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1. Introduction

In the field of Natural Language Processing
(NLP), the performance of word embedding-
based LSTM neural networks has shown promise
even in scenarios where resources for a specific
language are limited. Low-resource languages

uncased, word2vec (CBOW and Skip-gram) on an LSTM neural network. In the

end, we evaluate word embeddings' performance on the low-resourced Sindhi

pose unique challenges due to a scarcity of
labelled data, making it difficult to build
accurate NLP models. However, it is crucial not
to overlook the significant impact of ANNs in
NLP[1]. Across a variety of languagerelated
activities, these networks have demonstrated
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outstanding  effectiveness. From  machine
translation, named entity recognition, and
question-answering systems to text categorization
and sentiment analysis[2]. The ANNs have
enabled machines to comprehend and generate
human-like language with impressive proficiency.
However, leveraging word embeddings and
employing specific strategies can enhance the
performance of such models in low-resource
language settings. This article explores how word
embedding-based LSTM  neural networks
perform in low-resource Sindhi language and
highlights key techniques to improve their
efficacy. LSTM (Long Short-Term Memory) is a
specialized type of recurrent neural network
(RNN) architecture that tackles the challenge of
capturing long dependencies in sequential data.
It achieves this by introducing a memory unit
and a gate mechanism, which work together to
determine how to utilize and wupdate the
information stored in the memory cell [3]. One
of the primary challenges in NLP is the
representation of words in a manner that can be
easily understood and manipulated by machine
learning algorithms. Traditional approaches,
such as one-hot encoding, suffer from the curse
of dimensionality and fail to capture semantic
relationships between words. This is where word
embeddings come into play, addressing these
issues by providing dense vector representations
of words. In this research, we propose a word
embedding based (Word2Vec) model using
LSTM neural network for Sindhi Language.

1.2 Problem statement

Text data preprocessing and analysis have always
been complex tasks in the field of Natural
Language Processing (NLP) and Information
Retrieval [4]. This complexity extends to
languages like Sindhi, which have a rich source
of text data, presenting challenges for researchers
in this intelligent technology domain. When
analysing text for NLP tasks, one crucial step is
creating a feature vector. The quality of the
feature vector plays a significant role, as a good
feature vector leads to good results, while a poor
one can result in disastrous outcomes.
Unfortunately, traditional methods such as the

one-hot model or vector space model for feature
extraction fall short in handling the complexity
of such text. Mikolov in [5] has revolutionized
the field of word representation learning. It
provides an efficient and powerful approach to
generate word embeddings that facilitate
semantic understanding and enable NLP models
to leverage the rich relationships between words.
One notable limitation is their lack of
consideration for contextual information.
Traditional models treat words as independent
features, overlooking the important context in
which they appear. Consequently, they struggle
to capture the subtle nuances and meanings that
emerge from the interactions and dependencies
between words within a sentence or
document[6]. Another drawback is the issue of
data sparsity. Traditional models often represent
text using sparse representations such as one-hot
encoding or TEFIDF, resulting in high-
dimensional feature spaces with many empty
dimensions. This sparsity hampers their
effectiveness in capturing meaningful patterns
and relationships.

1.3 Research Contribution

. We have prepared the Sindhi language
corpus, which contains 2.4M Vocabulary.
. We have trained the word embedding

network on a language corpus and monitor its
performance.

. Comparison analysis that how Neural
networks perform on low-resourced language like

Sindhi.

2. Background Study

2.1 Neural Networks for Natural Language
Processing

The Neural network also called as the Artificial
Neural Networks (ANNSs), which are the sub part
of the machine learning. Their structure has
been designed from the concept of the human
brain, as they communicate with each other
through signals [7]. The neural network is
composed of the interconnected nodes that
makes the structure of neural networks, it has
input layer, in middle it has one or more hidden
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layers and an output layer. Each node, or
artificial neuron, is connected to others and has
a weight and threshold that go along with it. Any
node whose output exceeds the defined
threshold(bias) value then a neuron is activated
and begins providing data to the network's
next layer. Otherwise, no data is transmitted to
the network's next layer. The function depends
on parameters i.e., weights and bias values.

In a standard neural network (NN), the
fundamental building blocks are the neurons.
These neurons are interconnected processors
that work together to process information. Each
neuron produces a sequence of realvalued
activations, which are numerical values
representing its level of activity[8]. For
predictions neural networks use mathematical
functions for computation purposes, here, the
function f (x) represents the output of the
neuron, for x inputs, w weights, and the
threshold (bias) value. the basic function can be
seen in equationl below:

Y=fCWx*X)+b),...... (D
A neural network is one of the popular
algorithm types in machine learning that covers
the broad range of concepts and techniques, and
it has been designed to simulate the way the
human brain works[9]. However, sometimes we
call them black boxes, because it is difficult to
understand what is going on inside and what
they are doing. The neural network is made of
layers of interconnected nodes that work
together to process and analyse the complex
form of the data, like, text, speech, and images.
Each node in the network takes the information
from the other nodes which are connected to it,
that process that information, and the passes the
output on to the next layer of nodes[10]. The
neural network is trained on the set of data,
using a  process or method called
backpropagation, this method supports the
neural network to learn how to make accurate

predictions or classifications based on new or
updated data it expects in the future. However,
we cannot just fit a straight line to the data make
predictions, so note the point we can use a
straight line to make future predictions, we us
the equation of regression line also called best fit
line. linear regression is one the Easiest and most
popular supervised machine learning algorithms
used to find relationship between the model
predictions[11] .it is a Statistical method that is
used to make predictions for continuous
numeric values. For better understanding for
continuous values like, sale, salary, price, age.

3. Proposed Framework

In this research, we have applied one of the
popular  words embedding  techniques
Word2Vec to train the Long Short-Term
Memory (LSTM) model of Recurrent Neural
Networks (RNNs). Our workflow, presented in
Figure 1, consists of several steps to train a deep
learning-based framework using a corpus of
Sindh Language. To begin, we load and process
the source code files, extracting relevant
information to create sequence data along with
their corresponding labels. This initial stage
involves preparing the data for further analysis.
Subsequently, the generated sequence data goes
through a transformation process in the next
stage. We convert the code snippets into code
embedding vectors in this case, it is Word2Vec,
which captures the meaning and syntax of the
code in a numerical representation. Once the
code embedding vectors are prepared, they are
partitioned and used as input for the constructed
neural networks during the training phase.
LSTM model, utilizing the word embedding
technique, processes these vectors to learn and
understand the patterns and relationships within
the code. After the training process is completed,
we evaluate the performance of the trained
model by testing its
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Sindhi Corpus

Word Embedding
(Ward2Vec)

Figure 1. Proposed Word Embeddings-based Framework for Sindhi Language

accuracy and error. Additionally, we collect
detailed logs automatically during this testing
phase to gain insights into how the models
perform and behave in different scenarios, such
as changing the number of epochs during the
training. This section has been further broken
down into small sections as per the proposed
research.

3.1 Dataset Development

The development of text corpus for Sindhi
Language involves creating a collection of textual
data which has been collected from various
sources with the help web scraping techniques.
In this research work, we have developed the
language corpus from scratch, text normalization
and data analysis.

3.2 Data Collection and Corpus Preparation
As a complete automatic pipeline's accuracy from
beginning to end is highly dependent on the

generated corpus into a resource for linguists
and - academics[12]. As per knowledge
no standard collections of Sindhi text data are
utilized for business and natural language
processing applications. The data gathered from
multiple sources and making it clean by
eliminating garbage is also one of the big
challenges in the data preparation. The Sindhi
corpus has been prepared from the Newspapers,
Books, Twitter, and other online web sources
through the web scraping techniques. The details
of developed corpus have been shown in Table
1. Although there are no pre-defined criteria for
how the corpus should be constructed, having
sufficient, accurate, and representative data gives
a suitable outcome.

The deep learning technique requires different
inputs and a sufficient pre-processing step to
remove noise[13].The google Colab has been
used as a development environment and python
as a language for Sindhi text preprocessing.

https://thesesjournal.com

| Uddin et al., 2026 |

Page 1904


https://portal.issn.org/resource/ISSN/3006-7030
https://portal.issn.org/resource/ISSN/3006-7030

Spectrum of Engineering Sciences
ISSN (e) 3007-3138 (p) 3007-312X

Volume 4, Issue 3, 2026

Table 1. Sindhi Language Corpus details

Corpus Categories Sentences Word Tokens
Awami awaz 32883

Wikipedia 175145

Books 128625

24M

Kawish 205618

Twitter 11571

Other Sources 87552

4. Neural Word Embeddings

The Neural Word Embedding Generator is a
tool or algorithm that takes a collection of texts
T, known as a corpus, as input. Its purpose is to
produce a set of feature vectors called word
embeddings E, where each vector represents the
embedding of a particular word found in the
corpus[14]. To generate word embeddings, the
Neural Word Embedding Generator typically
employs neural network models such as
FastText[15] ,word2vec[16], GloVe[l7], and
BERT. Word embedding has become an integral
part of many NLP tasks such as language
translation, text classification, sentiment analysis,
and more. These techniques enable the capture
and representation of important semantic and
syntactic properties within code [18].

4.1 Word2Vec Word Embedding

Word2Vec is a widely used technique for
generating word embeddings used for neural
networks to take their input word representation
in the form of vectors [19], which are continuous
vector representations of words derived from
large text corpora. One of the research in [20]
has discussed the parameters of Word2Vec, their
evaluation, and the architectures of CBOW and
Skip-Gram in detail. The Word2Vec model
utilizes two evaluation methods: Hierarchical
Softmax and Negative Sampling. Hierarchical
Softmax was initially introduced by Morin and
Bengio [21]. The intermediate nodes in the tree
explicitly encode the relative probabilities of
their child nodes. By employing this hierarchical
structure, Hierarchical Softmax enables efficient

estimation of word probabilities during training.
On the other hand, Negative Sampling provides
a simpler alternative to Hierarchical Softmax
[22]. Instead of using a complex binary tree,
Negative Sampling selects a subset of output
words as negative samples and updates them
during training. These negative samples are
randomly chosen, allowing for computational
efficiency while still providing valuable training
signals. There are two main categories of
Word2Vec embeddings: Continuous Bag-of-
Words (CBOW) and Skip-gram.

4.2 Skip-Gram Word Embedding

The Continuous Bag-ofWords (CBOW)
approach focuses on predicting a target word
based on its surrounding context words. It
considers a window of neighboring words and
attempts to predict the word in the center.
CBOW embeddings are efficient to train and
work well when words are frequent in
occurrence, without much emphasis on their
positional significance within the context. In
contrast, the Skip-gram approach reverses the
CBOW process. It aims to predict the context
words given a target word. By taking a target
word, the model tries to forecast the words that
usually appear in its vicinity[23]. Skip-gram
embeddings excel at capturing semantic
information and are effective even with less
common words. However, training Skip-gram
models generally takes more time compared to
CBOW. An example of focused and context-
based words can be seen in figure 2.
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Figure 2. Focused and Context Words in Skip-gram.

In this example, we have taken a Sindhi language
sentence, and it has been divided into context
words and one focused word. The window size of
context words in this example is three (03),
meaning we are considering the three words
from each side of the focused word.

The skip-gram model predicts the surrounding
words given the target word. In this context,
"skip-gram" refers to a window of words
surrounding a focus word, with the fourth word
in the given sentence being the focus word. The
Context-independent Skip-Gram word-
embedding proposed method’s schematic
diagram is given in figure 4. In other words we
interested to evaluate the parameters meaning
the vector presentations of both focused and

contexts words, such that we take the dot
product of both Vw.Vc associated if the value
of dot product is “good” meaning word-context
pairs is maximized(24].Both CBOW and Skip-
gram models employ Word2Vec algorithms,
which rely on shallow neural networks with a
single hidden layer. During training, the hidden
layer's weights, which serve as the word
embeddings, are iteratively learned. These
embeddings provide compact vector
representations of words, enabling algorithms to
understand and exploit the relationships and
similarities between words based on their
distribution patterns in the training data. So,
both model’s beliefs on the very common rule of
"know a word by the company it keeps” [25].
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Figure 3. Skip-gram word-embedding method
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In Skip-Gram method above there is input text
sentence from Sindhi Language and it has one
target word Wt. The input text of whole data
with vocabulary size V is converted into one hot
vector which is in the form of 0’s and 1’s. In
result we have VxN embedding matrix of text
data. The there is one hidden layer which uses
the activation function gives the NxV that is
transpose matrix of features. The output of
hidden layer becomes the input of Softmax layer
to decide about best possible context words with

respect to input target word in Skip-Gram
model.

4.3 Continuous Bag-of- Words (CBOW)

The CBOW predicts the probability of a word
given the surrounding words [26]. Each word is
coded in One-hot form. One hot representation
of one sentence from Sindhi Corpus and
example of focused and context words of CBOW
can be seen in Figure 5.

0 1 0
0 0 1
0 (o] 0
0 0 0

0 0
0 0] 0
0 0 0

ol e>ieta LU

‘ Sliding Window =2 ‘

| Sliding Window =2 |

| Focused Word ‘

Figure 4. Focused and Context words in CBOW

A sliding window of context words. Single
hidden and output layer. Corresponding
elements are set to 1 and all elements are zero.

As shown in Figure 4, CBOW predicts the target
word which is (U%) in this case by considering
the surrounding context words.
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Figure 5. CBOW Word Embedding Method.

The CBOW model predicts the target word by
examining the surrounding terms within a
specified window, BOW can be explained

generates one hot vectors of window size m. The
input one hot vectors or context can be
represented as in the equation2 given bellow,

mathematically as, W is the weight matrix,

X6 = (xV,  xle=m x(c+D)  xle+m) (7)
To get embedded word vector for context can be represented mathematically as follows,

Verl = (W1 XD . €)
Vel = W1 XD . (4)
Ve = IR e MR uton s Resewh (5)

Mathematical representation of average vectors is,

(V)ave = (

V(c—m)+V(c—m+1)+V(c+m—1)+V(c+m)> (6)
2m ’

To generate the Z score we can define it through the following equation 7.
Z=W2xV% . i(7)

In the end, we calculate the probability, that may be represented by Y” by using the softmax and z score we
have calculated before in the equation 7. Therefore, probability to calculate the target word by the
surrounding words will be as,

YA = Softmax(Z) ... ... e cer v . (8)

4.4 RNN-based
Embedding

Context-aware ~ Word from both directions. However, word embedding

itself does not directly connect the hidden states

In a bidirectional RNN model, the hidden states
of the forward and backward RNNs are typically
combined or concatenated to create a
representation that incorporates information

of the forward and backward RNNs. Instead, it is
used as input to the RNNs, providing a
meaningful representation of words for the
model to process [27].
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5. Long Short-Term Memory (LSTM) Network

The Long Short-Term Memory, or LSTM, is a
special kind of neural network known for its
ability to work with sequential data like
sentences, time series, or speech [28]. It was
developed to address a common issue faced by
traditional recurrent neural networks (RNNs)
when dealing with long sequences of
information. In normal RNNs, a problem called
the '"vanishing gradient problem" arises and
discussed in [29], making it difficult for the
network to learn from distant past information.
LSTM was designed to tackle this problem by
introducing memory cells and gating mechanisms
that enable it to remember or forget specific
information over time. The main components of
an LSTM are the input gate, forget gate, cell state,
output gate, and hidden state. Each gate has a
specific role in managing the information flow.
The input gate decides what information from
the current input should be stored in the
memory cell. The forget gate determines which
information from the previous cell state should
be forgotten. The output gate controls which
information from the cell state should be passed
on as the output [30]. The cell state is like the
brain of the LSTM, storing essential information
from previous time steps. The hidden state is the
output that carries relevant information to the
next time step or to the final output layer.
Mathematically, LSTM uses various equations
involving sigmoid and tanh activation functions
to perform its tasks [31]. These equations
calculate the values for the input gate, forget gate,

output gate, and candidate cell state, which is
used to update the cell state. Thanks to its
architecture, LSTM networks can handle long
sequences effectively, making them ideal for
natural language processing, speech recognition,
and time series predictions. However, they are
computationally intensive and can overfit if not
properly tuned and regularized [32]. Therefore,
like any  neural  network,  successful
implementation of LSTM depends on careful
data preprocessing, thoughtful architecture
design, hyperparameter tuning, and appropriate
training. LSTM has been instrumental in various
fields,  revolutionizing  natural  language
understanding, machine translation, and speech
recognition, among others.

6. Results and Discussions

BERT works for word representation in terms of
their context and it is based on transformers,
which can be modified for specific tasks[33]. In
this research we have applied different
embedding models like BERT, the BERT that
has been applied in this research is a pre-
trained(bert-base-uncased) using pytorch and
tensor flow and max input sequence length is
128.For BERT we generated the input ids and
attention masks for BERT using Pytorch. Then
we trained the BERT model on Sindhi text data
by applying the pre-trained BERT (bert-base-
uncased). The word embedding result of Bert has
been measured through the similarity, and the
Bert similarity for Sindhi data is 73.23%, as we
can see in the table 2 below.

Table 2. Comparison analysis of word embedding models on Sindhi language corpus

Input Data Embedding Models Testing Words Similarity Results

628695 Bert-base-uncased kingdom =aliL 73.28%
Authority= Cues=la

628695 Word2Vec (CBOW) Universities= O s o 87.2%

628695 Word2Vec (Skip-gram) Colleges= o= 84.84%

Universities= O s o2
Colleges= o=
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To compare the performances, we have also used
Word2Vec with its both techniques, we obtained
the 87.28% similarity result by Pre-Trained
Word2Vec (CBOW), and 84.84% from the Pre-

Trained Word2Vec (Skip-Gram). The Pre-
Trained Word2Vec (CBOW) performed well on
Sindhi corpus.

Distribution of Similarity Scores

12 4

10 A

Frequency
(=] @

S
L

o

0.0 0.2

Similarity Score

0.6 0.8 1.0

Figure 6. BERT (bert-base-uncased) Similarity Score

Similarity result of pre-trained(bert-base-uncased)
can be seen in the figure 6 above. It shows the

similarity score distribution between the word’s
frequency and similarity score.

1.0

Sindhi Words Similarity of CBOW

0.8 1

0.6 1

0.4

Similarity (87.3%)

0.2 4

0.0-
SIUSL WS

Two Words

Sllsto

Figure 7. Similarity result of CBOW between two words

Despite these differences, CBOW and Skip-gram
share common ground. They both use a neural
network architecture and are trained on large

amounts of text data. We can see the
performance of CBOW in Figure 7 above. A

CBOW similarity heatmap of text data provides
a visual representation of how words are
semantically related to each other, as learned by

the CBOW word embedding model. It's like a

color-coded chart that showcases the similarity
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between different words. As we can see from the

similarity heatmap in the figure 8 below.

Sldsco
PR M 0.77 1  0.69

NIy 0.78 069 1

CICTTI L] V)

Similarity of ss0.85,00wso (Universites) Word- Heatmap

0.77 0.78 0.85 0.77

1.0
0.7 078 0.7 i
0.9
0.8
0.7
0.6
- 0.5
0.54
5! 8 058 0.3 -0.4
| ] [ 1
o 2 ) 2 w
3 )] ¥ 9%
3 3 % oy 3
2 e 2 a_,
3 9 ) 2
2 9 o
¥ 3 2
3

Figure 8. Heatmap-Similarity of word Universities in Sindhi Corpus

The underlying idea for both algorithms CBOW
and Skip-Gram is the distributional hypothesis,
which suggests that words with similar meanings
tend to appear in similar contexts. As, for Skip-

Gram model we can see it’s result in figure 9
below which finds the similarity between two
Sindhi words from the corpus.

1.0

Sindhi Words Similarity of Skip-Gram

0.8

0.6 1

Similarity (84.8%)

0.2 1

0.0-
SeUS W IS0

Two Words

Sldszo

Figure 9. Similarity result of Skip-Gram
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We analysed the LSTM performance on embeddings of the Sindhi corpus, in terms of training and
validation accuracy and training and validation. As a result, the LSTM accuracy can be seen in Figure 10.

LSTM Accuracy

0.950 A

0.925

0.900 4

Accuracy
o
@
~
u

0.850 A

0.825 A

0.800 A

o0 4

4 6
Epoch

o
L)

Figure 10. LSTM Accuracy result on word embedding.

Similarly, we can see the loss result of LSTM on word embeddings of Sindhi Corpus in figure 11 given
below.

LSTM loss

0.40

0.35 1

0.30

2 0.25

0.20 A

0.15 A

0.10

T T T T T
o 2 4 6 8
Epoch

Figure 11. LSTM Loss on word embeddings.

When we trained an LSTM model for working validation accuracy. As we can check LSTM
with text, we evaluated its performance using two performance in table 3 given below.
types of accuracy: training accuracy and

Table 3. LSTM performance on word embeddings of Sindhi Corpus

Model Accuracy & Loss Results
Training Accuracy 96.38%

Long Short-Term Memory Validation Accuracy 81.15%
(LSTM) Training Loss 0.0815

Validation Loss 0.6808
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The training accuracy shows us how well the
model has learned from the data it was trained
on - that is, the text corpus used during the
training process. As the model learns and
improves its predictions, the training accuracy
increases because it becomes more accurate in
making predictions on the data it has seen
before. The same we can see our model is
performing well during training. On the other

hand, validation accuracy helps us understand
how well the model generalizes to new, unseen
data. To do this, we set aside a separate dataset
called the validation set, which the model has
never encountered during training. This allows
us to test how the model will perform in real-
world situations, dealing with text it hasn't
learned from before.

Training and validation accuracy

Training acc
0.950 4 —— Validation acc

0.925

0.900 -

Accuracy

0.875 -

0.850

0.800 -

0.825 1 /\\

T T
2 4

6 8 10
Epochs

Fig. 12. LSTM Training and Validation Accuracy on word embeddings

So, there is no big difference between the two
accuracy results, and we can conclude that our
model performance is good on Sindhi word
embeddings. The comparison analysis to both
training and validation accuracy of word
embeddings on the Sindhi language corpus can

be seen in Figure 12 above. When we have both
the accuracies of LSTM, we can see the result of
losses, the training loss, and the validation loss of
the model on word embeddings. generated from
the Sindhi language corpus. The result can be
seen in figure 13 below.

Training and validation loss

0.7 4
Training loss

—— Validation loss
0.6 4

0.5

0.4 1

Loss

0.3

0.2 1

0.1 4

6 8 10
Epochs

Figure 13. LSTM Training and Validation Loss on word embeddings
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8. Conclusion

This research has implemented an LSTM model
and used the pre-trained BERT and Word2Vec
embeddings as the initial weights of the
embedding layer. This study analysed the
performance of Sindhi word embeddings and
the combination of Word2Vec and LSTM
enhanced our ability to handle Sindhi language
by effectively capturing contextual information
and semantic relationships in the text data. As a
result, we can utilize this Language embeddings
on a wide range of Sindhi language and natural
language processing tasks.
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