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Abstract
This study unveils the Named Entity Recognition (NER) system specifically designed for Urdu news headlines, aimed at 
bridging crucial linguistic resource gaps. We meticulously developed a comprehensive corpus from diverse news sources, 
specifically tailored to reflect Urdu’s unique orthographic and morphological characteristics. Our approach incorporates 
state-of-the-art (SOTA) neural technologies including transformers for deep contextual embeddings, Graph Convolutional 
Networks (GCN) for detailed syntactic analysis, and Biaffine Attention mechanisms to enhance inter-token relationships. 
A Conditional Random Field (CRF) layer further ensures accurate and consistent entity labeling, improving the system’s 
precision. Initially, our model was rigorously benchmarked using established transformer models such as XLM-R, mBERT, 
and XLNet to set initial performance benchmarks. Subsequent enhancements involved integrating encoder functionalities 
from generative models like mBART and mT5, allowing a thorough comparative evaluation of these advanced encoders 
against our benchmarks. This phase aimed to assess their potential in effectively detecting implicit entities, thus enhanc-
ing our model’s functionality for complex searches and automated content categorization on Urdu digital platforms. Our 
improvements notably contribute to computational linguistics by extending SOTA language technologies to under-resourced 
languages and promoting greater inclusivity in Natural Language Processing (NLP).
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Introduction

NER is a critical area of research in the field of NLP, focus-
ing on the detection and categorization of semantic labels 
from text into predefined groups [1]. These groups typically 
encompass proper names, such as persons, organizations, 
and geographical locations, as well as other noteworthy 
identifiers like dates, financial figures, and technical terms. 
NER serves as a foundation for a myriad of advanced NLP 
applications, including but not restricted to semantic search, 
content analysis, and knowledge graph construction [2, 3]. 
By transforming raw text into a form that machines can 
analyze with a degree of human-like understanding, NER 
encourages more intelligent and context-aware processing of 
large volumes of natural language data, which is invaluable 
in the age of information overload [4–6]. Figure 1 provides 
an overview of the NER process, showcasing how entities 
are identified and categorized within a piece of text.

Building on the importance of NER in various NLP 
tasks, a notable area of research is dedicated to enhancing 
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the accuracy and adaptability of NER systems across differ-
ent languages and domains [3, 7, 8]. This involves refining 
algorithms and models to better capture context and disam-
biguate meanings, as well as creating comprehensive and 
annotated corpora for valuable training. For languages like 
Urdu, with its rich morphological structures and complex 
syntax, developing strong NER systems requires an exten-
sive understanding of linguistic features and a customized 
approach to model architecture [9]. As computational capa-
bilities and machine learning techniques advance, the field is 
dynamically evolving to create more nuanced NER systems 
capable of navigating the intricacies of human language [2, 
10].

NER faces unique challenges due to the language’s com-
plex script, morphological complexity, and syntactic ambi-
guity. The Urdu script, influenced by Persian and Arabic, 
features a connected cursive form and complex orthogra-
phy that, combined with the language’s flexible grammar 
and variable word order, entangles the task of accurately 
identifying entities. [11–13]. The deficiency of large, anno-
tated datasets for Urdu amplifies the problem, as machine 
learning models thrive on abundant data for training. As a 
result, efforts in Urdu NER are conducted towards develop-
ing bespoke algorithms that can navigate these linguistic 
intricacies and datasets that capture the broad stylistic and 
dialectal diversity of the language, making the accurate rec-
ognition of entities possible [14–17].

The development in NER systems marks a transition 
towards greater linguistic precision and understanding 
[18–21]. This is particularly vital for Urdu, a language 
steeped in poetic tradition and characterized by a variety of 
linguistic registers. Current NER systems are being designed 
to grasp the full spectrum of Urdu’s linguistic diversity, 
including its formal and colloquial nuances, honorifics, and 
the intricacies of its script [22, 23]. Leveraging contextual 
embeddings and deep learning frameworks, researchers 
are overcoming the challenges posed by script variations 
and orthographic complexity. Integrating language-specific 
resources with cutting-edge NLP models is paving the way 

for advanced applications in information extraction for Urdu, 
enhancing search engines, text analytics, and AI-driven lin-
guistic research [3, 7, 24, 25].

Our NER model utilizes SOTA neural network tech-
niques to adeptly handle the linguistic complexities inher-
ent in the Urdu language. We employ mBERT to provide 
deep contextual embeddings, capturing a broad spectrum 
of linguistic nuances, including those crucial for under-
standing cross-lingual contexts relevant to Urdu. To fur-
ther enhance our model’s ability to recognize entities, we 
exploit syntactic structures using GCN, and we incorpo-
rate Biaffine Attention mechanisms to precisely discern 
inter-token relationships. Biaffine Attention is particularly 
effective in our context for modeling pairwise interac-
tions between tokens, which is essential for handling the 
complex syntactic constructs typical of Urdu. Addition-
ally, a CRF layer ensures precise and coherent labeling of 
entities, enhancing the system’s reliability. This vigorous 
system sets a new benchmark in Urdu Named Entity Rec-
ognition (UNER), contributing significantly to computa-
tional linguistics and improving content categorization and 
search functionality within Urdu digital media. It advances 
the SOTA in NER for low resource languages with its 
futuristic application of these technologies:

•	 We developed a linguistically rich corpus by collecting 
Urdu news headlines from diverse sources, ensuring 
comprehensive coverage of orthographic, morphologi-
cal, and syntactic variations. This corpus provides a 
strong foundation for effective NER by addressing the 
unique challenges posed by the Urdu language.

•	 Our model leverages deep contextual embeddings 
from transformer-based models like BERT, along with 
syntactic information modeled via GCN. To further 
enhance token-level interaction modeling, we inte-
grate a Biaffine Attention mechanism and a CRF layer, 
which collectively improve accuracy and ensure coher-
ent entity labeling.

Fig. 1   An illustration of NER 
task for a News Headline
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•	 To explore performance on more semantically implicit 
structures, we also assess the utility of generative 
models such as mBART and mT5. These models offer 
promising capabilities for recognizing complex and 
contextually embedded named entities, thereby broad-
ening the applicability of our system across diverse 
linguistic contexts.

Literature review

For the past several decades, extensive research and applica-
tion of NER systems for English have taken place. This has 
led to the development of various NER approaches, includ-
ing machine learning, rule-based, and hybrid systems [3, 7, 
26]. However, due to the distinct characteristics of Urdu, 
NER systems designed for English and other European lan-
guages are not directly transferable. Despite this, progress 
has been made in Urdu NER, primarily through rule-based 
and machine learning methodologies [27, 28]. Table 9 pre-
sents a comparative analysis of various studies conducted on 
NER in the Urdu language.

Rule‑based approaches

Riaz et al. developed a rule-based NER system that classi-
fies six types of named entities and tested it on 2262 docu-
ments from the Becker–Riaz corpus [29, 30]. Their system 
outperformed statistical models, achieving high precision, 
recall, and F-scores of 90.7%, 91.5%, and 90.7%, respec-
tively. However, the system’s performance is limited to the 
specific corpus and does not generalize well to other texts. It 
also lacks capabilities to detect rare words and nested named 
entities due to its reliance on a custom gazetteer.

Singh et al. developed a rule-based NER system for Urdu 
that identifies thirteen named entity types using dictionaries, 
lexicons, and affix lists [31]. The system relies on domain-
specific gazetteers and syntactic-lexical patterns [32, 33]. 
Evaluated on two datasets from BBC Urdu, the system 
achieved varying levels of precision, recall, and F-scores, 
with limitations including a fixed window size and incon-
sistent handling of multi-word date formats (see Table 1).

Table 1   Comparative analysis of Urdu NER approaches

Study Approach Strengths Limitations

Riaz et al. [29, 30] Rule-based High precision and recall on specific 
corpus

Poor generalizability; no support for 
rare/nested entities

Singh et al. [31] Rule-based Utilizes gazetteers and affix lists; 
identifies 13 NE types

Limited to fixed window size; issues 
with multi-word patterns

Jahangir et al. [34] Statistical (n-gram) Demonstrates potential for statistical 
methods in Urdu

Performance may vary across datasets; 
needs gazetteer support

Malik and Sarwar [35] HMM Includes POS tagging and rule-based 
enhancements

Sensitive to tagging scheme; moderate 
complexity

Riaz et al. [36] Maximum Entropy Tackles structural challenges of Urdu Limited by data sparsity and lack of 
resources

Khan et al. [37] CRF Uses UNER-I dataset; rich feature 
engineering

Requires annotated corpus; computa-
tionally intensive

Haq et al. [12] Deep Learning (BiLSTM) Automated feature learning; improved 
F1-score

Requires large datasets; lacks interpret-
ability

Anam et al. [38] Deep Learning (BiLSTM+GRU with 
Floret/FastText embeddings)

Strong performance with contextual 
embeddings; robust across datasets

Dependent on pre-trained embeddings; 
generalization to noisy text uncertain

Ullah et al. [39] Deep Learning with Data Augmenta-
tion

Introduces CWEA for enriching Urdu 
datasets; enhances transformer 
model performance

Effectiveness may vary across domains; 
augmentation quality critical

Ullah et al. [40] Attention-BiLSTM-CRF Embedding-level attention; high per-
formance on benchmark corpus

Requires high compute; risk of overfit-
ting small datasets

Biswas et al. [41] Hybrid Combines rule-based and statistical 
learning

Complex integration and tuning needed

Saha et al. [42] Hybrid Language adaptability; handles multi-
lingual data

Requires domain-specific rules; 
resource heavy

Gali et al. [43] Hybrid Uses transliteration and multiple 
features for NE extraction

Depends on high-quality linguistic 
resources
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Machine learning approaches

Jahangir et al. developed a statistical NER system using 
unigram and bigram n-gram models enhanced with gaz-
etteer lists and smoothing techniques. Their system dem-
onstrated the potential of statistical methods in NER for 
under-resourced languages like Urdu [34]. Malik and Sar-
war developed a system utilizing a Hidden Markov Model 
(HMM) targeting entities such as persons, organizations, 
and locations. They compared the IOB2 and IOE2 tagging 
schemes and found the latter to be more effective in their 
preprocessing steps for Urdu [35]. Their system also incor-
porates Part of Speech tagging, gazetteers, and rule-based 
enhancements to improve accuracy.

Riaz et al. explored Urdu NER using a maximum entropy 
model, addressing the challenges of NER for a language 
with insubstantial resources and complex structure. Their 
experiments on the IJCNLP 08 dataset highlighted the devel-
opmental stage of NER technologies for South Asian lan-
guages, particularly Urdu [36].

Khan et al. developed a CRF-based approach incorporat-
ing both language-specific and language-independent fea-
tures, and created the UNER-I dataset for Urdu NER. Their 
method outperformed baseline models, enhancing F1 scores 
noteworthy [37].

Deep learning approaches

Haq et al. developed deep learning models for Urdu NER 
that automate feature extraction, minimizing reliance on 
manual engineering. Their approach, tested on multiple 
datasets, demonstrated an important improvement in F1 
score [12].

Ullah et al. introduced an advanced Attention-Bi-LSTM-
CRF model applied to the MK-PUCIT Corpus, integrating 
word-level embeddings with a novel embedding-level focus 
mechanism, achieving a notable F1-score of 92% [40].

Ullah et al. (2024) introduced a novel data augmenta-
tion technique, Contextual Word Embeddings Augmentation 
(CWEA), to improve NER for low-resource languages like 
Urdu [39]. By enriching the training data, they demonstrated 
how transformer-based models such as BERT and RoBERTa 
can benefit from augmented datasets. Their work emphasizes 
the importance of data expansion and contextual representa-
tion for achieving more accurate and robust NER in complex 
linguistic settings.

Anam et  al. (2024) proposed a deep learning-based 
approach for Urdu NER that leverages FastText and Floret 
word embeddings to enhance contextual feature representa-
tion. These embeddings are fed into various neural architec-
tures, including LSTM, BiLSTM, GRU, and CRF models, 
to perform sequence labeling tasks. Their method demon-
strates strong performance and robustness across multiple 

benchmark Urdu datasets, emphasizing the effectiveness of 
contextual word embeddings and recurrent neural networks 
in handling the linguistic challenges of low-resource lan-
guages like Urdu [38].

Hybrid approaches

Hybrid NER techniques integrate rule-based and statistical 
methods. Notable efforts include the combination of maxi-
mum entropy and Hidden Markov Models, and the develop-
ment of multilingual NER systems incorporating translitera-
tion for languages including Hindi and Urdu [41–46]. These 
strategies demonstrate the adaptability and effectiveness of 
hybrid NER in handling complex linguistic features.

Properties impacting named entity 
recognition

NER in Urdu faces unique challenges due to the intrinsic 
properties of the language and its script. These properties 
influence the identification and classification of named 
entities.

Limited annotated corpora

Urdu is considered a low-resource language in terms of 
annotated datasets for NER tasks. This lack of large, high-
quality corpora poses significant challenges for training 
supervised models effectively [47].

Ambiguous word boundaries

Word boundary detection in Urdu is hindered by the inconsist-
ent use of spaces and the agglutinative nature of the language. 
Named entities often appear embedded within compound 
words, making entity segmentation more complex [48].

No capitalization

 Urdu does not utilize capitalization, which is common in 
many South Asian languages. This characteristic makes it 
challenging to automatically recognize proper nouns, which 
are often capitalized in Western languages. For instance, 
while the acronym ’UNESCO’ is always capitalized in Eng-
lish, its Urdu equivalent, یونیسکو , appears without any capi�,
talization, posing difficulties for automated recognition sys-
tems [49 ].

Morphological complexity

 The extensive use of affixes in Urdu adds to its morphologi-
cal complexity. This can obscure the boundaries of named 



Complex & Intelligent Systems (2025) 11:489	 Page 5 of 22  489

entities in texts. For example, the name کراچی (Karachi) may 
be expanded with the locative suffix میں (in) to form کراچی 
میں , making it harder to separate the proper name from gram�,
matical affixes [39 ].

Spelling variations

 The absence of standardized spelling in Urdu leads to multiple 
valid representations of the same word, which complicates text 
processing. For example, the word ’Lahore’ can be spelled as 
 and each variation needs to be recognized by ,لاہر or ,لاہور, لہور
the NER system as the same location [13 , 48 ].

Lexical borrowings

 Urdu’s lexicon includes a great number of loanwords from 
Persian, Arabic, Turkish, and English, which introduces addi-
tional challenges for NER systems due to diverse phonetic and 
morphological patterns. For example, the English word ’bank’ 
is used in Urdu as بینک, and the Arabic origin word کتاب (book) 
varies from native Urdu words [12 , 49 ].

Free word order

 The flexibility in Urdu sentence structure allows variation in 
word order, complicating the syntactic parsing necessary for 
effective entity recognition. For example, the sentence آمنہ اسکول 
 ,اسکول آمنہ گئی can also be written as (Amna went to school) گئی
where the position of the subject and the location are reversed, 
impacting the performance of entity recognition algorithms 

[47 , 50 ]. These features of the Urdu language illustrate the need 
for specially designed NER systems that consider these com-
plexities to achieve effective recognition of entities.

Corpus acquisition

The dataset utilized for NER was meticulously curated from 
several prominent Pakistani news sources, including Hum 
News, BBC Urdu, ARY News, VOA Urdu News, GEO 
News, and Aaj News. The data collection process prioritized 
the inclusion of four specific categories: political news, sports 
news, entertainment, and technology news. This diverse selec-
tion ensures the representation of a broad spectrum of sen-
timents across different subjects, with political news often 
exhibiting strong sentiment polarities, from harsh criticisms 
of opponents to fervent support for political figures. The anno-
tation of the dataset was carried out by three graduate students 
who are native Urdu speakers. To ensure the accuracy and 
consistency of the annotations, a graduate student specialized 
in Urdu language further reviewed and validated the annota-
tions in detail. Table 3 presented few examples for annotation 
being done on news headlines.

Table 2 presents the statistics of the collected dataset, cat-
egorizing the data according to domains and the online sources 
utilized.

Comprehensive annotation guidelines for Urdu 
news headlines NER

Influence from key studies

•	 CoNLL-2003 Shared Task: Adapted guidelines for 
annotating standard entity types including persons, 
locations, and organizations to fit Urdu news [51].

•	 ACE 2005 Multilingual Training Corpus: Utilized 
to refine entity definitions and ensure comprehensive 
entity coverage [52, 53].

•	 MUC-7: Provided historical context to NER and influ-
enced decisions on entity boundaries and categoriza-
tion [54, 55].

Table 2   Statistics of the collected dataset

Domain Online source

Politics Ary.com, urdu.news18.com, voa.
com, bbc.com/, humnews.pk

International Affairs Ary.com, Ajjnews.com, humnews.pk
Sports geo.tv, Ary.com
Entertainment Ary.com, humnews.pk
Technology humnews.pk

Table 3   Detailed examples of 
Urdu named entities extraction 
by type

Entity type Headline Named entities

Person ﻿﻿وزیراعظم عمران خان نے اجلاس کی صدارت کی۔﻿ ﻿﻿وزیراعظم عمران خان﻿
Prime Minister Imran Khan chaired the meeting Prime Minister Imran Khan

Location ﻿﻿لاہور میں ثقافتی میلہ منعقد کیا گیا۔﻿ ﻿﻿لاہور﻿
A cultural festival was held in Lahore Lahore

Organization ﻿﻿یونیسیف نے فنڈ ریزنگ مہم شروع کی۔﻿ ﻿﻿یونیسیف﻿
UNICEF started a fundraising campaign UNICEF

Time ﻿﻿رمضان کا آغاز بدھ سے ہوگا۔﻿ ﻿﻿رمضان﻿
Ramadan will begin on Wednesday Ramadan
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Entity types and annotation examples

    Person:	� Includes names, titles as direct substitutes 
for names, e.g., “وزیراعظم ” (Prime Minis�”
ter). Example: “میں کراچی  خان   ”عمران 
translates to “Imran Khan in Karachi.”

  Location:	� Geographical entities like cities and coun-
tries. Example: “لاہور میں بارش” translates 
to “Rain in Lahore.”

  Organization:	� Formal groups such as companies and 
government bodies. Example: “یونیسف نے 
کیا  translates to “UNICEF ”اعلان 
announced.”

  Time:	� Time expressions like dates and days. 
Example: “پیر کو میٹنگ ہوگی” translates to 
“The meeting will be on Monday.”

  Miscellaneous:	� Notable entities not covered by other cat-
egories. Example: “موبائل فون کی فروخت” 
translates to “Mobile phone sales.”    

Specific guidelines for annotation

•	 Designations as Persons: Titles referring to individu-
als in news headlines are tagged as persons because in 
headlines domain often persons and addressed with their 
titles.

•	 Handling of ’Others’: Generic nouns, adjectives, or 
verbs not fitting other categories are tagged as ’Others.’

•	 Consistency and Context: Annotators ensure consistent 
application of guidelines, using context for ambiguous 
terms.

•	 Quality Assurance: The process includes multiple 
review stages to ensure accuracy, with discrepancies 
resolved by a senior annotator.

•	 Training and Execution: Annotators receive extensive 
training on the guidelines and practice on actual data.

Dataset Profile

See Table 4.
To ensure the reliability and constancy of our NER data-

set, we used the Cohen’s Kappa statistic, a well-known met-
ric for measuring inter annotator agreement. This measure 
was essential for evaluating how consistently two annotators 
could classify and label entities within the predefined NER 
categories: Organization, Location, Person, and Time.

Our NER corpus achieved an overall Inter-Annotator 
Agreement Cohen’s Kappa score of 73.29%, indicating sub-
stantial agreement among the annotators [56–58]. This high 
level of agreement highlights the quality of the annotations 
and the clarity of the provided annotation guidelines. Such 
rigorous validation ensures that the dataset is both robust 
and reliable for training advanced NER models that can per-
form accurately across diverse Urdu news contexts.

Dataset Details: The Table 2 illustrate 16,604 headlines 
with an average of 13.63 tokens per headline. It includes:

•	 Organization: 4,000 entries
•	 Location: 4,235 entries
•	 Person: 10,249 entries, reflecting frequent references to 

individuals in news headlines
•	 Time: 661 entries, marking specific dates and times

This detailed approach to dataset curation not only supports 
advanced NER research but also contributes to computa-
tional linguistics within the Urdu language context.

Proposed methodology

In this section, we will elaborate on the model construction 
and its working Fig. 5 is the overall structure of this model. 
Whereas Fig. 4 shown the preprocessing steps deployed for 
our model.

Problem formulation

NER in Urdu is an essential yet challenging task in NLP, 
necessitating the identification and classification of enti-
ties within text into predefined categories like locations, 
persons, organizations, etc. The challenge is amplified by 
Urdu’s unique script and linguistic features, which influence 
every aspect of NER:

•	 Entity Identification: This involves detecting tokens 
within a sentence that correspond to named entities. The 
morphological richness of Urdu, which includes exten-

Table 4   Statistics of the NER dataset for Urdu news headlines

Statistic Value

Total headlines 16,604
Average tokens per headline 13.63
NER Tag Distribution:
Organization 4000
Location 4235
Person 10,249
Time 661
Total unique NER tags 4
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sive use of inflections, makes complex tokenization and 
the accurate determination of entity boundaries.

•	 Entity Classification: Classifying identified entities into 
categories such as Person, Location, Organization, Time, 
and Others. Complications arise from Urdu’s script fea-
tures, such as the absence of capital letters and extensive 

use of loanwords, which blur the distinction between 
common nouns and proper nouns.

Moreover, the flexibility in word order in Urdu syntax 
poses additional challenges in using positional cues for 

Fig. 2   An illustration for 
Universal Dependency and Part-
of-speech tagging on a given 
example

Fig. 3   BIOES tagging matrix 
for the Urdu sentence

Fig. 4   An illustration of data 
preprocessing and features 
extraction
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entity recognition, which are typically relied upon in more 
rigidly structured languages.

Mathematical formulation of NER process

Dependency parsing and adjacency matrix

Fig. 5   The overall architecture of our Urdu Named-Entity Recognition model
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Dependency parsing in Urdu aims to depict syntactic 
dependencies that help in understanding relational struc-
tures within sentences, which is critical for accurate entity 
recognition an example has been presented in Fig. 2. Given 
a sentence S with tokens t1, t2,… , tn:

BIOES tagging scheme

The BIOES tagging scheme categorizes each token based 
on its position within an entity:

 For instance, in a morphologically complex sentence, 
the word بازار (bazaar) might appear with affixes that alter 
its appearance and syntactic role, potentially misleading 
simplistic tagging algorithms. Figure 3  depicted an exam-
ple of implementing BIOES tagging on an example.

These refinements aim to give a clearer and more 
detailed account of how the NER model handles Urdu’s 
linguistic complexities, providing a robust theoreti-
cal foundation for the model’s design and expected 
functionalities.

Input representation

The input to the model is a sequence of tokens 
S = {t1, t2, ..., tn} , where n is the length of the sentence. 
Each token ti is first converted into a vector representa-
tion using a pre-trained XLM-R model and POS tag 
embeddings.

Here, ⊕ denotes concatenation of the XLM-R output and 
POS tag embeddings for each token.

Graph convolutional network

The concatenated embeddings are then processed by a 
Graph Convolutional Network to capture dependency 
relations among the tokens. The GCN operates on the 

(1)

A[i][j] =

{
1 if there is a syntactic dependency from ti to tj
0 otherwise

Tag(ti) =

⎧
⎪⎪⎨⎪⎪⎩

B − type if ti is the start of an entity

I − type if ti is inside an entity

E − type if ti is the end of an entity

S − type if ti is a single-token entity

O if ti is outside any entity

(2)vi = XLM-R
(
ti
)
⊕ POS-Embed

(
ti
)

adjacency matrix A , computed from the dependency parse 
of the sentence.

Where h(l) represents the hidden states at layer l , and W(l) is 
the weight matrix for layer l.

Biaffine Attention

After GCN processing, the feature representations are 
enhanced using a Biaffine Attention mechanism, which mod-
els pairwise interactions between elements in the sequence to 
predict relationships and roles, crucial for entity recognition.

Where aij is the attention score between tokens i and j , Wb 
is a bi-linear weight matrix, and u, v , and b are parameters 
for linear transformations and bias, respectively.

Feature aggregation

To employ the Biaffine Attention scores for entity classifica-
tion, the model aggregates these 2D scores into 1D feature vec-
tors. This can be achieved by summing or averaging the atten-
tion scores for each token, or by applying a pooling operation.

This aggregation step ensures that each token i has a cor-
responding feature vector hi that incorporates the attention 
information from its interactions with all other tokens.

Entity classification

The computed feature vectors from the Biaffine Attention layer 
are then passed through a linear layer to classify each token 
into entity categories e.g., person, location, dates.

Where Wc and bc are the weights and biases of the classifier, 
h is the aggregated feature vector from the Biaffine Attention 
layer, and y represents the entity tags.

Conditional random field

Finally, a CRF layer is used over the output probabilities to 
ensure coherent label predictions across the sequence, leverag-
ing the structured prediction capability.

(3)h(l+1) = ReLU
(
Ah(l)W(l)

)

(4)aij = hT
i
Wbhj + uThi + vThj + b

(5)hi =
∑
j

aijhj

(6)p(y|x) = Softmax
(
Wch + bc

)
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Where W and U are the transition and emission matrices in 
the CRF, respectively, Y is the sequence of predicted labels, 
X is the sequence of input feature vectors, and Y(X) repre-
sents all possible label sequences for X.

This formulation encapsulates the end-to-end process of the 
NER model from token representation to final entity predic-
tion, employing advanced neural architectures and interactions 
for robust performance.

Model architecture

The overall architecture of our proposed Urdu NER model 
integrates multiple advanced components, each contributing to 
improved contextual understanding and entity detection. The 
model processes input Urdu sentences through the following 
key layers:

•	 Embedding Layer: Token embeddings are generated using 
pre-trained transformer-based models (XLM-R, mBERT, 
XLNet) and optionally combined with POS embeddings to 
capture both contextual and syntactic information.

•	 Graph Convolutional Network (GCN): Constructs a 
dependency graph using adjacency matrices to learn syn-
tactic relations between words, refining token representa-
tions with structural information.

•	 Biaffine Attention Mechanism: Models pairwise token 
interactions, enhancing the model’s ability to learn com-
plex dependencies crucial for recognizing named entities.

•	 BiLSTM-based Boundary Detection: Captures sequen-
tial context to identify the start and end of entities in the 
text.

•	 CRF Layer: Enforces valid tag transitions using the 
BIOES scheme, improving the consistency of final pre-
dictions.

Figure 5 presents the complete end-to-end structure of the 
model.

Experiments

Evaluation criteria

To rigorously evaluate our NER model, we deployed stand-
ard metrics: Precision, Recall, and the F1 Score. Each of 
these metrics offers a unique perspective on the model’s 
performance:
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•	 Precision: Evaluate the accuracy of positive predictions. 

It is calculated as: 

•	 Recall: Calculate the model ability to identify all relevant 
instances of "True Positive" among all actual positives. 
It is defined as: 

•	 F1 Score: The harmonic mean of Precision and Recall, 
present a balance between them. It is specifically useful 
when the class distribution is imbalanced. The F1 Score 
is calculated as: 

In the context of NER, we evaluate our model at the entity 
level. This means that:

•	 A true positive is counted when the model correctly pre-
dicts an entire entity that matches the gold standard.

•	 A false positive is counted when the model predicts an 
entity that is not present in the gold standard.

•	 A false negative is counted when an entity present in the 
gold standard is not predicted by the model.

These metrics are crucial for understanding different aspects 
of the NER model’s performance, and they allow for an 
objective comparison of its effectiveness. In our discussions, 
these formulas will be referenced to provide a comprehen-
sive analysis of the model’s capabilities in accurately cat-
egorizing and recognizing named entities within the dataset.

Computational complexity

To evaluate the efficiency and scalability of the proposed 
model, we analyze the computational complexity of its 
primary components. Let n denote the length of the input 
sequence, d the dimensionality of token embeddings, and L 
the number of possible entity labels.

•	 Embedding Layer: Generating contextual embeddings 
from transformer-based models (e.g., XLM-R) and POS 
embeddings involves linear complexity with respect to 
the sequence length, i.e., O(n ⋅ d).

•	 Graph Convolutional Network (GCN): Each GCN 
layer processes relational structures using adjacency 
matrices, resulting in a time complexity of O(n2 ⋅ d) , due 

Precision =
TP

TP + FP

Recall =
TP

TP + FN

F1 Score = 2 ×
Precision × Recall

Precision + Recall
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to the dense matrix multiplications between node features 
and the graph structure.

•	 Biaffine Attention: This layer calculates pairwise token 
interactions for dependency modeling, also incurring a 
complexity of O(n2 ⋅ d) , as each token attends to every 
other token in the sequence.

•	 Entity Boundary Detection (BiLSTM): The BiLSTM 
layer processes the sequence in both directions, with 
each step involving a matrix-vector operation, leading to 
a time complexity of O(n ⋅ d2).

•	 Conditional Random Field: The CRF layer decodes the 
optimal tag sequence using dynamic programming with 
complexity O(n ⋅ L2) , where L is the number of entity 
labels.

Although certain components such as GCN and Biaff-
ine Attention introduce quadratic complexity in terms of 
sequence length, the model remains computationally fea-
sible due to efficient batching and parallelization on GPUs. 
This allows the architecture to scale effectively for real-
time or near-real-time applications, even in the context of 
resource-constrained languages like Urdu.

Model configuration

Table 5 provides an overview of the parameters used in our 
extended model configuration.

The model takes advantage of deep learning transformer 
models embedding with a size of 768, which is standard for 
capturing the contextual representation of words in multiple 
languages. Similarly, POS tags are embedded with the same 
dimension to ensure that part-of-speech information is well-
represented. The GCN with a layer size of 192 processes 

relational data between words, enhancing the model’s ability 
to understand syntactic structures. Biaffine attention, which 
is particularly effective for relationship prediction in NLP 
tasks, is employed with a dimensionality of 17 to match the 
number of entity tags.

The model uses aa CRF layer to ensure that the predicted 
entity tags form valid sequences for NER tasks. Training is 
performed over 5 epochs with a batch size of 8, utilizing an 
Adam optimizer with a learning rate of 1 × 10−5 . The speci-
fied dropout rate of 0.5 helps prevent overfitting by randomly 
disabling neurons during training. Lastly, the model incor-
porates ReLU among other activation functions to introduce 
non-linearities into the learning process, which is crucial for 
deep learning models. The inference time for the model shows 
100 ms, whereas the peak memory utilization was 27 GB.

Dataset

Our Urdu NER dataset is carefully divided into train, dev, 
and test sets, as detailed in Table 6. This split makes sure a 
comprehensive approach to model training and performance 
evaluation. The majority of our dataset, specifically 80% or 

Table 5   Model configuration parameters

Parameter Setting

BERT Embedding Size 768
POS Tag Embedding Size 768
GCN Layer Size 192
Biaffine Attention Size 17
CRF Num Tags 17
Batch Size 8
Optimizer Adam
Learning Rate 1 × 10−5

Epochs 20
Total Trainable Parameters 178,797,669
Dropout Rate 0.5
Loss Function CrossEntropyLoss
Activation Functions ReLU and others
Inference Time 100 ms
Peak Memory Usage 27 GB

Table 6   Detailed BIOES Tag Frequencies and Summary Statistics for 
Training, Development, and Test Sets

Category Training Test Development

BIOES Tag Frequencies
O 144,513 27,096 8,122
S-Location 2,207 413 124
S-Person 2,360 442 132
B-Person 4,713 883 264
E-Person 4,728 886 265
B-Time 340 64 19
E-Time 335 63 19
B-Location 687 129 38
E-Location 685 128 38
I-Person 902 169 50
S-Time 122 23 7
B-Organization 2,076 389 116
I-Organization 934 175 52
E-Organization 2,082 390 117
S-Organization 682 128 38
I-Time 15 3 1
I-Location 93 17 6
Summary Statistics
Total Tokens 186,190 34,911 11,636
Total Entities 11,813 2,213 740
Organization 2,478 464 155
Person 6,307 1,182 395
Location 2,618 491 164
Time 411 77 26



	 Complex & Intelligent Systems (2025) 11:489489  Page 12 of 22

186,190 tokens, is allocated to the training. This consider-
able collection is instrumental in training the NER model 
on a diverse array of examples that encapsulate the com-
plex linguistic properties of Urdu, such as its diverse syntax 
and morphology. The remaining portions of the dataset, the 
development and test sets, are essential for refining and eval-
uating the model. The dev set, which includes 34,911 tokens, 
allows for iterative tuning of the model’s parameters. This 
process helps optimize performance without compromising 
the coherence of the test data. The testing comprises 11,636 
tokens and plays a critical role in the final evaluation. It 
ensures that the model performs reliably on novel data, thus 
demonstrating its ability to generalize beyond the training 
examples. This structured approach not only aids in rigorous 
training but also adheres to established machine learning 
protocols ensuring that evaluations are unbiased and that 
each dataset group serves a special purpose in developing 
a robust NER system. Each part of dataset is meticulously 
annotated with BIOES tags, setting entity boundaries and 
types, including persons, locations, times, and organizations, 
thereby furnishing a detailed framework for both the learn-
ing and assessment phases.

This labeling technique importantly escalates the per-
formance and depth of our NER analysis, enabling this 
model to recognize the difference between detailed entity 
structures within the text. This kind of detailed approach 
to NER is key for the development of systems capable of 
grasping and interpreting nuanced linguistic constructs, 
particularly in diverse and complex datasets derived from 
varied news sources as in our study. These advanced NER 
capabilities are essential for applications ranging from 
sentiment analysis to automated content categorization 
and beyond, offering broad and detailed insights into the 
data’s inherent linguistic and semantic structures.

Implementation details

Our NER model is tailored for processing Urdu news head-
lines, integrating advanced neural network architectures 
and linguistic features extracted from the dataset. The 
model architecture and training procedures are detailed 
below.

Dataset preparation

The dataset is a collection of manually annotated news 
headlines from different news channels. We used the 
Stanza NLP library to pre-process these headlines by 
extracting tokens, POS tags, lemmas, and syntactic 
dependencies. This pre-processing step makes sure rich 
input for training our neural networks.

As detailed in Table 7, pre-processing of news headlines 
involves leveraging the Stanza NLP library to meticulously 
prepare the data for analysis. This process includes tokeni-
zation, POS tagging, and syntactic dependency analysis. 
These steps are crucial for extracting meaningful linguis-
tic features and facilitating accurate training of our deep 
learning models. This organized data preparation not only 
aids in improving the accuracy of tasks such as NER but 
also enhances the model’s ability to interpret and analyze 
Urdu text effectively.

Training procedure

The model has been trained using an 80:15:5 split for train, 
test, and dev, respectively. This division aligns with best 
practices in machine learning, ensuring a well-balanced 
approach to evaluate the model while retaining sufficient 
data for effective training. This is designed to allow the 
model to generalize effectively, by exposing it to a wide vari-
ety of examples during the initial training phase, and eventu-
ally providing ample datasets for both assessing performance 

Table 7   Detailed NLP 
Processing Results. For every 
item that is non-English in the 
paper, an accompanying English 
translation is provided

Headline Token Token ID Token POS Tag Dependency 
(Dep)

BIOES Tag

58210 (Sheikh) شیخ﻿ ﻿﻿شیخ﻿ PROPN (0,1) B-Person
167180 (Rasheed) رشید﻿ ﻿﻿رشید﻿ PROPN (1,3) E-Person
288 (of) کی﻿ ﻿﻿کی﻿ ADP (2,1) O
154896 (residence) رہائش﻿ ﻿﻿رہائش﻿ NOUN (3,7) O
119898 (place-) گاہ﻿ ﻿﻿گاہ﻿ – – O
504 (from) سے﻿ ﻿﻿سے﻿ ADP (4,3) O
72878 (official) سرکاری﻿ ﻿﻿سرکاری﻿ ADJ (5,6) O
185421 (security) سیکیورٹی﻿ ﻿﻿سیکیورٹی﻿ NOUN (6,7) O
189779 (removed) ہٹا﻿ ﻿﻿ہٹا﻿ VERB (7,7) O
8598 (given) دی﻿ ﻿﻿دی﻿ – – O
10896 (was) گئی﻿ ﻿﻿گئی﻿ AUX (8,7) O
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more rigorously during testing and fine-tuning during the 
development phase.

The training set comprises 186,190 tokens across 14,813 
named entities, the test set includes 34,911 tokens with 2213 
named entities, and the development set contains 11,636 
tokens with 740 named entities. We utilized the Adam opti-
mizer with a learning rate of 1 × 10−5 and trained the model 
for five epochs, making incremental adjustments based on 
test set performance to prevent over-fitting.

We can adopt the split ratio, such as 70:20:10 or 90:5:5 
distribution, which could notably affect the model’s evalu-
ation and learning capabilities. If we consider a smaller 
train set, as in a 70:20:10 split, might lead to underfitting, 
where the model is unable to learn properly from the training 
data, affecting its ability to generalize. Whereas, increas-
ing the size of the train set, as discussed in a 90:5:5 split, 
could affect the results of the test and development sets, 
potentially compromising the reliability of the performance 
metrics obtained during validation. Thus, the 80:15:5 split 
was chosen to optimize the balance between comprehensive 
training and robust validation and testing, ensuring reliable 
performance evaluations and model generalization.

Baselines

In this section, we evaluate our proposed model against vari-
ous baseline models. For each baseline, we perform experi-
ments utilizing mBERT, XLM-R, and FastText for the word 
embedding layer. Below is an overview of each baseline 
model used in our comparative analysis.

•	 Haq et al. [12] establish a comprehensive Urdu NER 
system that utilizes deep learning techniques to overcome 
the limitations of manual feature engineering. Their 
method integrates convolutional neural networks for 
character-level feature extraction with word embeddings, 
achieving a notable improvement in F1 score across four 
benchmark datasets.

•	 Kanwal et al. [23] propose a neural NER model that lev-
erages recurrent architectures and diverse word embed-
dings such as fastText, Word2Vec, and GloVe. Their 
experiments report significant gains in Urdu NER per-
formance, highlighting the potential of deep learning for 
this task.

•	 Khan et  al. [14] introduce deep recurrent models 
enhanced by both language-specific and general linguis-
tic features. Evaluated on three datasets, their approach 
surpasses traditional CRF and ANN-based methods, 
achieving F-measure scores up to 81.1%.

•	 Ullah et al. [49] present an Attention-BiLSTM-CRF 
framework tailored for Urdu NER using the MK-PUCIT 
Corpus. Their integration of word embeddings with a 

self-attention mechanism leads to a high F1-score of 
92%, establishing a strong benchmark for Urdu-specific 
NER models.

•	 Ullah et al. (CWEA) [39] propose a contextual data aug-
mentation strategy called Contextual Word Embeddings 
Augmentation (CWEA) for low-resource languages like 
Urdu. By enriching training datasets, they demonstrate 
how transformer-based models such as BERT and RoB-
ERTa can achieve higher accuracy and robustness in 
complex linguistic environments.

•	 Anam et al. [38] develop a deep learning approach 
that utilizes FastText and Floret embeddings combined 
with LSTM, BiLSTM, GRU, and CRF architectures for 
Urdu NER. Their work demonstrates the effectiveness 
of contextual embeddings and recurrent architectures 
in improving NER accuracy and generalizability across 
multiple Urdu datasets.

Main results

The evaluation results of different models on the Urdu NER 
task have shown noteworthy variations in performance, 
underscoring how each model’s architecture addresses 
the complex syntactic and morphological traits of Urdu. 
XLM-R outperforms its counterparts, achieving an F1-score 
of 98.69%, and an accuracy of 98.89%. These outcomes 
not only showcase the robust cross-lingual superiority of 
XLM-R but also its ability to navigate the intricate details of 
Urdu in predicting name entities, this could suggest that its 
architecture is especially aligned with the linguistic demands 
of the urdu language and its complexities.

Whereas, when we check the results for mBERT’s 
F1-score of 90.05%, and accuracy of 90.94%, we see com-
petent but not outstanding performance. This may be due to 
its generalized multilingual pre-training, which might not 
fully capture the unique linguistic challenges Urdu presents.

XLNet’s evaluation results is moderate, indicating a pre-
cision of 92.65%, recall of 91.78%, F1-score of 92.30%, and 
an accuracy of 92.52%. Although XLNet’s auto regressive 
training is favorable for some linguistic tasks, it is somewhat 
less effective for Urdu NER. This could be attributed to its 
sequential prediction focus, which may not adequately han-
dle the broader contextual needs essential for effective NER.

While examining the encoder-decoder models mT5 and 
mBART demonstrate lower performance, with mT5 achiev-
ing a precision of 88.50%, recall of 89.00%, F1-score of 
88.75%, and an accuracy of 89.20%, and mBART a preci-
sion of 87.90%, recall of 88.30%, F1-score of 88.10%, and 
an accuracy of 88.60%. Their underperformance could be 
linked to the dataset prominence on explicitly labeled enti-
ties, which is unable to exploit their strengths in generative 
capabilities that excel in contexts requiring the interpretation 
of implicit linguistic elements. These models might perform 
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better in scenarios that demand the generation of contextual 
embeddings and filling gaps based on subtle cues.

The evaluation emphasizes the need to align model archi-
tecture with the NER task’s specific demands, especially 
in linguistically complicated settings like Urdu. XLM-R’s 
superior results suggest its suitability for further special-
ized training or fine-tuning to boost NER performance in 
Urdu. Moreover, the potential improvements with mT5 and 
mBART in handling datasets enriched with implicit entities 
could catalyze eloquently in NER systems, utilizing their 
unique generative abilities to enhance the recognition of 
entities in linguistically challenging scenarios (see Table 8).

Model performance analysis

Model comparison

In the comparative evaluation presented in Table 9, the 
proposed model achieves the highest F1-score of 98.69%, 
outperforming all existing SOTA Urdu NER systems. This 
strong result is supported by a precision of 97.52% and a 
recall of 95.80%, reflecting the model’s ability to maintain 
an optimal balance between accurate and complete entity 
identification. The incorporation of GCN with syntactic 
dependency parsing, Biaffine Attention for token-level 
interaction, and the robust contextual representation from 
XLM-R embeddings collectively contribute to this perfor-
mance gain.

Among existing methods, Ullah et al. (CWEA 2024) 
achieved an impressive F1-score of 98.20% by leveraging 
BERT-multilingual embeddings and a contextual word 
embedding augmentation technique. Similarly, Anam et al. 
obtained an F1-score of 98.00% using a combination of BiL-
STM-GRU with Floret embeddings, showcasing the strength 
of recurrent networks with contextualized embeddings.

While these models present competitive results, the pro-
posed model surpasses them by integrating syntactic, posi-
tional, and contextual information more effectively, particu-
larly suited for the morphological richness and free word 
order of Urdu. In contrast, models by Ullah et al. (2022), 
Haq et al., Khan et al., and Kanwal et al. fall behind in per-
formance, largely due to either limited architectural depth 
or lack of advanced embedding strategies.

Table 8   Comparative performance of different encoder models used 
in our NER system on Urdu NER

Encoder/Embeddings 
model

Precision Recall F1-Score Accuracy

XLM-R 98.58 98.80 98.69 98.89
XLNet 92.65 91.78 92.30 92.52
mBERT 89.32 90.76 90.05 90.94
mT5 (Encoder) 88.50 89.00 88.75 89.20
mBART (Encoder) 87.90 88.30 88.10 88.60

Table 9   Comparison of named 
entity recognition models 
performance

Model Technique Prec. (%) Rec. (%) F1 (%)

Haq et al. (2023) [12] Bi-GRU + CNN 85.37 85.68 85.53
Kanwal et al (2019). [23] RNN 76.30 78.90 77.50
Khan et al. (2022) [14] LSTM-forward RNN 84.75 79.35 81.10
Ullah et al (2022). [49] Attention Bi-LSTM + CRF 93.00 92.90 92.95
Ullah et al. (CWEA 2024) [39] BERT-multilingual + Data 

Augmentation
97.90 98.40 98.20

Anam et al. [38] BiLSTM + GRU + Floret 97.00 99.00 98.00
Proposed Model GCN + CRF + XLM-R 97.52 95.80 98.69

Table 10   Performance 
Comparison of Named Entity 
Recognition Models for 
benchmark Datasets

Model MK-PUCIT IJCNLP Jehangir et al.

P R F1 P R F1 P R F1

Haq et al. – – – 66.67 67.13 66.90 83.85 83.60 83.73
Kanwal et al. 76.30 78.90 77.50 69.50 63.10 65.70 – – –
Khan et al. – – – 61.20 70.01 63.21 79.71 81.56 79.94
Ullah et al. 91.30 93.30 92.30 – – - – – –
Our Model 92.10 94.22 93.14 71.04 69.66 70.34 82.68 84.35 83.50
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These findings demonstrate that the proposed model not 
only sets a new performance benchmark in Urdu NER but 
also confirms the efficacy of combining graph-based and 
transformer-based features for sequence labeling tasks in 
low-resource and morphologically complex languages.

Model analysis of results on benchmark datasets

In the comparative analysis of NER models, as detailed in 
Table 10, our Model presents a strong performance across 
multiple benchmark datasets, not just the custom dataset we 
specifically tailored for this research. This demonstrates the 
robustness and general applicability of our model in various 
contexts, a critical factor in the real-world deployment of 
NER systems.

For the MK-PUCIT and Jehangir et al. datasets, the Pro-
posed Model achieved F1-scores of 93.14% and 83.50% 
respectively, surpassing the other models in the comparison. 
Particularly notable is its performance on the Jehangir et al. 
dataset, where it outperforms and shows marked improve-
ments over Khan et al. and Haq et al. These results underline 
our model’s superior ability to adapt to different linguistic 
features and complexities inherent in diverse Urdu datasets.

On the IJCNLP dataset, in spite of the fact that our model 
does not achieve the same dominance, it still provide a solid 
performance with an F1-score of 70.34%. This dataset, 
known for its varied text types and complex entity struc-
tures, presents a challenging environment where our model’s 
precision of 71.04% and recall of 69.66% are competitive, 
particularly when compared against the performances of 
Haq et al. and Khan et al.

The consistent performance across different datasets, 
particularly in comparison to established models by Ullah 
et al., Khan et al., and others, emphasizes the effectiveness 
of our proposed model in handling the nuanced demands 

of Urdu NER. The systematic advances in model accuracy, 
as evidenced by these comparative results, reinforce the 
effectiveness of the advanced algorithms and optimization 
techniques employed in our model, which are specifically 
tailored to enhance precision, recall, and overall efficiency 
in real-world NER applications.

Model analysis

In the Fig. 6 presented, the comparison of training loss 
between mBERT, XLM-R, and XLNet over 20 epochs 
shows distinct learning patterns for each model. mBERT 
exhibits a steady decrease in training loss, indicating con-
sistent learning throughout the epochs. In contrast, XLM-R 
shows a rapid decline in loss early on, stabilizing at a low 
level, suggesting that it quickly grasps the essential patterns 
in the data. XLNet starts with the highest loss but rapidly 
improves, reaching a low and stable loss after about 10 
epochs, with minor fluctuations thereafter, indicating effec-
tive learning without overfitting. This comparison highlights 
the varying efficiencies and dynamics of each model in pro-
cessing and learning from the same dataset.

Entity recognition performance analysis

The enhanced visualization of the confusion matrix in 
Fig. 7for entity types such as Organization, Person, Loca-
tion, and Time provides clear insights into the model’s per-
formance in identifying named entities within Urdu news 
headlines. With True Positives peaking at 1882 for Per-
sons and as low as 127 for Time, the model demonstrates a 
robust ability to recognize personal names, which are often 
distinct and frequent within text data. However, the lower 
TP for Time highlights challenges in identifying temporal 

Fig. 6   Training Loss Compari-
son For XLM-R, XLNET and 
multilingual BERT Integrated
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expressions, potentially due to their varied formats and con-
textual usage in Urdu. The model maintains commendable 
precision, as seen with the highest False Positives at 48 for 
Persons, suggesting it occasionally misclassifies non-entities 
as persons. Meanwhile, False Negatives are more common 
for Persons and Locations, indicating recall issues where the 
model fails to identify all relevant entities, likely due to com-
plex entity boundaries and subtle linguistic cues in the data.

 Consider this Urdu news headline وزیراعظم عمران خان نے 
 Prime Minister اسلام آباد میں قومی اسمبلی کے اجلاس میں شرکت کی۔
Imran Khan attended a session of the National Assembly in 
Islamabad. In this instance, the model successfully identifies 
 ,as a Location ”اسلام آباد“ as a Person and ”وزیراعظم عمران خان“
showcasing its high accuracy in recognizing well-known 
names. However, suppose the model incorrectly tags “قومی 
 as an Organization rather than (National Assembly) ”اسمبلی
as a Location. This error could be attributed to the dual 
nature of the term, which can be perceived as both an organi-
zation and a location, reflecting the model’s challenges in 
handling entities that can belong to multiple categories 
depending on the context. This example highlights the mod-
el’s strengths in identifying clear-cut names but also under-
scores the complexities involved in entity recognition where 
contextual nuances play a significant role.

Ablation Study

In the ablation study presented in Table 11, we evaluate the 
individual and combined contributions of the GCN and CRF 
layers in our Urdu NER model. The full model configura-
tion, integrating XLM-R embeddings, GCN for syntactic 
relation modeling, and CRF for tag sequence optimiza-
tion, achieves the highest performance with an F1-score 
of 98.69%. When the GCN layer is removed, the F1-score 
drops to 90.87%, highlighting its importance in capturing 
dependency-based token relationships, which are especially 
critical in low-resource and morphologically rich languages 
like Urdu.

Similarly, eliminating the CRF layer results in an F1-score 
of 91.50%, showing that while contextual and structural 
information is still leveraged, the model loses effectiveness 
in maintaining coherent tag sequences. When both the GCN 
and CRF layers are removed, performance drops further to 
86.18%, demonstrating the compound impact of losing both 
syntactic structure and sequence dependency modeling. This 
confirms that while transformer embeddings like XLM-R 
form a strong foundation, the integration of GCN and CRF 
layers is essential to enhance entity boundary detection, 
structural consistency, and overall robustness of the model.

Case Study

The case study presented in Table 12 offers a compara-
tive analysis of several SOTA model embeddings mBERT, 
XLM-R, XLNet, mBART, and mT5 on NER in Urdu news 
headlines. Each model utilizes distinct embeddings, such 
as the multilingual BERT embeddings for mBERT and 
XLM-R, permutation-based embeddings for XLNet, and 
sequence-to-sequence embeddings for mBART and mT5. 

Fig. 7   Confusion matrix results 
of model while using XLM-R 
embeddings

Table 11   Ablation study

Model Precision Recall F1-Score

Proposed Model 97.52 95.80 98.69
w/o GCN Layer 92.00 89.78 90.87
w/o CRF Layer 91.01 92.00 91.50
w/o GCN & CRF 86.45 85.92 86.18
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The results show that while all models performed well 
in identifying person and organization entities, mBERT, 
XLM-R, and XLNet struggled with implicit organiza-
tions. In contrast, mBART and mT5 demonstrated supe-
rior performance in detecting implicit organizations. These 

findings emphasize the impact of model embeddings on 
entity recognition tasks, providing a basis for improving 
NER systems in Urdu.

Table 12   Case study: model comparison on Urdu news headlines with aspect entities

Models Reviews

  Review 1: "وزیر خزانہ نے 2024 کے بجٹ کی تفصیلات بیان کی"﻿
"Minister of Finance presented the details of the 2024 budget"
Ground Truth   [Person: وزیر خزانہ (Minister of Finance), Organization: حکومت 

(Government)] 
mBERT   [Person: وزیر خزانہ (Minister of Finance)  ✓ , Organization: حکومت 

(Government)]  ✓     
XLM-R   [Person: وزیر خزانہ (Minister of Finance)  ✓ , Organization: حکومت 

(Government)]  ✓     
XLNet   [Person: وزیر خزانہ (Minister of Finance)  ✓ , Organization: حکومت 

(Government)]  ✓     
mBART​   [Person: وزیر خزانہ (Minister of Finance)  ✓ , Organization: حکومت 

(Government)]  ✓     
mT5   [Person: وزیر خزانہ (Minister of Finance)  ✓ , Organization: حکومت 

(Government)]  ✓     
  Review 2: "پاکستان اور بھارت کے وزرائے خارجہ کی ملاقات"﻿
"Meeting of the Foreign Ministers of Pakistan and India"
Ground Truth   [Person: وزیر خارجہ (Foreign Minister), Location: پاکستان (Pakistan), 

Location: بھارت (India), Organization: وزارت خارجہ (Ministry of 
Foreign Affairs)] 

mBERT   [Person: وزیر خارجہ (Foreign Minister)  ✓ , Location: پاکستان (Pakistan) 
﻿✓ , Location: بھارت (India)  ✓ , Organization: وزارت خارجہ (Ministry of 
Foreign Affairs)]  ✓     

XLM-R   [Person: وزیر خارجہ (Foreign Minister)  ✓ , Location: پاکستان (Pakistan) 
﻿✓ , Location: بھارت (India)  ✓ , Organization: وزارت خارجہ (Ministry of 
Foreign Affairs)]  ✓     

XLNet   [Person: وزیر خارجہ (Foreign Minister)  ✓ , Location: پاکستان (Pakistan) 
﻿✓ , Location: بھارت (India)  ✓ , Organization: وزارت خارجہ (Ministry of 
Foreign Affairs)]  ✓     

mBART​   [Person: وزیر خارجہ (Foreign Minister)  ✓ , Location: پاکستان (Pakistan) 
﻿✓ , Location: بھارت (India)  ✓ , Organization: وزارت خارجہ (Ministry of 
Foreign Affairs)]  ✓     

mT5   [Person: وزیر خارجہ (Foreign Minister)  ✓ , Location: پاکستان (Pakistan) 
﻿✓ , Location: بھارت (India)  ✓ , Organization: وزارت خارجہ (Ministry of 
Foreign Affairs)]  ✓     

  Review 3: "پاکستان میں پی ٹی آئی نے نیا سیاسی جلسہ منعقد کیا"﻿
"A new political rally was held by PTI in Pakistan"
Ground Truth   [Location: پاکستان (Pakistan), Organization: پی ٹی آئی (PTI), Implicit 

Organization: سیاسی جماعت (Political Party)] 
mBERT   [Location: پاکستان (Pakistan)  ✓ , Organization: پی ٹی آئی (PTI)  ✓     , 

Implicit Organization: سیاسی (Political)  ×     
XLM-R   [Location: پاکستان (Pakistan)  ✓ , Organization: پی ٹی آئی (PTI)  ✓     , 

Implicit Organization: جماعت (Party)  ×     
XLNet   [Location: پاکستان (Pakistan)  ✓ , Organization: پی ٹی آئی (PTI)  ✓     , 

Implicit Organization: سیاسی (Political )  ×     
mBART​   [Location: پاکستان (Pakistan)  ✓ , Organization: پی ٹی آئی (PTI)  ✓     , 

Implicit Organization: سیاسی جماعت (Political Party)  ✓     
mT5   [Location: پاکستان (Pakistan)  ✓ , Organization: پی ٹی آئی (PTI)  ✓     , 

Implicit Organization: سیاسی جماعت (Political Party)  ✓     
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Analysis of word embeddings

The cosine similarity among entities using the XLM-R 
model Fig. 8 shows high uniformity, with values clustering 
between 0.98 and 1.00. This indicates that XLM-R produces 
stable and uniform embeddings for entities, which is supe-
rior for reliable entity recognition. The smooth distribution 
of similarity values underscores XLM-R’s capability to 
maintain uniformity across embeddings, proving it the best 
choice for generating high-quality embeddings for Urdu text.

Using XLNet Fig.  9, the cosine similarity remains 
high but shows more variation compared to XLM-R, with 
values ranging from 0.92 to 1.00. This suggests XLNet 
captures finer nuances and distinctions among entities, 
enhancing detailed contextual understanding. Even though 
not being inherently multilingual, XLNet’s robust contex-
tual learning allows it to perform well in NER tasks for 
languages like Urdu. This robustness can be attributed to 

its autoregressive architecture, which excels in capturing 
dynamic contextual embeddings.

In contrast mBERT Fig. 10 displays a wide range of 
similarity values from 0.3 to 1.0, indicating variability. 
This suggests multilingual BERT captures diverse entity 
characteristics but with less stability, impacting consist-
ency in NER tasks. The striking dips in similarity scores 
reflect mBERT’s sensitivity to different entities, result-
ing in less stable embeddings as compared to XLM-R and 
XLNet.

In summary, XLM-R proves to be the most stable and uni-
form embeddings, making it the best choice for tasks requir-
ing consistent and reliable entity representations. XLNet, 
although not multilingual, performs better than Multilingual 
BERT due to its ability to capture detailed nuances through 
its autoregressive architecture. BERT, despite its multilin-
gual training, shows greater variability, making it less effec-
tive for tasks requiring stable embeddings. The choice of 
model should be guided by the specific requirements of the 

Fig. 8   Cosine similarity among 
NER entities using XLM-R
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NER task, balancing the need for embedding consistency 
and contextual nuance.

Conclusion

This research presents a novel Urdu NER system, optimized 
for processing news headlines. To address the considerable 
gap in resources for Urdu NER, we curated a specialized 
corpus that reflects the orthographic and morphological 
complexities distinctive to the Urdu language. Our model 
integrates advanced deep learning neural network technolo-
gies such as transformers, GCN, Biaffine Attention mecha-
nisms, and a CRF layer, all of which work in concert to 
enhance word representation and entity recognition. Impor-
tantly, the inclusion of encoder-decoder models like mBART 
and mT5 has expanded the model’s capability, particularly in 
handling implicit entity recognition and generating nuanced 

contextual embeddings. These models leverage their genera-
tive capabilities to fill linguistic gaps, offering substantial 
improvements in accurately identifying and labeling entities 
that are not explicitly mentioned but implied within the text. 
The robust performance of our system establishes a new 
standard in Urdu NER, markedly elevating the accuracy of 
entity recognition. The system adeptness at capturing the 
subtle nuances of the Urdu language and effectively man-
aging the complexities of news headlines marks a notable 
improvement in computational linguistics for Urdu. This 
progress promises to enhance several applications, includ-
ing automated content categorization, news aggregation, 
and advanced search functionalities within Urdu digital 
platforms. As NLP technology move forward, contributions 
from our research study provide a basis for more varied, 
inclusive, and comprehensive perspectives to understanding 
languages like Urdu.

Fig. 9   Cosine Similarity among 
NER Entities using XLNet
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Limitations and future work

While the proposed Urdu NER model shows strong per-
formance on benchmark datasets, it has some limitations. 
The use of transformer-based architectures like mT5 and 
mBART introduces computational overhead, restricting 
deployment in resource-constrained environments and lim-
iting real-time or mobile applications.

Additionally, the model is trained on a domain-specific 
dataset of Urdu news headlines, which may hinder its gener-
alization to other textual genres such as literary prose, social 
media, or conversational Urdu, where language use is more 
informal and varied.

To address these limitations, future work will include 
expanding the training corpus to cover social media, litera-
ture, and user-generated content to improve generalization 
across different forms of Urdu text. Testing on similar lan-
guages like Arabic and Farsi will also be explored to assess 
cross-linguistic generalizability. Furthermore, the dataset 
will be extended to include implicit and nested entities, 
and efficiency benchmarks (inference time, memory usage) 

will be introduced to evaluate scalability for real-world 
deployment.
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