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Natural language processing (NLP) techniques have transformed a number of tasks in the
modern age of information explosion where millions of gigabytes of data are generated every day.
Despite achieving state-of-the-art performance in high-resource languages, current techniques
struggle with processing under-resourced languages which are characterized by data scarcity,
linguistic diversity, computational limitations, ambiguity of language syntax and semantics.
In this paper, we first introduce domains of application of NLP techniques, the limitations of
current approaches and our contribution. Second, we investigate the progress and challenges
that hinder NLP techniques from being equitable and useful to under-resourced languages. We
then discuss opportunities for developing more inclusive NLP techniques that allow everybody,
everywhere – rich or poor – to access all the advantages of advanced language technologies
and at the same time preserve global linguistic diversity.

1. Introduction

Natural language processing (NLP) stands halfway between com-
puter science computational linguistics, and it is dedicated to the
conversion of written and spoken natural human languages into
structured mineable data. Through the combination of linguistic,
statistical and artificial intelligence (AI) methods NLP can be used
either to determine the meaning of a text or even to produce a human-
like response. In recent decades, rapid development in NLP has
resulted in great performance breakthroughs in various domains in-
cluding healthcare, education, finance, e-commerce, etc. Although
NLP techniques have advanced from rule based methods to deep
learning based transformer models, NLP has opened new frontiers
to understand, generate, or even translate human language more
accurately and more efficiently [1].

NLP is already part of our everyday life as it is widely imple-
mented in our computer software or in our mobile phones [2]. Other
areas of application include medical diagnostics as well as personal
healthcare [3]. For example, a recent work showed how AI ac-
celerated multiomics integration to enable predictive modeling of
disease [4]. Other NLP-powered question answering systems have
also been developed for improving medical research including in
hepatocellular carcinoma [5]. The applications provided by these
applications demonstrate uses of NLP to obtain actionable insights
from unstructured clinical data.

NLP and AI integration is the new trend in the education sector,
making content delivery and accessibility easy and improved [6]. In
[7], the authors used NLP to study its role in text summarization,
sentiment analysis, and domain-specific keyword extraction. For
instance, transformer-based models such as Baichuan2 Sum have
been trained for dialogue summarization and have improved inter-
action in the educational settings [8]. NLP techniques have also
taken advantage of the financial domain, specifically in regards to
analysing consumer reviews and predicting market trends [9]. Other
authors [10] deployed NLP to refine consumer insights by attribute
embedding to create hierarchical representation of product reviews.
In addition, NLP is employed to boost the cybersecurity resilience
of financial systems by capturing the nature of fraudulent patterns
and thwarting threats [11].

Yet, NLP still has a long way to go. One of the challenges ex-
perienced by current techniques when processing under-resourced
languages is the data scarcity problem which is a small dearth of
large high quality datasets [1]. Advanced techniques based on deep
learning models, also referred to as ’black boxes’, are nonetheless
uninterpretable, posing a danger in sensitive applications [12]. Ex-
plainable AI (XAI) and retrieval augmented text generation [13]
have been proposed as techniques towards ethical deployment of
NLP systems. This paper explores the limitations of current tech-
niques when processing under-resourced languages and presents
opportunities for developing more inclusive NLP techniques that
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allow everybody, everywhere – rich or poor – to access all the ad-
vantages of advanced language technologies and at the same time
preserve global linguistic diversity.

We make the following contributions:

1. A review of NLP processing techniques for under-resourced
languages is presented.

2. We probe challenges and open problems experienced by state-
of-the are techniques.

3. We highlight main challenges and future research directions
for processing under-resourced languages.

The rest of the paper is organized as follows. We present the
cause of the problems, challenges and related work in Section 2.
Section 3 outlines some of the approaches that have been developed
to address the challenges, their limitations and proposed solutions.
Section 4 provides an analysis of existing models, lingering gaps
and several promising directions for making NLP more usable for
under-resourced languages. Finally, conclusions and future work
are presented in Section 5.

2. Background

In recent years NLP has made significant progress due to the avail-
ability of large scale data and computational power. However, these
breakthroughs have disproportionately helped languages with rich
linguistic resources which are referred to as well-resourced lan-
guages [14]. On the other hand, NLP suffers under serious a short-
age of resources for under resourced languages, and this is why a
large portion of the world’s languages are challenged in NLP. What
causes these challenges lies in the fact that such data are scarce, they
are difficult to handle, and the existing NLP systems suffer from
biases. Solving these challenges is at the core of powering NLP
technologies for a broader range of languages, the use of which
spans marginalized communities [15]. This section expounds on
some of these challenges.

2.1. Data scarcity

Scarcity of large annotated corpora is one of the main issues in ac-
quiring NLP tools for under-resourced languages. Ranathunga et al.,
2022 [14] established that many NLP models require large amounts
of annotated data to learn language patterns, semantic relationships,
and syntactic structures. Such corpora are readily available for well-
resourced languages such as English, Spanish and Chinese, through
public datasets, digital content, and linguistic resources.

However, the data needed for training high performance models
are not available for the under-resourced languages such as Sheng
which are mostly found in developing countries [7]. Furthermore, in
many of these communities, the under-resourced languages are spo-
ken and the technology infrastructure necessary to generate digital
content is not in place [16]. The result of this is that these languages
are not well represented with the limited data available in digital
platforms.

2.2. Language complexity

High levels of morphological richness, syntactic diversity are char-
acteristic of under-resourced languages, rendering them difficult
to represent in NLP systems. As an example, agglutinative lan-
guages like Turkish or Finnish requires models to deal with intricate
morphological structures that have built up large amounts of gram-
matical encoding in the form of prefixes and suffixes [4]. Like
Sheng, especially ergative-absolutive languages, they present syn-
tactic puzzles that are not present in well-resourced languages.

2.3. Multiplicity of languages

Added to the complexity described in Section 2.2 is the fact that
many under-resourced languages are in multiple dialects or oral
traditions with no formal orthography [12]. Tokenization, lemma-
tization, and other preprocessing tasks become that much more
difficult in the face of these factors when applied to under-resourced
languages.

2.4. Bias

Another important challenge with NLP systems in under-resourced
languages is bias. The ability of models trained on datasets for
linguistically diverse languages to generalize to languages where
resources are scarce has been shown to fail by providing erroneous
translations or sentiment analyses [11]. For example, cultural nu-
ances as well as idiomatic expressions that are native to under-
resourced languages are often misrepresented or completely ignored
[5].

Such biases create digital inequalities further while they lead to
inaccuracies. For instance, machine translation systems can output
suboptimal outputs for the under-resourced languages, widening the
digital divide in which speakers of such languages will be excluded
from benefits of the NLP driven technologies [1]. As a way to add
another way to marginalize communities, this will also allow the
erosion of linguistic diversity in the digital space.

3. Existing approaches

To address these gaps identified in Section 2, innovative strategies,
including, for example, transfer learning, multilingual pretraining,
and architectures designed for low resource languages are needed.
Further democratization of NLP for under-resourced languages can
be achieved through collaborative efforts in creating open source
datasets, crowd-sourced linguistic resources or efficient fine tuning
methods. We present some of the techniques in this section.

3.1. Wordnets

WordNets are a core resource and fundamental enabler for machines
to acquire word meaning and meaning relationship [17]. Word-
net is a lexical database that groups words in sets of synonyms,
or synsets, along with semantic relationships between these sets,
like hyponymy (a general term and a less general one) meronymy
(one part of another), and antonymy (opposites). To some extent,
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Wordnets became an ontology understood as a collection of seman-
tically reduced hierarchies and associations necessary for several
NLP tasks [18].

WordNets are at their core structured representations of the lin-
guistic knowledge, scalable meaning of words, and their relationship
to each other. The English WordNet is the most widely known and
used WordNet which was instrumental for a variety of NLP tasks
like word sense disambiguation (WSD), semantic parsing, and ma-
chine translation 1 [19]. Applications, including question answering
and search, automatic summarization, need WordNets these map
words to synsets and provide semantic relation that make language
processing easier [1].

It has been challenging but promising effort to extend WordNets
to other languages, especially to cover under-resourced languages.
With projects such as the Universal Wordnet, the goal is to create
multilingual Wordnets so as to facilitate cross-lingual NLP tasks,
e.g. translation alignment, and semantic equivalence mapping [20].
This development provides the possibility of having Wordnets that
facilitate linguistic diversity in NLP.

Through community driven initiatives, Global Wordnet Asso-
ciation [21] has acted as an important force behind Wordnet devel-
opment for under-resourced languages. For example, the Indian
Wordnet project has developed lexical databases for lesser used
regional Indian languages for the country’s linguistically diverse
population [22].

3.1.1. Limitations

While Wordnets are important for processing under-resourced lan-
guages, Wordnets have limitations. A major problem is lack of
domain specific vocabulary [23]. Wordnets are able to cover the
generality most comprehensively, however, specialized entries for
field-specific terms (medicine, engineering, or law) are typically
absent [24]. The performance of NLP systems in domain-specific
tasks, i.e., clinical text analysis, or legal document review, is im-
paired by this deficiency [25].

Furthermore, building Wordnets for morphologically complex
languages such as Sheng, Finnish or Turkish continues to be a hard
problem. With rich inflectional morphology, and with a large num-
ber of word forms derived from a single root, Wordnets for these
languages require extensive linguistic resources and expertise [26].
This makes matters even more difficult when orthography, or even
dialectal variations complicate the task, particularly in languages
whose traditions are oral or, if written, are written by several scripts
[27].

One other limitation of Wordnets is multilinguality. Although
the Universal Wordnet is an effort to unify Wordnets across lan-
guages, many languages are under-resourced, and thus have no
corresponding resources. However, when multilingual Wordnets are
present, they are likely not to be perfectly aligned and this could
limit its efficiency in crosslingual NLP applications [28].

3.1.2. Future direction

Given the semantic nature of many NLP tasks, Wordnets continue
to be one of the most valuable tools for furthering NLP, both in

problems of semantic parsing, word sense disambiguation, and
multilingual translation. But, gaps in coverage, domain specific vo-
cabulary, and linguistic complexities [29] prevent their development
for under resource languages. The gaps will need to be addressed
with a focus on creating a complete, multi-lingual, and domain
specific WordNets to enable the development of more inclusive and
effective NLP applications.

3.2. Contextualized models

With contextualized word representations such as Bidirectional En-
coder Representations from Transformers (BERT) and Embeddings
from Language Models (ELMo), NLP has been revolutionized to
capture word meaning dynamically based on their context of use.
In contrast to static word embeddings such as Word2vec or GloVe
where the same vector is attributed to each word, regardless of the
context, the contextualized models modify word representations
depending on their context [18]. Thus they are able to cope with
polysemy, for example, ‘bank’ as a financial institution, a riverbank,
‘bank’ as a verb thereby greatly improving performance in tasks
ranging from machine translation, sentiment analysis, named entity
recognition, text generation, and document classification [1].

The models are trained over large scale language corpora to pick
the word probability within a defined context. For example, BERT
with a bidirectional transformer architecture, ELMo with a long
short term memory (LSTM) bidirectional network [30].

3.2.1. Limitations

Contextualized models have been shown to perform better than tradi-
tional techniques in disambiguating terms and inflected forms found
in morphologically rich languages [31]. Although contextualized
models are successful in well resourced languages, they suffer from
the problem of data scarcity. These models require massive pre-
training on massive corpora of annotated data, which are generously
available in well-resource languages but lacking in under-resourced
languages [5]. Due to this limitation, contextualized models trained
on multilingual datasets (e.g., mBERT or XLM-R) under represent
under-resourced languages, and so perform poorly in a number of
NLP tasks including named entity recognition and machine transla-
tion.

Furthermore, under-resourced languages are also characterized
by language diversity. Many of these languages are highly morpho-
logically complex such that a single word can be used in many forms
according to the grammatical rules of the languages concerned. For
example, Sheng and Turkish languages are agglutinative and have
long inflected words; BERT and ELMo have problems generalizing
well [32]. In the absence of formalized orthographies or standard
spellings in under-resourced languages, the noisy and inconsistent
data pose processing challenges to the contextualized models.

Like other contextualized models, training models for under-
resourced languages consumes a lot of computational resources and
high end GPUs or TPUs are not readily available to most researchers
working on these languages. Moreover, the success of multilingual
models is dependent on high resources languages dominating the
training corpus of multilingual models, which limits their ability

1https://wordnet.princeton.edu/publications
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to represent linguistic features of under-resourced languages 2 [33].
This is because low resource languages in multilingual models have
sparse, low quality representations, and thus biased resulting in
incomplete outputs on NLP tasks such as sentiment analysis or text
classification.

A third critical issue is the quality of the textual data used for
training. Since digital content for under-resourced languages is
often informal, with non-standard spellings, or too poor in linguistic
richness to train high performing models [34]. As a result, it is diffi-
cult for contextualized models to learn precise syntax and semantics
in such smaller or under-resourced language communities [20].

3.2.2. Future direction

Future work could explore utilizing techniques such as transfer
learning, cross-linguistic modeling and low resource training strate-
gies. Lightweight models optimized for resource-limited settings
could also make NLP advancements more widely available to under-
resourced languages democratizing access to them and increasing
the field’s inclusivity. As more innovation and more collaboration
continue, these contextualized models can become more inclusive,
and can bridge the gap between well-resourced and under-resourced
languages thereby unleashing the promise of those languages repre-
senting the linguistic diversity of the world.

3.3. Pre-trained language models (PLMs)

Modern NLP has taken a trajectory, wherein PLMs, including GPT
(Generative Pre-trained Transformer), are a crucial part of the land-
scape. PLMs, like their predecessors, make use of a great deal of
text corpora to predict masked words or the next word in a sequence
with unsupervised learning, capturing syntactic, semantic, and con-
textual information [35]. In many applications such as sentiment
analysis, machine translation, named entity recognition, and text
summarization, this ability to generalize across diverse NLP tasks
with minimal fine tuning has proven enormously valuable. PLMs
have also shown excellent performance for high resource languages
such as English and Chinese and have set new benchmarks, allow-
ing the removal of extensive task specific feature engineering [36].
BERT and GPT are trained on billions of tokens, and thus are able
to capture complex language pattern and perform intricate tasks at a
mindblowing accuracy [1].

3.3.1. Limitations

Two major challenges inherent in the PLMs limit their effectiveness
in under-resourced languages. The lack of large scale annotated
datasets required for effective pretraining is one primary issue. For
under-resourced and under-represented languages, the digital pres-
ence to build extensive corpora is missing such that PLMs cannot
capture their diversity [33].

The morphological and syntactic complexity of many under-
resourced languages makes them very challenging for PLMs. There
is great morphological complexity in agglutinative languages like
Sheng and polysynthetic languages like Inuktitut, making it difficult
for PLMs to generalize with great magnitude [37]. Added to that,

there exists no formalized orthographies and inconsistent textual
data, rendering it difficult to align language sounds to continuous
pitch patterns [38].

Additionally, due to the large proportion of high resource lan-
guages in the training dataset, biases are introduced into the features
of these under resourced languages which lack idiomatic expres-
sions and grammatical structures [39]. Pretraining and fine tuning
PLMs are also computationally resource intensive which prevents
their use with under-resourced languages. But training models such
as BERT or GPT from scratch requires enormous computational
power which is not available to researchers in resource constrained
environment. When textual data is available, however, while it
could be of sufficient quality, its diversity or even its very existence
can render PLMs unable to effectively represent it, with informal
content and non-standard spellings entering to influence its accuracy
[40].

3.3.2. Future direction

To overcome these limitations, there is need for cross-lingual trans-
fer learning, multilingual alignment, and low resource pretraining
techniques. Likewise, improving applicability of PLMs to under-
resourced languages involves creating open source linguistic re-
sources and lightweight models that are sensitive to resource con-
straints. Further work with continued innovation and collaboration
has the potential to make PLMs more inclusive for representing and
processing linguistic diversity of the world [41].

3.4. Large language models (LLMs)

LLMs are trained on massive datasets from books, articles, web
content and can generate coherent, contextually relevant text; lan-
guage translation; summary; answering complex questions [40].
But what enables these models to be so large on the scale of billions
or trillions of parameters is exactly their ability to model nuanced
language patterns, generate poetry or fluent descriptions for an
unimaginable number of images, or to emit contextually aware text.
Generative NLP with LLMs such as GPT-3 has established new
standards, ranging from creative writing to technical application,
writing essays, programming code production and conversational
simulating. Overall LLMs ability to generalize across many diverse
tasks is attributed in part to the fact that they have been pre-trained
on massive and diverse datasets [42].

3.4.1. Limitations

However, LLMs are powerful but have some issues to overcome
when used in under-resourced languages. The scarcity of train-
ing data is probably the main limitation. This is especially true
since these models need enormous datasets for pre-training, but
under resourced languages by definition lack enough digital repre-
sentation for building such datasets [43]. Multilingual models like
GPT-3 frequently exhibit biases towards high resource languages
leaving under-resourced languages poorly represented, with poor
performance. For these languages, existing tasks such as machine

2https://www.gsma.com/get-involved/gsma-foundry/theme/artificial-intelligence/addressing-the-ai-language-gap-with-bscs-aina-challenge/
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translation, sentiment analysis and question answering are hampered
by this imbalance [44].

In addition, LLMs are ill-equipped to address particularly diffi-
cult linguistic challenges posed by under-resourced languages. A
large number of these languages have morphologically complex
structures, deviant syntax, or have no established written form. For
a specific example, African and Indigenous languages are typically
primarily oral and have insufficient written representation to form
LLM training data.

Training LLM models require extensive hardware infrastructure
which are typically not only unavailable, but disproportionately
costly in disenfranchised language regions. This limitation keeps
researchers and developers in these areas from training or adapting
LLMs for their particular linguistic needs. When some training data
is available, its quality is very low because it include informal con-
tent, nonstandard spelling, and sparse domain diversity that severely
degrades LLMs’ ability to encode it accurately [45].

3.4.2. Future direction

Besides the strategies in Section 3.3.2, there is need for concerted
effort towards creating well developed datasets for under-resourced
languages [46]. More importantly, lightweight models optimized for
resource constrained environments may make LLMs more inclusive
and accessible. These efforts, with consistent research and collabo-
ration, can allow LLMs to represent the linguistic diversity of the
world more effectively, at the intersection between high-resource
and under-resource languages [47].

However, as pointed out by techniques such as transfer learning,
which improve by adapting beforehand knowledge from high to low
resource languages, the underlying bias in pre-trained data most
frequently limits how much they help and distort performance, even
after fine tuning [48].

4. Towards a more inclusive and accessible NLP mod-
els

Section 2 and Section 3 summarize the constraints of existing mod-
els and techniques due to a number factors including data scarcity,
linguistic diversity and computational resources. We attempt in
this section to provide a unified view on how do develop models
for under-resourced languages in the face of challenges and limita-
tions highlighted above. Whereas well-resourced languages boast
rich annotated datasets that enable effective training of high perfor-
mance NLP models, under-resourced languages do not. Its scarcity
makes it difficult to develop reliable models that account for the
particularism in these languages’ features, such as their dense mor-
phological structures, dense syntax, and distinctive phonology. This
deep dictionary of language, combined with the linguistic complexi-
ties, makes these limitations acute in light of conventional models
which are typically trained on more simple language structures [49].

Another major issue is bias in NLP models, predominantly
trained on high resource languages. Often models such as Word-
Nets, contextualized models, and large pre trained language models
(PLMs)) fail to capture the specifics of under-resourced languages.
WordNets offer useful semantic relationships for word sense dis-
ambiguation, and the presence of semantics is often desirable for

language pairs with difficult morphological rules, but they often
lack domain specific coverage and vocabulary. Like contextualized
models, BERT and its ilk, PLMs too, struggle with under-resourced
languages because of lack of training data, and while PLMs have
advanced capabilities, they are limited by the biases in the datasets
on which they were pretrained. Even the most recent progress in
NLP, large language models like GPT-3, face as big of a challenge.
These models depend on large data sets and high computational re-
quirements, which makes them infeasible for many under-resourced
language communities, leading to their inability to perform well on
these languages [5].

Though progress has not been without comparison, the analysis
of existing models points out lingering gaps. By creating structured
lexical databases, Wordnets have served as a foundational support
for a number of NLP tasks, yet they are constrained by sparse lex-
ical relations and often lack domain specific vocabulary. Models
with word context were contextualized thanks to their capacity to
handle word context in a dynamic way, leading to a breakthrough
in NLP tasks. But they depend heavily on tremendous amounts
of data, and languages like these are typically under resourced.
However, state of the art results have been achieved in many tasks
using PLMs like GPT and its multilingual variants (e.g. mBERT,
XLM R). However, the performance of such models is still biased
as they are trained on datasets imbalance, i.e. they are trained on
datasets where the languages with higher resources greatly outnum-
bers under-resourced language. Although powerful and capable of
executing a variety of tasks, LLMs still struggle with resolving the
intricacies of under-resourced languages comprising peculiar syntax
as well as morphology due to limited computational resources in
the quite resourced settings [20].

Even in the face of these challenges, several promising direc-
tions for making NLP more usable for under resourced languages
remain. Transfer learning is rapidly becoming a major solution to
help models leverage knowledge from high resource languages and
generalize to low resource ones. Multilingual pretraining reduces
bias by improving the representation of under-resourced languages
and could be achieved by first doing pretraining on more diverse
linguistic data during the training phase. New neural architectures
for the morphological and non-standard syntax of these languages
can also help to tackle their structural challenges. Less labeled
data also presents the opportunity for the advancement of NLP for
under-resourced languages through the use of unsupervised and self
supervised learning [50]. Data scarcity problems can be greatly
alleviated through collaborative effort like crowd-sourcing linguistic
data and building open source resources. Theis will democratize
access to NLP tools by creating lexicons, Wordnets and annotated
corpora for under-resourced languages, producing high quality, di-
verse datasets involving native speakers, linguists, and data scien-
tists. Lastly, strategies could be improved for fine-tuning on small
datasets such as few shot learning and data augmentation, in order
to bridge the performance gap and make use of small datasets [51].

To push NLP further towards inclusivity and fairness, challenges
with these macro factors have to be addressed via creative strate-
gies and community building, such that under resourced languages
thrive along with the technological progress and linguistic diversity
is retained.
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5. Conclusion

We reviewed state of the art techniques in natural language pro-
cessing while pointing out challenges in under-resourced languages.
NLP boosted by Wordnets, contextualized models and other large
pre-trained models has dramatically changed NLP tasks. Never-
theless, these advancements have been to the detriment of under-
resourced languages which continue to suffer from data scarcity,
linguistic diversity, and model pretraining bias. To address these
challenges, we propose in this paper the use of unsupervised learn-
ing techniques, cross-lingual transfer learning, and open source
datasets to under resourced languages. In addition, large scale lan-
guage models can be combined into multilingual systems to achieve
a more inclusive and representative models. These advances present
a way to bridge the gap, so that under-resourced languages can take
advantage of the ongoing pace of progress in the NLP arena.

As research in NLP progresses, it is critical that techniques are
developed that emphasizes on linguistic diversity and inclusivity.
Through a push for collaborative work between researchers, devel-
opers and policymakers, we believe there is possibility of building
a future where all languages are fairly represented by technology
and as a result, technology works for all communities and protects
linguistic and language heritage.
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