sales agreements, where le-
gal ownership and transfer of property are laid
out in a legal framework.

• Affidavits and Testimonies: Being legal doc-
uments, they are based on sworn statements,
affidavits, and testimonials. These practical
documents are formatted to provide accurate
statements.

• Legal Notices: Includes claims, eviction no-
tices, employment termination, and debt re-
covery notices, each a formal notice in the
given legal premises.

• Litigation Documents: Coordinates com-
plaints, responses, applications for an injunc-
tion, and intercepts that help clarify the case
as well as pre-trial processes.

• Financial Documents: Such documents are
financial statements, tax returns, loans, and
receipts, since these are important documents
documenting legal and financial responsibili-
ties.

• Police and Investigation Documents: They
covers FIR, charge sheets, investigation re-
ports, and testimony records very essential in
the judicial process of investigative work.

• Family Documents: Includes divorce deeds,
marriage certificates, wills, alimony agree-
ments, and guardianship, all of which doc-
ument family and personal transactions.

• Business Documents: These consist of busi-
ness incorporation, agreements and articles, li-
censes, shareholding, and shareholders’ agree-
ments that are vital to corporate control and
legal requirements.
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Reference Approach Dataset Models No. of
NEs

F1 Score

Singh et al. (2012) Rule-Based IJCNLP-08 10 rules 13 88.1%

Riaz (2010) Rule-Based Becker-Riaz cor-
pus

11 Rules 6 91.5%

Khan et al. (2022) ML-Based UNER-I Condition Random Field
(CRF)

7 74.67%

Malik (2017) ML-Based KPU-NE Hidden Morkov Model
(HMM)& Artifitial Neural
Network (ANN)

3 84.17%

Riaz et al. (2020) ML-Based IJCNLP-08 Maximum Entropy Model 12 92%

Kanwal et al.
(2019b)

ML-Based UNER NN & RNN 3 49%

Khan et al. (2020) DL-Based IJCNLP-08 Deep RNN & LSTM 3 81%

Ullah et al. (2021) DL-Based UNER Bi LSTM with self atten-
tion & CRF

3 93%

Ullah et al. (2022) DL-Based MK-PUICT cor-
pus

Attention-Bi-LSTM-CRF 3 92%

Saha et al. (2008) Hybrid IJCNLP
NERSSEAL

MaxEnt Model & Defined
Rules

12 48%

Gali et al. (2008) Hybrid IJCNLP-08 CRF & Heuristic Rules 12 45%

Mukund and Srihari
(2009)

Hybrid Urdu
Newswires

CRF & Bigram HMM 3 69%

Khan et al. (2024) DL-Based UrduDic FMM and RMM - 97%

Muskaan et al.
(2023)

DL-Based Wikiann RoBERTa - 98%

Patil et al. (2020) ML-Based UNER-I CRF Model 12 74.81%

Ullah et al. (2024) DL-Based CWEA BERT-multilingual - 98.20%

Anam et al. (2024) DL-Based UNER BiLSTM - 98%

Table 1: Detailed table of model specifications and performances



1400

The corpus enables the NER model to capture
legal Urdu languages and document structure, al-
lowing it to learn about variations within distinct
documentation. The list of all 47 documents is
mentioned in Appendix table 5.

3.2 Synthetic Data Generation
A major problem for training legal tools is the
shortage of large annotated datasets for Urdu legal
documents. To solve this problem, we have used
synthetic data by merging base CoNLL-formatted
documents and custom dictionaries. The key steps
are described below.

• Step 1: Base CoNLL Format Creation

Representative samples from each of the 47
document types (a sample document in Urdu
and translated version are shown in Figures
1 & 2) were converted into a widely used
structure called CoNLL, which works well for
NER tasks. The CoNLL format, line by line,
divides tokenized words and links them with
the respective entity tags. We merged these
samples in the CoNLL format to build a prim-
itive dataset that describes the overall struc-
tural and valuable reproduction of Urdu legal
papers in terms of vocabulary. The CoNLL
format annotation scheme was employed, and
each word is tagged with an entity tag show-
ing its position in the document. The 12 entity
types were tagged in the B-I-O (Beginning-
Inside-Outside) method because they include
multi-token entities such as legal terms and
personal names.

• Step 2: Identifying Field and Dictionary
Types

There are 12 main entities related to the Urdu
legal frameworks when analyzing our dataset,
as shown in Table 2 and the distribution of
named entities in Figure 3. To maintain
dataset diversity, we created a main dictio-
nary with 25 varied entries per entity, reflect-
ing usage in Urdu legal contexts. These ex-
amples—names, locations, dates, legal terms,
numerals—were chosen for lexical and con-
textual variability.

• Step 3: Creation of Synthetic Dataset
We utilized the original documents as tem-
plates and compiled dictionaries containing
25 unique entries for each named entity. A

Figure 1: A sample of an Urdu document before con-
verting into CoNLL format.

Figure 2: English translated version before converting
into CoNLL format.
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Sr. No. ENTITY EXPLANATION
1 LEGAL ACTION Title of the document
2 ID CNIC number
3 PERSON Name of any person
4 CASE NUMBER Reference ID of the document
5 DATE Date
6 AMOUNT Money
7 DESIGNATION Official post or designation
8 ORG Organization name
9 LOCATION City name

10 PERCENTAGE Percentage
11 ITEM Thing or piece of land
12 DURATION Amount of time

Table 2: List of entities and their description

Figure 3: Entity distribution on the entire dataset

Python script was developed to process all 47
templates—already formatted in CoNLL—by
randomly selecting and inserting entity values
from the corresponding dictionaries to gen-
erate synthetic documents. The formation of
the actual structures in the documents and the
placement of entities are realistic and possible
for Urdu legal documents. This process was
done in parallel, and we generated 2500 syn-
thetic documents for each type. The purpose
of using random sampling served well to guar-
antee high variation in terms of getting full
representation of diversity, reduction of bias,
and generalization of findings by generating
documents. This methodology reflects real-
life legal language structures and variations
within each type of document. This makes a
synthetic collection of documents in CONLL
format of 117,500 documents, which serves
as a strong dataset for the NER models.

• Step 4: Quality Control After the generation
of a large Urdu legal dataset, the quality and
accuracy of the language in synthetic docu-
ments must be up to the mark, so we also in-
troduced a quality check mechanism. We ran-

domly selected a subset of 10% of the dataset
for manual analysis. To examine this subset,
we took help from domain experts who were
also fluent Urdu speakers. The documents
were investigated for grammatical acceptabil-
ity, general linguistic features for Urdu, and
context for legal purposes. After the results of
this manual review, we identified that about
2% of the sampled documents need some cor-
rections. These corrections are made on the se-
lected subset of the dataset but not on the full
synthesized dataset, to maintain the realistic
nature of the data. The process of confirming
the accuracy of the data is important because
that will also reflect in the performance of the
NER system.

3.3 Preprocessing and Standardization
As shown in Fig. 3, the entity distribution requires
the real documents to be processed according to the
CoNLL format—this involves breaking sentences
so that each token appears on a separate line for
proper tagging.

3.4 Data Privacy and Ethics
The original legal documents that are publicly avail-
able are used to create this dataset. To ensure the
privacy of the individuals, we removed all the iden-
tifiers, including names, case numbers, national
identity numbers, and addresses. These personal
identifiers were replaced by randomly selecting
placeholders from the dictionary created to keep
the context of the documents preserved. All the
sensitive and identifiable content is removed. This
dataset is strictly for academic and research pur-
poses.

4 Methodology

We applied three transformer-based models namely,
DistilBERT, XLM-RoBERTa and Multilingual
BERT (mBERT) for entity identification. These
models are especially useful for low-resource lan-
guages with much better computational efficiency.
The architecture details of each model are given in
Table 3.

4.1 Implementation Constraints and Model
Execution

4.1.1 Constraints:
Particular operational limitations governed the en-
tire research process from methodology develop-
ment until the project was finished. Computational
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Parameters DistilBERT XLM-
RoBERTa

mBERT

Weight decay 0.01 0.01 0.01
Linear Layer
Size

768 768 768

Sequence
Length

512 512 512

Attention Heads 12 12 12
Encoder Blocks 6 12 12
Optimizer AdamW AdamW AdamW
Dropout 0.1 0.1 0.1
Batch Size 32 32 32
Learning Rate 2e-5 2e-5 2e-5
Epochs 1 1 1

Table 3: Hyperparameter configuration for DistilBERT,
mBERT, and XLMRoBERTa

boundaries represented the key challenge because
they reduced the potential to execute full-scale
training on the dataset. The research was carried
out using a quarter of the complete dataset of syn-
thetic Urdu legal documents created for analysis.
We had to reduce the data set by 75% to make it
feasible to train and evaluate advanced analytics
models with current hardware and run each model
for one epoch.

4.1.2 Model Execution:
Due to operational restrictions, the NER model
implementation demanded specific training config-
uration choices to achieve efficient learning results
during limited training cycles. To maintain the
diversity and unique features of the dataset, we ran-
domly selected a subset of entire dataset that con-
tains 25% of the original corpus. Multiple epochs
help models to get more exposure to the dataset but
for the limited computational resources, we trained
all of three models only for one epoch and with
32 batch size that also helped us to reduce training
time significantly. Most of the hyperparameters
are kept same for every model applied, so a fair
comparison between models could be possible.

4.1.3 Evaluation Metrics
Special attention was given to selecting evalua-
tion metrics that provide meaningful insights, even
with shorter training durations. The model’s perfor-
mance was assessed using macro-averaged Accu-
racy, which calculates the average accuracy across
all entity classes; macro F1-score, which balances
precision and recall to evaluate the model’s abil-
ity to handle misclassified named entities; macro
Recall, which measures the proportion of correctly
predicted positive instances; and macro Precision,

Model Accuracy
Macro

F1
Macro

Recall Precision
Macro

Training
Loss

Validation
Loss

DistilBERT 0.965 0.265 0.261 0.320 0.206 0.168
XLM-
RoBERTa

0.996 0.845 0.858 0.840 0.052 0.034

mBERT 0.999 0.975 0.975 0.979 0.028 0.014

Table 4: Performance comparison of language models

which reflects the proportion of correct positive pre-
dictions among all predicted positives. Addition-
ally, training and validation loss were monitored to
ensure a reliable evaluation of the reduced dataset.

5 Results and Discussion

All performance indicators shown in Table 4
demonstrate that DistilBERT produces inferior re-
sults in comparison to alternative models during
this experiment. The reduced model complexity,
along with smaller size, explains why this model
shows limited ability to understand complex legal
language in Urdu. XLM-RoBERTa demonstrates
superior performance across all metrics compared
to DistilBERT because it possesses solid resistance
to diverse linguistic inputs while leveraging its mas-
sive multilingual training process. The best perfor-
mance emerges from mBERT, which demonstrates
nearly perfect execution across all metrics, indicat-
ing its training on a wide multi-language dataset
has produced effective Urdu legal text processing.

The observed difference in system performance
stems from multiple elements that span model
depth and training dataset breadth, and language
structure capabilities of both systems. Models us-
ing stronger contextual embedding capacities, such
as mBERT and XLM-RoBERTa, demonstrate bet-
ter performance in operating with legal documents
that contain special vocabulary elements and chal-
lenging sentence complexity.

6 Conclusion

This research contributes to the field of NER
systems for low-resource languages by introduc-
ing a large annotated Urdu legal NER dataset.
The dataset is specifically tailored to the domain-
specific challenges and complexities in the legal
context. This dataset can play a crucial role as a
foundational resource for the advancement of the
NER task in the Urdu language. By implementing
deep multilingual models, we demonstrated that
mBERT and XLM-RoBERTa provide high perfor-
mance for NER tasks for Urdu, while DistilBERT
is computationally efficient, but it provides less ac-
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curacy, which can be the trade-off between speed
and accuracy in practical applications.

We found that the selection of the model plays
a crucial role in domain-specific NER tasks for
low-resource languages. For future work, the diver-
sity and volume of the dataset can be expanded by
adding more types of documents or by including
more and more real documents. Different strate-
gies can be used to train NER systems or models to
improve speed-performance balance and accuracy
as well.
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A Appendix

A.1 Types of Legal Documents in the Corpus
These are the titles of the legal documents used to generate the synthetic dataset.

Sr. No Document Name Sr. No Document Name
1 Judicial Documents 25 Legal Notices
2 Judgments 26 Notice of Claim
3 Case Orders 27 Eviction Notice
4 Petitions 28 Employment Termination Notices
5 Claims 29 Debt Recovery Notice
6 Prosecution Documents 30 Litigation Documents
7 Status Reports 31 Complaint
8 Contracts and Agreements 32 Answer/Response
9 Sale Agreements 33 Injunction Applications
10 Lease/Rental Agreements 34 Interrogatories
11 Partnership Agreements 35 Voluntary Statements
12 Employment Contracts 36 Financial Documents
13 Loan Agreements 37 Financial Statements
14 Non-Disclosure Agreements (NDA) 38 Tax Documents
15 Property Documents 39 Loan Documents
16 Land Records 40 Receipts for Payments
17 Inheritance Documents 41 Police and Investigation Documents
18 Sale Deeds 42 FIR (First Information Report)
19 Possession Certificates 43 Charge Sheet
20 Registration Documents 44 Investigation Reports
21 Affidavits and Testimonies 45 Testimony Records
22 Affidavits 46 Family Documents
23 Witness Statements 47 Divorce Deeds
24 Attestations

Table 5: Types of legal documents in the corpus


