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Abstract. This work is a first-of-its-kind study in its subject. It undertakes a
comparative investigation into Named Entity Recognition (NER) across two
common linguistical low-resource languages, Hindi and Arabic, to elucidate
language-specific challenges and efficacious methodological innovations within
the Natural Language Processing (NLP) domain. Through a systematic
evaluation of varied NER models and algorithms, incorporating linguistic feature
analysis, data annotation, and machine learning techniques, the research
identifies distinct challenges pertaining to the script, morphology, and contextual
dependencies inherent to each language. By highlighting the efficacy of
language-specific model adaptations, the study offers novel insights into
optimizing NER performance for underrepresented languages, thereby
contributing a foundational framework for advancing cross-linguistic NLP
research and technology development.
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1 Introduction

NLP is a modern field that draws on multiple sciences to allow computers to understand
human language. It's recognized as one of the more challenging fields in artificial in-
telligence, as it often requires a strong comprehension of the world and be able to use
what one learns to better apply it. NLP draws on a number of sciences, including math-
ematics, computer sciences, information sciences, artificial intelligence, and robotics
[11]. One practical application of NLP is Named Entity Recognition (NER): the ability
to identify and classify key elements within text, such as names of people, organiza-
tions, and locations [2]. NER refers to a building block subtask of the macro—NLP do-
main and serves as a key technique in information extraction, automatically capturing
and classifying named entities contained in non-structured text [1]. It enables robust
analysis of textual data by identifying key words, phrases, themes, emotional nuances,
medical codes, time expressions, quantities, and monetary value, facilitating applica-
tions such as sentiment analysis, content summarization, and information retrieval [2].
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The NER challenge, first articulated during the Sixth Message Understanding Confer-
ence (MUC-6) in 1995 [1], has significantly shaped the development of systems for
identifying named entities in text. It has developed the standard for systems with named
entities. Primarily, the task of NER entails the identification of the limits of entities in
a text and then classifying them according to pre-defined classes. A popular approach
to address NER is to conceptualize it as a sequence-labelling-task [3]. For example, in
the expression, "Mahatma Ghandhi visited Aden in September 1931," an ideal NER
system would identify " Mahatma Ghandhi " as a PERSON, "ADEN" as a PLACE, and
"September 1931" as a DATE. The competence and effectiveness with which such en-
tities can be identified underpin a broad spectrum of the NLP applications.

The advantages of NER have been appreciated for high-resource languages, partic-
ularly English, for quite some time. The phenomenal growth of the digital sphere un-
derscores a vital and urgent necessity on a national scale, the development of effective
NER and multilingual NLP for low-resource languages. Recent research reveals the
challenges and potential solutions for NER tasks in low-resource languages, as multi-
lingual learning approaches have shown promise in addressing data sparsity issues by
leveraging features from closely related languages. These methods can improve NER
performance through increased named entity vocabulary, cross-lingual sub-word fea-
tures, and regularization effects [8]. Transfer learning techniques, such as unsupervised
truth inference and limited supervision, have also demonstrated effectiveness in modu-
lating transfer from multiple source languages to low-resource target languages [9].
Further, data augmentation strategies, including labelled sequence translation and gen-
eration-based methods, can enhance cross-lingual NER performance [10][11][8]. These
approaches offer promising avenues for improving NER in low-resource languages.
Hindi and Arabic, while spoken by mostly one billion within the world, consider as
low-resource languages and experience a shortfall of labelled data, and properly ad-
vanced NLP tools compared to English. Such an imbalance engenders a discernible
digital divide, significantly impeding both access to information and the trajectory of
technological development for these linguistic communities. Conversely, within this
disparity lies substantial untapped potential, given the recognized utility of NER in fa-
cilitating access to information, preserving cultural heritage through digital archives,
and accommodating the development of inclusive language technologies. Conse-
quently, this comparative study recognizes this pivotal juncture, positing that the ad-
vancement of NER for Hindi and Arabic should be considered not merely an academic
endeavour, but rather an instrumental step toward fostering a more equitable and inter-
connected global digital landscape.

This research examines NER in Hindi and Arabic languages that still represent sig-
nificant uncharted territory within the scope of NLP research, especially against re-
source-rich languages such as English. Various reasons warrant language selection.
Firstly, both Hindi and Arabic bolster a larger population of users. Hindi, a language
primarily spoken in India, is among the most-spoken languages in the world, with more
than 500 million speakers [12]. Likewise, Arabic is the official language of 22 countries
located in the Middle East and North Africa; more than 400 million people speak it over
the world [12]. Secondly, the digital footprint of both languages is now growing rapidly,
as internet access improves combined with the proliferation of the growth of digital
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content uploaded in these regions. The raise in online content in Hindi and Arabic also
demands effective NLP tools, such as advanced NER systems, to glean valuable infor-
mation from this ever-growing reservoir of linguistic data.

Besides their demographic and digital significance, morphologically rich languages
(MRLs) like Arabic and Hindi bring significant complications for computational pro-
cessing and language acquisition. Arabic's complex root-and-pattern morphology and
high degree of ambiguity make it particularly hard for NLP systems [13]. Likewise,
Hindi has greater morphological complexity compared to English, particularly in its
case marking and inflectional systems, along with issues like word sense disambigua-
tion and polysemy. This complexity poses challenges for machine translation and in-
formation retrieval [14][15]. This linguistic complexity provides a significant challenge
to automatic linguistic analysis and the NER task. A rich system of prefixes, suffixes,
and infixes drastically alters the meaning and grammatical function of the word. For
example, a single verb root in Arabic might give rise to several forms for conjugation,
based mainly on tense, aspect, mood, voice, gender, and number, which lead to numer-
ous surface forms [13]. Similarly, Hindi has a complex system of noun declensions and
verb conjugations [15]; thus, this complexity further enriches the task of entity bound-
ary detection and classification.

In addition to other issues, a variation in the script brings another level of difficulty
to NER. In contrast to English, where the Latin alphabet is used, Hindi employs the
Devanagari script, characterized by a conjunct consonant system in which two or more
consonants may combine into one character [14][15]. This may present some chal-
lenges in automated word segmentation and identification of entity boundaries. When-
ever it comes to Arabic script, it presents unique challenges in typography and word
recognition due to its right-to-left writing direction, connected letters, and diacritical
marks. Diacritics play a crucial role in Arabic text usability, affecting homogeneity,
clarity, and legibility, which are frequently omitted in written text but able to substan-
tially alter the meaning of a word [13][17]. Such script-specific characteristics give rise
to the challenge of creating precise preprocessing engagements as well as models that
handle such orthographic discrepancies when seeking the facilitation of accurate NER
for Hindi and Arabic. These linguistic and orthographical characteristics add immense
complexity to the proper construction of NER systems for Hindi and Arabic. This re-
search aims to address these complexities and perform a comparative analysis based on
their impact on NER performance.

Our study aims to compare Hindi and Arabic to fill these gaps in the literature and
contribute to the growth of NER task in NLP for linguistically heterogeneous lan-
guages. First, to rigorously analyze and compare the structural and grammatical fea-
tures in Hindi and Arabic that are of concern in NER tasks specifically pointing to
morphological complexities, syntactic variation, and script-specific characteristics that
may affect NER performance [28]. Second, to provide detailed descriptions of linguis-
tic challenges faced while performing NER for Hindi and Arabic, pointing out possible
problems that distinguishes one language from another. This research seeks promising
directions for future investigation that will improve NER performance in Hindi and
Arabic.
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Following on from our objectives, the core of this study pillared on several key ques-
tions that we aim to unpack:

e What are the primary structural and grammatical differences between Hindi and Ar-
abic that play a substantial influence on NER performance?

e What are the unique linguistic challenges and potential pitfalls that might be encoun-
tered when performing NER in Hindi and Arabic? how do these challenges differ in
nature and severity between the two languages?

o Looking ahead, what are the most promising future research directions for advancing
the SOTA in NER for both Hindi and Arabic?

This paper is organized as follows: first we give a brief review of the related work done
(Section 2). Next, we present the detailed background of Hindi language, Arabic Lan-
guage, NER task and existing NER approaches (rule-based, ML-based and hybrid-
based approaches) in NLP landscape (Section 3). Next, we discuss the main linguistical
challenges in Hindi and Arabic that have high impact on NER (Section 4). And last, we
wrap up by summarizing our findings and suggesting where future research efforts
might be best directed to further advance NER for these languages (Section 5 and 6).

2 Literature Review

While the landscape of Named Entity Recognition (NER) research encompasses a sub-
stantial body of work dedicated to individual languages, including both Hindi and Ar-
abic, a notable lacuna exists concerning direct comparative analyses of the linguistic
challenges they present within this domain. Numerous studies have independently ex-
plored the intricacies of NER within Hindi and, separately, within Arabic, leading to
significant advancements in language-specific methodologies and resource develop-
ment. However, the explicit comparison of their inherent linguistic characteristics and
the consequential impact on NER performance remains a relatively uncharted territory.
This absence of direct comparative investigation underscores both the novelty and the
potential significance of the current study, which seeks to bridge this gap by directly
examining the commonalities and divergences in the linguistic hurdles encountered
when performing NER in these two typologically distinct languages. This endeavour
should not be interpreted as a critique of existing research, but rather as a timely oppor-
tunity to synthesize existing knowledge from parallel linguistic contexts to foster a
more nuanced understanding of cross-lingual NER challenges.

Given this absence of direct comparative investigations, this literature review adopts
a strategic approach, synthesizing insights from two distinct yet relevant streams of
research: those focusing explicitly on NER for Hindi and those dedicated to NER for
Arabic. By examining the methodologies, challenges, and findings reported within each
language-specific body of literature, we aim to construct a comparative framework that
illuminates the shared and unique linguistic obstacles influencing NER performance.
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The subsequent sections of our review are designed to provide a thorough under-
standing of the current state of research. At first, we will examine the existing literature
pertaining to NER in Hindi, followed by a targeted analysis of research focusing on
NER in Arabic. Therefore, we will integrate the findings from these individual language
analyses by making connections to relevant literature in theoretical linguistics that elu-
cidates the structural and grammatical features of both Hindi and Arabic. This inte-
grated approach will pave the way for a more informed discussion of the methodolog-
ical approaches employed in NER for these languages and the potential avenues for
future research.

2.1 Named Entity Recognition for Hindi

In the last couple of decades, Named Entity Recognition research targeted at Hindi
languages has made great strides, echoing broader advancements in the field of NLP.
The traditional approaches relied on hand-crafted linguistic features and gazetteers
through rule-based systems. With the ever-increasing popularity of machine learning
techniques, supervised learning, especially Conditional Random Fields (CRFs),
emerged as a dominant model for Hindi NER since their abilities with sequence label-
ling tasks demonstrated their efficiency for Hindi NER [18][19][20][21][23], obtaining
competitive results by incorporating a rich set of features such as morphological, con-
textual, and dictionary-based information. More recently, deep learning architectures,
including Bi-LSTM and RNN-LSTM, and transformer-based models (e.g. BERT and
XLM-R), have been increasingly explored for Hindi NER, demonstrating their ability
to learn intricate patterns from raw text and achieve state-of-the-art performance
[22][24][25][26].

2.2  Linguistic Challenges in Hindi NER

The relatively rich morphology of Hindi shows agglutination and inflectional processes
[16]. This combination leads to the formation of word forms, which may be very com-
plex because of combining several morphemes together into one and makes it difficult
for one to identify the root form and extract the relevant features. For example, inflec-
tional morphology, especially nominal and verbal inflections on case, number, gender,
and tense, adds further complication to NER. Therefore, the authors have devised ways
to incorporate morphological analyzers and stemmers into their NER systems. The [27]
paper described the tool of morphological analyzer and generator with a paradigm-
based approach. In other instances, rules have been explored to generate inflectional
and derivational words from a base/root word to model the complexities posed [29] and
detect spelling error [32] from morphology. The authors of [30][31][33] addressed crit-
ical issues and challenges during the anaphora resolution, limitation of availability of
labelled corpora for the Hindi language were discussed along with emphasis on its rel-
evance for various NLP tasks, and unique features of Hindi pronouns were highlighted
that create challenges for anaphora resolution. Also, the becoming of challenges like
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resource scarcity and script-related issues have been addressed in such studies like [34]
paper.

2.3 Named Entity Recognition for Arabic

Named Entity Recognition task for Arabic language comes with unique challenges due
to the Arabic's complex morphology and orthography. In fact, several approaches, in-
cluding rule-based, machine learning, hybrid methods, and deep learning, have been
developed to address these challenges and improve performance. Rule-based systems,
such as NERA [38], have handled specific challenges in Arabic NER, including the
recognition of 10 important named entity categories and the development of resources
like whitelists and grammars. In statistical approaches, conditional random fields
(CRFs) with optimized feature sets have shown promising results on the ANERcorp
dataset [35]. Additionally, the [42] paper evaluated CRF, SVM, and Stochastic Gradi-
ent Descent (SGD) for scientific text Arabic NER, with SGD outperforming the others.
A hybrid approach combining rule-based and machine learning techniques [41] has
demonstrated superior performance compared to individual methods [39][36][40]. Re-
cently, artificial neural networks (ANNSs), Bi-LSTM, and transformer-based ap-
proaches have also been successfully applied to Arabic NER [37][44][45], and achiev-
ing state-of-the-art performance. These diverse approaches highlight the ongoing ef-
forts to improve Arabic NER performance and overcome language-specific obstacles.

2.4 Linguistic Challenges in Arabic NER

Arabic Named Entity Recognition experiences such complicated challenges due to the
language's intrinsic features. For instance, the lack of capitalization, which is significant
in English NER, makes Arabic NER inherently more difficult [46]. Additionally, Ara-
bic's highly morphological nature and the ambiguity between proper nouns and com-
mon nouns/adjectives further complicate the task [46][47][40]. As the authors of [49]
highlighted that the existence of Classical, Modern Standard, and various colloquial
dialects presents additional layers of complexity in NER, since models must be trained
to recognize entities across these forms. That being so, various approaches have been
employed to address these challenges, including rule-based systems [48] and corpus-
based methods [46]. The [43][44] papers proposed ML-based techniques to overcome
Arabic's inflection, ambiguity issues and morphological, and spelling challenges.

3 Background

Language is a basic structure of communication among humans, an organ that allows
people to convey and produce meanings of messages through structured and conven-
tional means [56]. This multi-layered system of communication includes verbal and
written means, often supplemented by both the formal and informal non-verbal cues of
communication meant to help establish understanding and expression. Language con-
sists, on their most basic level, a set of spoken or written symbols, each associated with
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a specific set of phonemes, the smallest unit of sound that serves as a distinguishing
feature in meaning [57]. The diversity of languages around the world is like other prop-
erties of languages; it is characterized by distinct phoneme inventories and phonologi-
cal systems, which result from such diverse causes as culture, geography, and social
context.

3.1 HINDI

Hindi is an Indo-Aryan language that is the second lingua franca of India, spoken by
millions of people from a considerable number of states, such as Madhya Pradesh,
Delhi, Uttar Pradesh, Uttarakhand, Bihar, Rajasthan, Chhattisgarh, Haryana, Himachal
Pradesh, and Jharkhand. Belonging to a more extensive family of Indo-European lan-
guages, Hindi is developed through a stupendous range of factors, historical, cultural,
and social, entailing its role as an instrument of communication among members of the
language-speaking community and providing linguistic identification for them [59].
The dynamism of Hindi is ensured by the dialectal fabric marking its linguistic land-
scape, wherein each dialect persists in its unique cultural and socio-historical context
reflecting its region of occurrence.

The fourth most spoken language in the world, Hindi occupies a major position in
the language scene. According to the 2011 census [60], Hindi has 528 million speakers
reportedly situated in India, establishing its demographic importance. The lexicon and
phonology, while clearly under strong influence from Sanskrit and Persian, have seen
notable evolution in Hindi, which makes use of the Devanagari script and has managed
to remain strongly attached to its Sanskrit roots. Its importance reaches beyond the bor-
ders of India and becomes synonymous with a worldwide presence, second only to
Mandarin Chinese, Spanish, and English [58].

3.2 ARABIC

Arabic, the language of the Arab world, happens to be one of the top ten most common
languages globally [61], around 420 million native speakers give it a head start. This is
also corroborated by the existence of over 25 different dialects which contribute to the
overall linguistic diversity among Arabic speakers [63]. Arabic is set apart from many
other languages by the fact that it has such a complex morphology, extremely sophisti-
cated systems of inflection and derivation. Such a linguistic framework is sufficient to
promote nuanced expression but significant challenges for learners and scholars.

Arabic has several layers, classified broadly as either Classical Arabic or Modern
Standard Arabic (MSA), plus a number of regional dialects. Coupled with MSA and
dialects of Arabic [63], it sets up a diglossia context with substantial influence on the
Arabic sociolinguistics. Since independence in India (after 1947), the government has
shown renewed interest in Arabic [62], and several Arabic language departments have
set up at various universities and colleges around the country.
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3.3 NAMED ENTITY RECOGNITION TASK

NER task refers to identifying and classifying character sequences corresponding to
noun phrases against general text. Named entities are specific real-world objects that
denote an individual, organization, or place. These entities are classified into different
classes like (Person, Organization, Location, and so forth,) as shown in Table 1, to help
build a structure for information extraction from unstructured text.

Table 1. Entity annotations of the NER dataset CONLL2003 [55].

Entity Description

PERSON Individual human beings, whether real or fictional.

NORP Groups defined by nationality, religion, or political affiliation.

FAC Physical structures such as buildings, airports, highways, and bridges.

ORG | Organizations including companies, agencies, and institutions.

GPE | Geopolitical entities like countries, cities, and towens.

LOC | None-GPE locations such as mountain ranges and water bodies.

PRODUCT | Items such as vehicles, weapons, and foods.

EVENT ‘ Named occurrences like hurricanes, battles, and sports events.

WORK_OF_ART | Titles of creative works including books and songs.

LAW | Legal documents that have been enacted into law.

LANGUAGE | Recognized languages.

DATE | Specific dates or time periods, either absolute or relative.

TIME | Time expressions referring to durations shorter than a day.

PERCENT | Percentage figures, including the "%" symbol.

MONEY | Monetary amounts, specifying the currency unit.
QUANTITY | Measurements indicating attributes like weight or distance.
ORDINAL | Terms denoting order, such as "first" or "second."
CARDINAL | Numerals that are not classified under other types.

NER takes a collection of documents/texts and automatically identifies and labels
named entities within them. Here's the process:

— Step 1. It starts feeding NER system with a collection of documents/texts in various
formats (e.g. .pdf, .html, .docx). These texts serve as the input for the annotation
process.

— Step 2. The input texts go through a cleaning and preparation stage to make them
easier to analyze. This involves:
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— Step 3.
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Step 2.1. Input Validation: The system first checks if the input text is in a
language it's designed to handle.

Step 2.2. Tokenization: Each document is broken down into individual
words, symbols, and punctuation marks.

Step 2.3. Stop Word Removal: Common words that don't contribute much
to entity recognition are removed.

Step 2.4. Stemming: The words within given documents are reduced to their
root form.

Step 2.5. Morphological Analysis: In this phase of pre-processing, the sys-
tem analyses the internal structure of words, which is especially important
for languages like Hindi and Arabic that have complex word formation
rules.

This step represents the core of NER system, where entities are identified

and classified:

— Step 4.

Step 3.1. Feature Extraction: The system looks for features in the text that
suggest a word might be part of a named entity. These features can be things
like capitalization, surrounding words, or specific word endings.

Step 3.2. Entity Identification and Classification: Using a pre-defined algo-
rithm (which could be rule-based, ML-based models, or a combination of
both), the system identifies and labels the named entities based on the ex-
tracted features.

The system then outputs the original documents with the identified named

entities automatically annotated. Fig. 1 represents the named entity recognition sys-

tem.
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Raw Content (documents, texts)
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Fig. 1. Named Entity Recognition System

For example:

Hindi
Input text:

Tt o oweelt AT o STt g wreaTeedt 1R faferr wTe & forg S Sl €
Tokenization:

e | it | st | QT | s | st | s | wveeraret | o | fafeer | womat | % | fer | s | st | 2 |
Stemmer:

& oft et SFT 9T ST OYm weaEd o fafew W ¥ faw wm oS €
Morph Analysis & POS tagging output:

& /NNP - 3k /CC - swaft /NNP - @ri /DEM - wmré /NN - s1oft /PRP - 51 /17 - wreemaeft
/NN - i /CC - faferer /JJ - weit /NN - % /PSP - faw /PREP - st /JJ - st /VM - & /VM
Arabic

Input text:
? Sl 5 o jhall G (e 258 G5 530 el Ayl 5 Ay pall Jiall i

Tokenization:
uS) Al | | Dl dall | Sus | e | 208 | Gosad | o) | Apaigd | 5] Anall | Ul | Al

Stemmer:
QS| 5| ke | Cun | Ge | 2| sl | 5] e |4 ] K
Morph Analysis & POS tagging output:
/ & VERB/ ¢lialll - NOUN/ 4nuall - ADJ/ 5 - CONJ/ 4xigll - ADJ/ ¢15% - NOUN -

/ &6 IADJ/ 2 - ADJ/ G - PREP/ Gas - CONJ/ <l jiall - NOUN/ 5 - CONJ / S il -
NOUN

3.4  Existing NER Approach

NER methodologies are primarily categorized into three main approaches:
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Rule-based approach

Rule-based NER approaches rely on proposed rules and lexical patterns devised by do-
main experts [4]. These systems other than that apply hand-constructed semantic and
syntactic rules for recognition of the entities [SO] [51] [52] [S3]. However, these meth-
ods are often driven by the specifics of the area in demand and thus are limited in their
generalization, normally resulting in high precision but low recall. One example is in
the biomedical domain, where researchers in 2005 [54], used pre-processed synonym
dictionaries to identify protein mentions and possible genes in texts. The development
of large rule sets to cater to various complexities of expressions is an ardent task quite
daunting. Yet still, for those tasks that regular methods have been applied on, the rule-
based methods rule out high precision but are labelled with low recall.

To counter these shortcomings, an increase in machine learning-based approaches
to NLP is under foot, which applies itself to automatically learn patterns from extensive
databases and offers improved scalability and adaptability to multiple domains.

Supervised approach

Supervised learning is a big evolution in NER systems, as it relies on feature engineer-
ing. Basically, it means that it builds an annotated dataset upon which features to rep-
resent each data sample will be carefully extracted. The machine learning algorithms
then learn from these features the higher-level patterns and apply the learned methods
on unseen data, deciding which category or "bucket" a given record belongs to in terms
of classification tasks. Common supervised learning algorithms for NER include:

— Decision Trees: These are Prediction models which makes predictions by deriving a
simple set of decision rules from data features.

— Hidden Markov Models (HMM): A statistical model representing the probability
distribution of sequences, are commonly used for sequential data, e.g., text.

— Support Vector Machine (SVM): A very powerful classification algorithm that finds
the boundary separating the entity classes in a very high dimensional feature space.

— Conditional Random Fields (CRF): A probabilistic model for structured prediction
tasks such as identifying a sequence of entities in the text.

It is known that supervised NER systems, including those that use deep learning, re-
quire a large quantity of annotated data in order to be trained effectively. Meanwhile,
such annotation is both tedious and costly. For example, the cost of developing a high-
quality training dataset may run very high, depending on the complexity of the data and
the requirements for annotation. Given these challenges, unsupervised approaches of
Active Learning are proposed.

Unsupervised approach
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As mentioned before, the annotation of data for Named Entity Recognition (NER) is
quite resource-consuming on account of requirement of multi-stage pipelines and
highly trained annotators. Active learning provides a genuine solution within the ambit
of actively selecting the most informative data samples to be labelled. Where most su-
pervised learning approaches draw examples randomly and assign labels, active learn-
ing algorithms intelligently select the examples that should be labelled in a way that
maximizes the learning potential. The corner objective of active learning is to identify
that small subset of data containing the most information to be thus utilized in the la-
belling process so that there is a degree of cut down on the annotation work. The main
limitation of this approach lies in the determination of which data points bear the most
information, followed by ways of getting the active learner to know this beforehand
from existing knowledge.

Applications of NER

The significance of NER finds its way through a wide array of NLP tasks, strongly
transforming the methods through which textual data can be processed and knowledge
can be inferred. Within information extraction, the role of NER is integral since it fa-
cilitates the population of databases and knowledge graphs with structured information
abstracted from huge corpora of text [2][5][6]. In question answering, NER plays a vital
role by identifying key entities on which information is being requested by the user,
thus allowing for the provision of more precise and relevant answers [7]. In machine
translation, NER can help preserve meaning in the translated text, especially via its
often-complicated translation of named entities that may have very different character-
istics from a linguistic and cultural standpoint across various languages [2]. These ex-
amples represent only a small portion of the extensive potential applications of Named
Entity Recognition (NER), whose scope encompasses numerous fields such as text
summarization, sentiment analysis.

4 Linguistic Construction of Hindi and Arabic

4.1  Agglutinative Nature
Hindi

Morphology is a basic field of linguistics that studies how words can be organized in-
ternally and formed into various contexts and constructions. There are mainly two sub-
fields to it: derivational morphology, which is the process of forming new words by
means of prefixes and suffixes, and inflectional morphology, which works on the mod-
ifications of words in order to mark grammatical features like tense, number, or case.
Morphological analysis and generation are thus essential to Natural Language Pro-
cessing (NLP) task like NER. Morphological analysis refers to the process of breaking
a word into its root or stem and affixes. The core of a word is the basis for interpreting
the meaning of the word and its syntactic role in a sentence. Such analysis acquires
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further importance in languages like Hindi, where, like most Indo-Aryan languages, a
rich heritage of inflectional morphology exists to present many shades of meaning. The
complexity of such morphological systems implies their robust analysis is needed for
the proper deciphering and processing in this NLP domain itself.

Hindi has an abundant inflectional morphology especially in nouns, pronouns, and
adjectives. Suffixes will indicate case, gender, and number. Words are combined into
compound nouns. Such agglutinative nature results in numerous forms of a singular
lemma. For instance, the masculine noun 'horse' is written thus "ster' in direct singular,
while its oblique singular is '=te', and is mostly used together with post-positions to
denote other complements, as in 'H5ig #I' (dative singular). For plural forms, the equation
runs "=’ in direct case and '\t ' in oblique case. Hindi adjectives can be inflected as

well as uninflected. Uninflected adjectives stay unchanged before all nouns and in all
the circumstances, just as with English adjectives (e.g., &t 'beautiful'). All inflected
adjectives generally end in 's'(e.g., ‘=@, 'black’), and their inflection depends upon
gender and case of the noun they qualify (e.g., for the masculine noun ' =rer, 'black
horse', &t =E’, 'black horses'; or for the feminine noun in '&w=ft faeef', 'black cat', and
et faeeerdt, 'black cats'). The word ==’ (ghar, "house") may take different forms like
"eli" (ghard, "houses"-plural), "=x &" (ghar se, "from the house"), "= #" (ghar me, "in
the house"), and "=raren” (gharwala, "house owner" or "resident"). In NER, it means that
this system must be able to classify feweft' (dilli, "Delhi") and 'feeett &' (dillTt mé, "in

Delhi") [64] as referring to the same entities. Although almost all English nouns have
only 7 or 8 inflected forms, Hindi nouns can display as many as 40 or more distinct
inflected forms, which is suggestive of the rich inflectional morphology of Hindi.

Furthermore, derivational morphology refers to the processes by which new lexemes
are formed out of existing ones, mainly through the presentation of existing roots with
affixes. In most cases, along with the change in some degree of meaning, this process
tends to change the syntactic category of the word. In Hindi, for instance, "#" (ma) and

"Jq" (mera) develops into "=#0" (mamera) [64], putting a pronoun in the adjectival cat-
egory.

Arabic

Arabic has a very complex and fascinating morphological structure too that is non-
concatenative in nature and is built on roots and patterns. This highlights that a language
like Arabic revolves around a root that can take a lot of derived forms which makes
tasks such as NER extremely difficult. There are more through discussion examples
with reference later in this paper. Central to the idea of Arabic morphology is the idea
of root, which is most often tri-literal or sometimes quadrilateral geniuses of stem that
supposedly is able to retain the basic meaning of any stem built onto it. That root has
words with analogous sense formed by vowel and sometimes additional consonant slots
filled in as well. An example could be taken from “w-<-& (k-t-b) which transfers a
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basic idea of to write. When its base is established, one can then go ahead and build off
it by applying different patterns on its base:

— S (kataba): "He wrote" (verb, perfective aspect, active voice)

— & (kutiba): "It was written" (verb, perfective aspect, passive voice)
— ‘eﬁél(yaktubu): "He writes" (verb, imperfective aspect, active voice)
— & (yuktabu): "It is being written" (verb, imperfective aspect, passive voice)
— QU (kitab): "Book" (noun)

— (kutub): "Books" (noun, plural)

— 436 (kitaba): "Writing" (verbal noun/infinitive)

— <8 (katib): "Writer" (noun, active participle)

— s (maktiib): "Written" (adjective, passive participle)

— <4 (maktab): "Office/Desk" (noun)

— 4% (maktaba): "Library/Bookstore" (noun)

In addition to this, Arabic employs a system of extensive affixation using prefixes, suf-
fixes, and circumfixes that render alterations in meaning and/or to the grammatical
function of words. Clitics, such as prepositions and conjunctions can also be attached
to words. It doesn't end there. The combination of clitics with a morpheme has the rather
strange effect of rendering a simple concept into many convoluted forms. Some exam-
ples of these as clitics are: the definite article "JI" (al-, "the") that is affixed as a prefix
to nouns; for example, the word "S" (kitab, "book™") becomes "SI (al-kitab, "(the)
book"). Then, there are prepositions like "5" (bi-, "with/in"), "d" (li-, "to/for"), "c"
(min, "from"), and conjunctions like "s" (wa, "and") which may be clitics and attach to
words, as shown in Table 2:

— Sl (bil-kitabi): "With the book"
— Ol&Y (Til-katibi): "To the writer"
— gl 3'(wal-kitabu): "And the book"

Table 2. Case Makers examples in Hindi and Arabic

Case o Case .
oo | eI ek e
Hindi P bic p
NOMIN Void 9T AR & el t Ee went
ATIVE ot for =@ - Gondl 0 lfe?lar-
Usually
NN unmarked The boy
ERGATI ShATH | sl
VE 3 S, in the end- L8 4 bought a
ing, except pen.
for tanween
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in indefinite
nouns
N Al (] He gave
DATIVE s fm Jor | hel/ A5 | thepento
A A all, the boy.
ACCUA T 3 N iy Ram
SITIVE A beat him.
The
ABLATI SE . 8 LSl | book was
VE e forel T o Al JB e, written by
the boy.
] The stu-
LOCATI BRI B S | dent is in
VE 2 ? caall the class-
room.
INSTRU Sek Culeas | The girl
MENTAL e 3 R - il wrote with
the pen.

4.2  No Capitalization

Hindi

The Hindi language, comprised in the Devanagari script, has not adopted the practice
of capitalizing the letters of the first word in a sentence and proper nouns. This absence
deprives Hindi semiconductors of a valuable orthographic cue that NER systems usu-
ally depend on in English. For instance, in English, “Apple” (the company) is clearly
different from “apple” (the fruit) owing to capitalization. In Hindi scripts, both of them
are given similar pronunciation, and a script “&” (seb) will be used and the NER system

would have to depend on surrounding text to locate the location between them.

Arabic

In the case of Hindi, the Arabic language is also written without using capitalization
[65]. This implies that proper nouns, which usually comprise most of the named enti-
ties, are visually indistinguishable from other nouns as the first word of the sentence.
For example, the name “J&” (Khalid) and “<S” (kitab, meaning ‘book’) when used
do not differ in form on account of capitalization. The NER system has to deduce the
kind of entity from other linguistic features and contextual methods.

4.3  Spelling Variants
Hindi
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Hindi has its characters altered as a result of dialects, colloquial or even different ac-
cepted pronunciations of Hindi words. As an instance, for the word ‘World,” it could
be written in different forms, including “gf=r” (duniya) and “sfrar” (diinTya). Such vari-
ation necessitates an adequate level of strength within the NER system. There is a need
for the NER system to be able to distinguish between the two spelling variants as vari-
ants that refer to the same entity. So does “F=8” (mumbai), or “&=%” (bambahi) — both
are used for Mumbai.

The body of Hindi writing and spelling data resources relies largely on the guidelines
provided by the Government of India on Standard Modern Hindi. On the other hand,
there are various standardised and legible variants that are used by non-Indian speakers
of Hindi around the world. While there is a formal system of romanisation of Hindi
language, its speakers are rather loose in informal romanisation. This use is largely of
a phonetic character in view of the various regional accents seen in India.

— gt (worship) — Puja, Poojae, Pujaa, Puuja

— & (doing) — Kartha, Karta, Kaarta, Kaerta, Kearta

— g (dost, "friend") — Dost, Doste, Doost, Doust, Daust

— @R (pyar, "love") — Pyar, Pyaar, Piar, Peyar, Pyaer

— 3mefiy (blessings) — Ashish, Ashheesh, Asheesh, Ashhish, Aashish
— T (traveller) — Raahi, Rahi, Rahee, Raahee

This level of orthographic inconsistency raises problems for NER.

Arabic

Arabic does not only possess regional dialects but actually a different spelling execu-
tion of terms and in some cases, there is an attached sound but there are no diacritics
on the spelling. For instance, the name “4 x> (‘Abd Allah) is spelled differently across
the world, see Table 3. Varied pronunciations such as these pose a threat especially
when Arabic words or names are written in other languages due to the impact a dialect
can have over the word. This creates problems for NER, where different spellings ought
to belong to one entity. Muhammad could also have a different pronunciation where
two vowels are differently used or a shadda is placed above it in the Arabic language
“dese” (Muhammad).

Table 3. Spelling Variants examples in Hindi and Arabic.

Hindi Word Hindi Variants Arabic Word A.r abic
Variants
. lxiia
feeeft (Delhi) foeett, Teeft, focdt slaia (Sanaa) R
. AT, SIS, WIKAT, W, . . gl gl
wd (India) - 2!l (India) L gl
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Tt (Mumbai) i, s, e, e &+ (Dubai) v
< S |
e I ) s

4.4 Lack of Resources
Hindi

Even if the scenario is changing, Hindi still lacks in terms of number of large annotated
high-quality corpora that are specifically suited for NER. Such a situation is inter-
spersed with difficulty in developing robust machine learning models. This situation is
made worse when annotation is lapses in basic standards.

Sometimes researchers have to use smaller corpora or use approaches such as transfer
learning or unsupervised approaches. There have been attempts to develop datasets
such as FIRE shared tasks plus the IIIT-H Hindi NER corpus, but the need is great for
more such resources.

Arabic

Like Hindi, Arabic NER studies are also affected by a lack of large sized or well-anno-
tated corpuses. There are some resources that are present such as the ANERCorp but
these tend to be fewer in number and may not be comprehensive enough to include all
needed types or areas of entities as compared to the resources for English. This was
however an impetus for creating methods that can be learned with lesser data or utilised
using multilingual information.

4.5 No Short Vowels

Hindi

Hindi's Devanagari has markings for vowels (matras) but it should be noted that short
vowels assuming a seat in consonant letters do not require any ‘matra’ to change that.
This is not exactly the case with Arabic languages as diacritics are completely absent
at times and less endowed with too few regards. Nevertheless, short vowels in Hindi
would be also problematic with regard to disambiguation even in case where one would
like to make use of more words type or named entities but not frequently. An instance
is the word “&a” (kal) which could mean yesterday if some vowel sounds were to be

envisaged or a machine part.

Arabic
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In contemporary Arabic writings, short vowels including diacritical markers which are
requisite for orthography as well as unambiguous representation are frequently ignored.
Consequentially, this creates a bad effect in overall clarity since one form in writing
can represent several meanings. E.g. The word "ale" (‘Im) could means, without dia-
critics, ‘flag’, ‘science’ and ‘he knew’ depending on the consonants used. This ambi-
guity is difficult for Arabic NER for the system has to predict the correct meaning and
the right kind of entity that the context refers to.

5 Discussion

This comparative analysis of linguistic issues in developing NER systems for Hindi and
Arabic reveals both a number of commonalities and one or two very striking differences
in the obstacles faced by NER in these morphologically rich and typologically diverse
languages.

5.1 Commonalities in Hindi and Arabic:

Hindi and Arabic are characterized as very challenging for NER because they share
similar features of complex morphological systems, lack of capitalization, abundant
spelling variations, and an overall lack of large-scale, annotated corpora.

e Morphological Challenges: The rich morphology of both languages, albeit through
different mechanisms, poses one of the primary challenges. In Hindi, agglutinative
systems and Arabic follow the root-and-pattern method, which leads to unequal in-
flected forms from a single lemma. Therefore, it will be an arduous task for the NER
systems to successfully identify and map these various surface forms into one un-
derlying entity since sometimes the inflectional paradigms may overlap. Thus, mor-
phological analysis of advanced nature is required in order to sufficiently understand
the language intricacies possessed by different language systems.

o Absence of Capitalization: The absence of capitalization as an orthographic
cue in Devanagari and Arabic scripts is simply put. Considering the lack of this
orthographical clue in Hindi and Arabic, the NER-referenced system will have
to baseits proper noun identification totally on contextual and lexical features.
This finding is in accord with other such findings where their performance in other
not to mention Chinese poses many challenges.

e Spelling Variations: Variability is a challenge that each language has to deal
with. Whether differences in dialect, verbosity in transcription, or a result of Ar-
abic language constraints in dropping diacritics are to blame, variations will
continue. Dispel this ambiguity; hence, different surface forms willnow map to
a canonical entity representation. For instance, multiple surface forms for

"Delhi" in Hindi are cnucok nmen (iavél, aaaﬁl, iavg ) or "Dubai" in Arabic ( ,?

.(2 .1 There are some advances at the level of models which have emerged
as a viable solution in the recent past, taking character-based neural models
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that have attempted to reduce this difficulty by considering the subword struc-
ture.

e Resource Scarcity: Hindi and Arabic have relatively fewer large-scale collec-
tions of well-annotated corpora - as compared to resource-rich languages
such as English. This limits the extent of development and thus an evaluation
for data-hungry machine learning models. While resources such as the Arabic
Named Entity Corpus (ANERCorp) and the IlIT-H Hindi NER corpus have seen
some light, to this day, they aren't sufficient: the small size and scope warrant
the applications of semi-supervised, unsupervised, and transfer learning tech-
niques to appropriately exploit unlabelled data that might be in hand, or derive
transferable knowledge from resource-rich languages.

5.2  Differences in Linguistic Features

The similarities notwithstanding, a deeper probe unveils significant differences be-
tween Hindi and Arabic NERs in the particulars of their linguistic challenges:

e Morphological Operations: While Hindi is an agglutinative language, indulging in
suffixation and compounding, Arabic follows a morphological system based on a
root-and-pattern model, characterized by non-concatenative forms. The nature of
Arabic morphology is considerably more complex, given the vast array of methods
through which a single root can interact with prefixes, suffixes, infixes, and internal
vowel patterning. Such contrasts warrant varying approaches to their computational
treatment, namely that Arabic NER often draws on elaborate morphological analys-
ers like the MADAMIRA toolkit, while Hindi NER leans toward stemmers and suf-
fix stripping.

e Short Vowels and Diacritics: The frequent omission of short vowels (diacritics) in
modern Arabic texts adds to the already great level of ambiguity as compared to
Hindi. While Hindi's Devanagari script has inherent short vowels in consonant let-
ters, in Arabic, this results in many-to-one correspondence between written forms
and their possible pronunciations and meanings; thus, Arabic NER involves ad-
vanced context-driven ambiguity resolution methods. Recent studies concerning the
integration of diacritization models into Arabic NER pipelines report some encour-
aging results.

e Word Order: Hindi's relatively flexible SOV word order, whereas Arabic relies more
on the VSO word order (though still varies), leads to differing challenges in inter-
preting syntactic relations and establishing entity boundaries. This difference would
impact the design of features dependent on word order and syntax dependencies.
Dependency parsing information was beneficial for Hindi NER, whereas for Arabic
NER, it depended more on establishing verb-subject-object patterns.

o Challenges Specific to the Script: The Devanagari and Arabic scripts present their
challenges in dealing with issues involved with character representation, tokeniza-
tion, and script-specific features like conjunct consonants in Hindi and connected
letter forms in Arabic. This results in specific approaches to the problems requiring
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some preprocessing along with maximizing the overview of tokenization and nor-
malization processes particular to each script.

6 Conclusion and Future Directions

In summary, while Hindi and Arabic present serious challenges to a NER system, given
their complicated natures, those challenges are different in quite a considerable number
of aspects. While they share some similarities-like the lacking capitalization and mor-
phological richness-the particularities in Arabic root-and-pattern morphology, omni-
presence of ambiguity due to missing diacritics, and the variations in syntactic struc-
tures necessitate different techniques and language resources.

Future research would include:

e Development of even finer morphological analysers and disambiguation processes
to accommodate the specific challenges for these languages in the future, especially
Arabic with complex morphology and diacritic representations.

e Creation of larger and more comprehensive annotated corpora for Hindi and Arabic
NER that can help in building and evaluation of data-driven models.

o Testing out the effectiveness of cross-lingual transfer learning that can make use of
resources from the resource-rich languages and thus make up for the lack of data to
Hindi and Arabic.

o Investigation into the new neural architectures like transformers and pre-trained lan-
guage models to tackle the tricky nature of these languages.

e Creating robust strategies for spelling variations, linking slip forms, and enabling
canonical entity representations.

This ought, in sum, to lay the foundation for a more accurate and robust NER system
for Hindi and Arabic, thereby establishing a way for the progression of NLP applica-
tions in those languages and providing value for their large speakers' community in
these languages. This research highlights the critical need for investment in language-
specific NLP R&D, particularly for lesser-resourced languages. People from develop-
ing countries paid on an unprecedented scale to bridge the digital divide and generated
potential for language technologies that everyone could enjoy.
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