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Abstract: In this paper, we investigate how sophisticated Natural Language Processing (NLP) tools can be used to enhance
Automatic Speech Recognition(ASR) systems for low-resource languages. Working to counter the difficulties arising from
limited annotated speech data, we explore NLP methods like data augmentation through adaptors and multilingual modelling
to boost ASR. This paper decomposes the mechanisms with which these techniques substantially boost recognition accuracy,
especially in low-resource conditions. We show that linguistic patterns, phonetic knowledge and contextual information can
bridge the gap in data by employing unsupervised as well as semi-supervised learning techniques. Experimental results on
multiple low resource languages demonstrate a significant improvement in terms of word error rate (WER) reduction using
these NLP techniques which motivates the utility of such approaches to improve access and accuracy for under-researched
linguistic communities. The research lays the groundwork for second- and third-tier ASR development in under-resourced
areas. Experimental evaluations across multiple low-resource languages highlight significant reductions in Word Error Rate
(WER), validating the utility and scalability of these approaches. These findings underscore the transformative potential of
combining NLP innovations with ASR systems to improve inclusivity and accessibility for under-researched linguistic
communities. This research establishes a foundational framework for the development of ASR systems that empower
linguistically underserved populations, paving the way for greater linguistic equity and preservation in global communication
technologies.
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1. Introduction functional ASR systems for low-resource languages.

There is a demand for automatic speech recognition
(ASR) systems in practically all spheres of life,
including virtual assistants, transcription services
and accessibility aids; hence the substantial
advances made. Despite all this, ASR systems are
still doing good in rich resourced languages such as
English/Chinese/Spanish but their performance
remained challenging on low resource languages.
Low-resource languages are mainly characterized
by lack of training data such as transcribed speech
corpora, phonetic lexicons, and linguistic resources.
Such a dearth of data severely impedes the ability to
build ASR systems that are accurate and reliable,
creating an accessibility barrier for millions of
speakers without access to speech models in their
language. Therefore, addressing these problems will
be an important step toward global inclusivity in
communication technologies[1].

The absence of sufficient well-annotated speech
data is one of the main challenges in developing
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Deep learning models can be trained effectively
because high-resource languages have large datasets
thousands of hours or more of transcribed audio. In
comparison, low-resource languages generally have
very few such resources or none at all making it hard
to train models that could generalize well in the real
world. In addition, for many low-resource languages
there is no standardized orthography which also
complicates the transcription process[2]. Making
this even more difficult is that the speakers of many
low-resource languages are found in remote areas,
where digital technologies can be hard to access and
making linguistic data scarce. Low-resource
languages are often characterized by a lack of
standardized orthography, limited digital presence,
and geographical isolation of their speakers, which
compounds the difficulty of collecting and
annotating speech data. In many cases, speakers of
these languages reside in remote areas with limited
technological infrastructure, making the collection
of high-quality linguistic data even more
challenging. These constraints not only hinder the
training of ASR models but also exacerbate the
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disparity in technological access between
communities speaking high-resource and low-
resource languages.

Addressing these challenges is crucial to advancing
global inclusivity in communication technologies.
While deep learning models have proven highly
effective for ASR tasks in high-resource languages
due to the availability of extensive labeled datasets,
their application to low-resource languages requires
innovative solutions. This research focuses on
leveraging Natural Language Processing (NLP)
techniques to overcome these obstacles. By
exploring methods such as data augmentation,
transfer learning, semi-supervised learning, and
multilingual modeling, we aim to enhance the
robustness and accuracy of ASR systems for low-
resource languages.

In addition to these techniques, unsupervised and
semi-supervised learning methods also have more
importance in low-resource ASR research. These
techniques enable training of models on
automatically generated transcriptions or partially
available transcripts with undesired properties by
exploiting massive amounts of unlabelled speech
data likely present in any low-resource context. Self-
supervised learning methods can extract relevant
features from speech without relying on large
amounts of annotation, making ASR models more
applicable to  low-resource  scenarios[3][4].
Additionally, you may also enrich ASR models with
classical phonetic and linguistic knowledge (such as
phenomena like phoneme inventories or grammar
rules) to refine results under underspecified
conditions. The linguistic features enforces the
model with some information and limits, that can
help in understanding phonetic pattern of speech for
least resourced languages.

In this work, we provide a detailed research on how
natural language processing (NLP) can be applied to
ASR systems in order help low-resource languages.
To tackle these above challenges for resource-scarce
languages, we also explore multiple techniques: data
augmentation, transfer learning, multilingual
modeling as well as semi-supervised learning. Our
experiments also show these techniques can greatly
improve ASR performance on low-resource
languages as observed by smaller word error rates

and a broader overall recognition accuracy. In this
work, we strive to improve on that front and
contribute towards the development of more
inclusive speech technologies for different linguistic
communities in the world especially in underserved
parts.

2. Related Work

In the recent past, there is a resurgence in training
ASR systems for low-resource languages due to
growing worldwide demand for inclusive speech
technologies. The fundamental problem here is that
of the unavailability of annotated speech data which
necessary to train advanced ASR models. In
response to this limitation, several approaches have
been proposed which mainly fall into the categories
of data augmentation [5], transfer learning,
multilingual modeling and unsupervised
techniques[6].

To overcome this data paucity, researchers have
thoroughly investigated the domain of artificial
intelligence known as Data Augmentation. To
overfit the available data with least number of
parameters, speech corpora synthesis through
perturbation techniques such as speed (percent-
duration increase/decrease), noise injection or pitch
shifting has been applied in order to artificially
augment training examples from a limited dataset
while creating direct and indirect variability [7].
Furthermore, it has been found that generating
artificial speech samples using text-to-speech
systems can help to improve ASR performance in
case only a limited amount of real-world data is
available [8].

Three, low-resource ASR research now focus more
on unsupervised or semi-supervised learning
techniques. These methods allow ASR models to be
trained using speech data that has not been
transcribed  (or  only  partially  manually
transcribed)[9]. In this context, self-supervised
learning techniques have proved to be quite efficient
when enabling models extract informative
characteristics  from  significant volume of
unlabelled data and less depending on annotated
datasets[10]. Methods of this type are particularly
important for low-resource languages, where
reliable transcriptions at large scale are infeasible.

Approach Technique

Impact on Low-Resource ASR

Data Augmentation

Speed perturbation, noise injection

Increased model robustness, reduced WER

International Journal of Intelligent Systems and Applications in Engineering

IJISAE, 2019, 7(4), 245254 |246



Approach Technique

Impact on Low-Resource ASR

Transfer Learning Pre-training on

languages

high-resource | Improved generalization, reduced WER

Multilingual Modeling | Cross-lingual training

Enhanced ASR  performance  across
languages

Unsupervised Learning | Self-supervised feature extraction

Reduced dependency on annotated data

In table below we present a summary of previous
work in ASR for low-resource languages, and key
techniques used to improve model performance.
These methods validated from Related Work
contribute in the improvement of ASR systems for
under-resourced languages as explored throughout
this paper. Nevertheless, no challenging goal is to be
taken lightly and there still exists a immense crevice
that needs bridging in order for wide accuracy and
accessibility[11][12] which of course means let's
spend more resources researching how we can
overcome the failures current techniques are
facing[13]. Building on these existing works, we
combine state-of-the-art NLP methods to enhance
ASR performance for low-resource settings.

3. Proposed Methodology

Utilising Natural Language Processing (NLP) to
enhance Automatic Speech Recognition (ASR) for
low-resource languages is a popular approach due,
in part, to the challenge intrinsic of scarce or even
absent transcribed speech training data. One issue
with deep learning models is that they require large,

labelled datasets to train on something many low-
resource languages lack. The main idea is to
improve the learning of a model using state-of-art
methods like augmentation, transfer and semi-
supervised.

Augmentation is the task of generating new versions
through creation, scale perturbation, noise injection
or pitch shift [14]. This enables our ASR model to
see a much broader range of acoustic environments,
which strengthens the network and helps it
generalize better for real-world use-cases.

1. Language-Specific Data Augmentation

In addition to the mentioned techniques (creation,
scale perturbation, noise injection, and pitch shift),
language-specific augmentations can be applied to
account for phonetic and acoustic nuances of low-
resource languages. These include:

Phoneme Substitution: Replacing phonemes with
acoustically similar ones based on linguistic
knowledge.

Contextual Augmentation: Generating synthetic
speech samples using speech-to-text tools tailored
for low-resource phonetic structures.

A comparison of various augmentation techniques and their effects on Word Error Rate (WER) is shown below:

Augmentation Technique Dataset Used WER Reduction (%)
Scale Perturbation T1 (Small Corpus) 5.2
Noise Injection T1 (Small Corpus) 6.3
Phoneme Substitution T2 (Low-Resource) 7.5
Contextual Augmentation T2 (Low-Resource) 9.8
2. Transfer Learning with Layer Freezing Algorithm:

Transfer learning is extended by incorporating
layer-freezing techniques. While fine-tuning, the
lower layers of a pre-trained ASR model trained on
high-resource languages are frozen to retain
generalized acoustic representations, while upper
layers adapt to the low-resource language.

Load a pre-trained ASR model (e.g., in English or
Spanish).

Freeze layers up to Ln, keeping higher layers
trainable.

Fine-tune the model on the low-resource language
dataset.
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The following table compares the performance of transfer learning with and without layer freezing:

Transfer Learning Approach Dataset WER Reduction (%)
Fine-Tuning Without Freezing T3 (Small Corpus) 10.5
Fine-Tuning With Layer Freezing T3 (Small Corpus) 13.2

3. Semi-Supervised Learning Using Pseudo-
Labels

Semi-supervised learning can be improved by
generating high-confidence pseudo-labels for
unlabeled data [15]. A model trained on limited
annotated data generates these pseudo-labels, which
are filtered based on confidence thresholds before
being incorporated into the training process.

Effect of Pseudo-Label Filtering on Model Performance:

Steps:

Train an initial ASR model on the annotated dataset.
Use the model to generate pseudo-labels for
unlabeled data.

Filter pseudo-labels with a confidence threshold of
>90%.

Combine pseudo-labeled and annotated data for
retraining.

Confidence Threshold (%)

Pseudo-Labeled Data Added (Hours)

WER Reduction (%)

80 100 6.7
85 80 8.1
90 60 10.3

4. Multilingual Model Training

For multilingual training, parameter sharing
among similar languages is proposed. A single
model is trained on datasets from multiple
languages, sharing weights for layers that capture
acoustic features, while language-specific layers
focus on unique characteristics [16].

This approach significantly benefits low-resource
languages by leveraging linguistic patterns from
high-resource counterparts.

Experimental Setup:

Dataset: 5 languages (3 high-resource, 2 low-
resource)

Shared layers: Acoustic and phonetic
Language-specific layers: Final dense layers

Language Pair

WER Reduction in Low-Resource Language (%)

English + Swahili 8.5

Spanish + Quechua 7.9

In this, the research of Transfer learning using high-
resource language model transferred to a lower
resource language is very important [30]. Transfer
learning achieves this by leveraging the related

phonetic and acoustic properties that many
languages share, thereby allowing a more powerful
model architecture to generalize well from small
amounts of data in the target low-resource language.
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Fine-tuning a pre-trained model on the smaller low-
resource language is then performed.
Algorithm 1: Low-Resource ASR Enhancement

Input: Dlow—resourcel Dhigh—resource
Output: O ing

Data Augmentation:

Daugmented = Dlow—resource U {f(x) I x € Dlow—resource}

Pre-train Model on High-Resource Language:
gpre—trained = argmain

Fine-tune on Low-Resource Data:

efine—tuned = argmgin
(x,¥)EDgugmented

Semi-Supervised Learning:
Generate pseudo-labels for unlabeled data.
Re-train model with pseudo-labeled data.

L(fo(x),¥)

(x,Y)EDhigh—resource

L(fg(X), }’)

esemi—supervised = argmeln(al‘labeled + (1 - a)Lunlabeled)

Multilingual Model Training (Optional):

emulti = argmein Z

Final Model:

L(fo(x),y)

(x.y)eDy,

efinal = efine—tuned Orgsemi—superw'sed Oremulti

Semi-supervised learning improves ASR systems by
allowing the models to learn from both annotated
and unannotated data. Semi-supervised learning
instead leverages self-labeled data due to the
abundance of no transcribed speech in low-resource
settings, and learns from this unspecific data using
useful patterns and features that are automatically
estimated along with labels as a way for decreasing
the dependency on annotated pseudo-speech
samples [17][18].

Lastly, multilingual modeling benefits ASR systems
by helping them leverage data in multiple languages
and enables sharing of linguistic/acoustic patterns
between those related languages which can lead to
substantial improvements especially for low-
resource language as highlighted in our previous
section [19]. Together, these two related theories
complement to a holistic approach that leads in
designing more reliable and efficient ASR systems
of under-resourced or low-resourced languages.

4, Results

The investigation into impact of these NLP
techniques in ASR performance for low resource
languages improved the quality and effectiveness
from conducted experiments [20]. In this study, our
aim was to quantitatively assess the extent of
reduction in WER achieved by each method as we
use WER as a primary evaluation metric for
assessing ASR performance.

1. Comparative Analysis of Techniques

To better understand the contribution of individual
methods, experiments were conducted with and
without combining the proposed techniques. Results
show that while each technique improves ASR
performance independently, a combination of all
techniques yields the most significant WER
reduction.

Methodology

Baseline WER (%)

Improved WER (%) WER Reduction (%0)

Baseline (No Enhancements) 32.4

32.4 0.0

Data Augmentation 32.4

26.7 17.6
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[Transfer Learning 32.4 23.4 27.8
Semi-Supervised Learning 32.4 24.2 25.3
Multilingual Training 32.4 23.8 26.5
Combined Techniques 32.4 19.6 39.5

2. Language-Specific WER Improvements

Experiments were extended to multiple low-
resource languages to evaluate the generalizability
of the proposed methods. The results indicate

consistent WER reductions across languages, with
some variations based on language complexity and
data availability.

Language |Baseline WER (%) Improved WER (%) WER Reduction (%)
Swahili 34.5 21.3 38.3
Quechua 36.8 22.5 38.8
Nepali 33.2 20.8 37.3
Hausa 35.7 24.2 32.2
Amharic 375 23.4 37.6

3. Analysis of Semi-Supervised Learning

The semi-supervised learning experiments revealed
that the effectiveness of pseudo-labeling depends on
the quality and quantity of the labeled data.

Additionally, filtering pseudo-labels based on
confidence thresholds significantly impacted
performance.

Labeled DatalUnlabeled DataWER Without Pseudo-(WER With Pseudo-[WER Reduction
(%) (Hours) Labels (%0) Labels (%0) (%)
10 100 38.2 30.4 20.4
20 80 33.6 27.2 19.0
30 60 30.8 25.3 17.8

4. Multilingual Training Performance
Multilingual training results demonstrated the
benefits of cross-lingual knowledge sharing. Low-

resource languages that share linguistic properties
with high-resource counterparts achieved more
significant improvements.

Language Pair

Baseline WER (%0)

WER After Multilingual Training (%)

WER Reduction (%)

English + Swahili  [34.5 224 35.1
Spanish + Quechua |36.8 23.8 35.3
Hindi + Nepali 33.2 21.4 35.5

This broad idea of leveraging data augmentation to
enhance  model-robustness in  low-resource
languages from a collection-wise perspective was
confirmed by the first set of experiments. With

additional techniques like speed perturbation, noise
injection and pitch shifting the models obtained a
WER improvement of 8% compared to baseline
[21]. This aptly demonstrates the power of creating
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a data augmentation pipeline to generalize well on
limited dataset.

In the second group of experiments transfer learning
was applied. Models Pre-trained on High-Resource
Languages Fine-tuned low-resource language
Datasets We experiment with transfer learning for

60
50F
40r

30

WER (%)

20+

101

further reduction in WER, achieving a 12% relative
improvement over systems trained from scratch
under different regularization strategies and
adaptation techniques; these results underscore the
benefit of exploiting cross-lingual acoustic and
linguistic knowledge.

Comparison of Baseline and Final WER for Low-Resource Languages

—e— Baseline WER
—e— Final WER after NLP Techniques

—

o H
Language 1 Language 2

Language 3 Language 4

Languages

Figure 1. Comparison of Baseline and Final WER for Low-Resource Languages

Semi-supervised learning improved performance
even more, especially when very little labeled data
was available. The semi-supervised approach was
able to improve WER by 10% using pseudo-labels
generated from unlabeled data [22]. Lastly, the

multilingual model that was trained on multiple
languages gave a 9% reduction in WER showing
how sharing knowledge cross-lingually can be
beneficial.

Table 2: WER Reduction by Technique

Technique WER Reduction (%)
Data Augmentation 8%

Transfer Learning 12%
Semi-Supervised Learning 10%

Multilingual Modeling 9%

Table 3: Final WER Comparison for Low-Resource Languages

Language Baseline WER (%0) Final WER (%)
Language 1 45% 32%
Language 2 52% 39%
Language 3 48% 36%
Language 4 50% 38%
These findings validate the effectiveness of 5. Conclusion

integrating NLP techniques when applied in tandem
with ASR for low-resource languages, minimizing
WER and enhancing recognition accuracy.

In this paper, we present an efficient way to boost
Automatic Speech Recognition (ASR) for low
resource languages by deploying the state-of-the-art
Natural Language Processing techniques [23][24].
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The results have shown that by combining data
augmentation with transfer and semi-supervised
learning through multilingual modeling, indeed
managing the scarcity of annotated data is possible.
Results in several low-resource languages exhibit
substantial reductions in Word Error Rate (WER)
and indicate promise of these techniques for
increased participation and easier access to ASR
systems by linguistically underserved communities.
Data augmentation techniques such as noise
injection, pitch shifting, and phoneme substitution
proved to be effective in artificially expanding the
dataset while maintaining linguistic diversity. This
ensured that models could generalize better across
various acoustic environments, significantly
reducing WER in low-resource conditions. Transfer
learning further leveraged pre-trained models from
high-resource languages, enabling knowledge
transfer and rapid adaptation to low-resource
settings. This approach not only conserved
computational resources but also effectively utilized
cross-lingual acoustic and phonetic similarities.

The study also demonstrated the efficacy of semi-
supervised learning by capitalizing on the
abundance of unannotated speech data. The
introduction of pseudo-labeling mechanisms with
confidence thresholds allowed the incorporation of
high-quality synthetic annotations, which enriched
the training datasets and enhanced model
performance. Multilingual modeling emerged as
another critical factor, showing how shared
linguistic and acoustic patterns between languages
can improve ASR outcomes [25][26]. By combining
data from multiple languages, the models effectively
bridged gaps in resource availability, achieving
significant improvements for linguistically related
low-resource languages.

The experimental results, supported by quantitative
analyses, validate the effectiveness of these
methods. Across diverse low-resource languages
like Swahili, Nepali, and Quechua, substantial
reductions in WER were observed, reaffirming the
applicability of these approaches. The findings not
only underscore the potential of advanced NLP
techniques but also highlight the importance of
collaboration between linguistic and computational
research domains.

This work represents a critical step toward the
democratization of speech recognition technology.
By enhancing ASR systems for low-resource
languages, the study contributes to breaking down
accessibility barriers for underserved linguistic

communities [27]. This inclusivity fosters greater
participation in global communication technologies,
empowering millions of speakers and preserving
linguistic diversity. Future work can focus on
expanding these methods to even more languages,
exploring unsupervised and self-supervised learning
paradigms further, and integrating cultural context
into ASR systems to make them more adaptable and
inclusive [28][29]. These continued efforts will pave
the way for truly universal and equitable speech
recognition systems.
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