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ABSTRACT
In this era of computers, the World Wide Web (WWW) content is vital for everyone. Most of the useful
content on theweb is in English. Machine translation from theweb content into the national language of
Pakistan, i.e. Urdu, has several applications such as Urdu text generation, language resources creation,
language research and availability of knowledge to illiterate individualswho cannot comprehend English
but know Urdu. We propose a novel English-to-Urdu machine translation model in this research work,
based on the transformer model that exploits the average of three word embeddings. These three
word embeddings are Urdu word2vec (skipgram-based), part-of-speech-ngram (POS-Ngram) embed-
dings, and POS-POS embeddings, both of which encode the rich morphological and morphosyntactic
features of Urdu language inside the word embeddings. Experiments are performed using a manu-
ally compiled English-Urdu parallel corpus from OPUS corpora and Github. The proposed transformer-
based approach is compared to fine-tuned Llama-3-8B, T5-small, Long Short-TermMemory (LSTM), and
Bi-directional LSTM (Bi-LSTM). The evaluation metrics used are BLEU and ROUGE-L scores. The results
suggest that the proposed model outperforms T5-small, LSTM and Bi-LSTM by ≈ 2.15, 7.44 and 5.53
points respectively, in BLEU score and by≈ 1.7, 2.5 and 4.12 points, respectively, in ROUGE-L score. The
proposed model shows comparable performance to the fine-tuned Llama-3-8B.

*Correspondence author email address: fatima@uop.edu.pk
DOI: 10.21015/vtcs.v14i1.2213

1 Introduction
Urdu is the widely spoken language and national lan-
guage of Pakistan. It is also one of the major spoken

languages of India. It is one of the 22 major languages
of India [1]. The language has over 231 million speakers
[2], making it one of the most widely spoken languages
in South Asia and among the top ten most spoken
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languages in the world. Despite its large speaker base
spanning multiple countries including Pakistan, India,
and diaspora communities worldwide, Urdu remains
significantly under-represented in digital content and
computational linguistics research.

The majority of Urdu speakers in Pakistan are either
illiterate or can poorly understand English language.
According to educational statistics, a significant portion
of Pakistan’s population has limited exposure to English
language instruction, and even among those who have
received formal education, English proficiency remains
concentrated in urban areas and among privileged
segments of society. There is a need for English-to-Urdu
machine translation in order to take full advantage of
the knowledge available on the world wide web through
the Internet. The World Wide Web is full of information
about every subject such as education and healthcare to
technology and entertainment, but the vast majority of
thematerials are not available to the Urdu speakers who
do not know English. With correct machine translation
systems, this digital divide can be bridged and the access
to information democratized to millions of people.

Accurate machine translation needs language re-
sources such as corpora, treebanks, POS taggers, and
word embeddings [1, 3, 4]. These are resources that are
the underlying infrastructure on which natural language
processing systems are based. Parallel corpora contain
aligned pairs of sentences in both source language and
target languages in which computers learn how to trans-
late. Syntactic annotations are provided in treebanks
to provide models with information about grammatical
structures. POS taggers determine grammatical cate-
gories of words whereas word embeddings are used to
determine semantic relations between words in continu-
ous vectors. Urdu is however a resource poor language
where there are few and little good quality digital texts
materials in comparison to other languages such as
English, Chinese or Arabic. This is further complicated by
the fact that although Urdu text is in existence; it most
of the time occurs in the Romanized version where the
Urdu language is written using the Roman script instead
of the normal Perso-Arabic script. Such Romanization
is widespread in online interactions, social networks
and messaging systems where users find it easier to

type using English keyboards. For example, the work
of Ali and his co-authors [5] deals with age and gender
identification inside romanized Urdu text, highlighting
both the prevalence of Romanized Urdu and the need
for NLP tools that can handle this phenomenon.

Machine translation is a field of natural language pro-
cessing (NLP) that has witnessed remarkable progress
over the past decade. The modern NLP techniques are
based on the use of neural networks, which have revo-
lutionized the field by enabling end-to-end learning of
complex linguistic mappings. Unlike traditional statisti-
cal machine translation systems that relied on separate
components for translation, language modeling, and re-
ordering, neural machine translation systems learn to
translate in a unified manner, capturing subtle linguistic
nuances through distributed representations. A major
milestone in the field of neural networks is achieved with
the introduction of self-attention which enables neural
networks to access distant contextual information more
effectively than traditional recurrent architectures [6–9].
Self-attention enables models to consider the relevance
of various words in a sentence irrespective of distance
which is a weakness of recurrent neural networks that
faced challenges with long-range dependencies because
of vanishing gradient issues. This process calculates the
scores of attention between one pair of position in a se-
quence to another, forming a direct pathway in the flow
of information among the far words. This mechanism
computes attention scores between all pairs of positions
in a sequence, creating a direct pathway for information
flow between distant words.

Transformers are the latest generation neural net-
works where the self-attention mechanism is used as
a fundamental computational unit. Such models are
constructed as sequence-to-sequence (seq2seq) net-
works that implies that they can change one sequence
(as an input) to another sequence (as an output). The
transformer architecture consists of an encoder that
processes the input sequence and a decoder that
generates the output sequence, with multiple layers
of self-attention and feed-forward networks enabling
rich representations at multiple levels of abstraction.
This architectural paradigm is particularly well-suited
for machine translation tasks, where sentences in a
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source language must be mapped to their equivalent
meanings in a target language. Figure 1 shows the use of
seq2seq model for English to Urdu machine translation,
demonstrating how input English text is processed and
transformed into corresponding Urdu output.

Word embeddings are used to represent individual
words in the form of vectors of real values [6] and are
provided to machine learning models as input. They
capture the context information of words in the text
i.e. the accompanying words of a given word, based on
the distributional hypothesis which posits that words
appearing in similar contexts tend to have similar mean-
ings. These vector representations enable mathematical
operations on words, such that relationships like "king
- man + woman = queen" can be approximated in the
embedding space. Word embedding models such as
word2vec [10] are trained based on words and its
accompanying words, learning to predict a word from
its context (continuous bag-of-words model) or predict
the context from a target word (skip-gram model). The
training process involves adjusting vector representa-
tions to minimize prediction error on large text corpora,
resulting in embeddings that capture both semantic
and syntactic relationships. Chen and Manning [11] pro-
posed the idea of training word embeddings on other
information such as POS in addition to words, and hence
capture more linguistic information within the embed-
ding space. Their work demonstrated that incorporating
syntactic information during embedding learning leads
to improved performance on downstream tasks like de-
pendency parsing, as the embeddings encode not only
word meanings but also their grammatical functions
and contextual behavior.

2 State of the Art
NLP community in recent years have seen increasing
interest in English-Urdu MT, but the field remains low-
resource, with many challenges due to data scarcity,
morphological richness, and orthographic complexity
of Urdu language. Urdu morphology is particularly chal-
lenging for machine translation due to its rich system
of inflectional and derivational morphology, including
gender, number, case, and verb agreement markers
that must be correctly generated in the target language.

The script itself, a form of Nastaliq script, where it is
written in the right-left direction with a complicated form
of ligature, poses additional challenges of preprocessing
and tokenization that do not exist in languages with
Latin scripts. These problems are pointed out in a recent
survey by Basit [12] and it is noted that most of the
modern MT systems on Urdu language are hampered
with absence of large high-quality of parallel corpora
and sufficient evaluation. Some of the usual patterns
of errors and difficulties peculiar to Urdu revealed by
the survey are the processing of case markers, verb
morphology, complex structures, and the widespread
problem of the out-of-vocabulary words because of the
rich morphology of the language.

The current state-of-the-art research within the
sphere relies on encoder-decoder models using at-
tention mechanism. The analysis carried out by Israr
and his collaborators [13] demonstrates that learned
evaluation measures can be effective and more efficient
(in decoding) in low-resource MT, and that convolutional
encoders can be competitive. Their work shows that
through a fully convolutional architecture, it is possible
to make large improvements in BLEU over a CNN base-
line as well as exhibit better ability to capture long-range
dependencies. Hassan and his co-authors [4] emphasize
that the linguistically informed models can alleviate the
problem of data scarcity by injecting the prior knowl-
edge into the learning procedure. Their contribution
to the knowledge of linguistics based multi-task neural
machine translation demonstrates that learning tomake
predictions of POS tags, morphological features and
translations in a multi-task structure results in better
extrapolation of the results of the data with a limited
amount. Nonetheless, model complexity and training
has a trade-offs since, the higher the linguistic knowl-
edge is integrated into the model, the more the model
complexity and thus, the slower the training process,
making it necessary to balance computational resources
against the performance benefits. The language pairs
can also be translated by the machine translation which
can be done unsupervised and uses the monolingual
corpora and approaches like back-translation to gen-
erate synthetic parallel data [2]. While unsupervised
methods typically achieve lower BLEU scores compared
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Figure 1. English to Urdu machine translation using seq2seq model

to supervised approaches, they offer a viable path for-
ward for language pairs where parallel data is extremely
scarce or non-existent.

An overview of the latest notable work in the field
of English-Urdu machine translation is provided in
Table 1, which summarizes key approaches, model
architectures, and findings from recent studies. The
table organizes work chronologically and highlights the
evolution of techniques from traditional LSTM-based
approaches to modern transformer architectures and
large language models, while also documenting the per-
sistent challenges that remain in English-Urdu machine
translation.

We propose a transformer-based English-to-Urdu
translator which exploits the average of three types
of word embeddings. These three word embeddings
are Urdu word2vec (skip-gram-based), part-of-speech-
ngram (POS-Ngram) embeddings, and POS-POS em-
beddings, both of which encode the rich morphological
and morphosyntactic features of Urdu language inside
the word embeddings. The first embedding type cap-
tures general semantic relationships based on word
co-occurrence patterns. The second type, POS-Ngram
embeddings, combines part-of-speech information with
character n-grams to capture morphological structure,
which is crucial for Urdu’s rich inflectional system. The
third type, POS-POS embeddings, focuses on syntac-
tic relationships by modeling sequences of POS tags,
capturing grammatical patterns that are essential for
producing syntactically correct Urdu output. By averag-
ing these three complementary embedding types, we
create a unified representation that leverages semantic,
morphological, and syntactic information simultane-
ously. To the best of our knowledge, this is the first time
that a transformer with averaged word embeddings,

two of which capture the rich morphology and syntax
of Urdu language, is used for English-to-Urdu machine
translation. This innovative method builds on the ad-
vantages of several embedding methods to establish
stronger and linguistically sensitive representations of
the Urdu text, and this could help to counter certain
constraints of data scarcity.

The remaining part of this paper has the following
structure. Section 2 describes the proposed methodol-
ogy in greater detail, such as the compilation of datasets,
preprocessing steps, the generation of three types of
embeddings, model architecture specification and hy-
perparameters. Section 3 contains the description of the
obtained results in case the experiments are conducted,
with comparison of the results with the baseline models
and the analysis of BLEU and ROUGE-L scores. Part 4
ends the article with a conclusion of findings and the
further research directions.

3 The Proposed Methodology
We propose the use of transformer-based model for
English-to-Urdumachine translation, which are the state
of the art in machine learning, and are based on atten-
tion mechanism. Transformers have revolutionized the
field of natural language processing by enabling parallel
processing of sequences and capturing long-range
dependencies through self-attention, making them
particularly suitable for machine translation tasks where
understanding context across entire sentences is crucial
for producing accurate translations. In this section we
explore the methodology used in this research work,
including dataset compilation and preprocessing, the
architecture of the proposed model, the three types of
word embeddings employed, tokenization approaches,
hyperparameter settings, and experimental setup for
evaluation.
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Table 1. Recent English–Urdu Machine Translation Research

Work Task / Direc-
tion

Model / Approach Key Findings

[12] EN→ UR Evaluation of GPT-3.5,
opus-mt-en-ur, NLLB,
IndicTrans2

IndicTrans2 performs best; high-
lights MT challenges for Urdu and
common error patterns.

[3] UR→ EN Fully convolutional
encoder (FConv-NN)

Significant BLEU improvement over
CNN baseline; better modeling of
long dependencies.

[14] EN↔ UR Linguistically in-
formed multi-task
NMT

Morphology/syntax tasks improve
NMT quality for low-resource Urdu.

[15] UR→ EN Unsupervised MT
with back-translation

Unsupervised BLEU is low; super-
vised variant improves but still lim-
ited due to data scarcity.

[16] UR→ EN Qualitative analysis
of Google Translate
evolution

Persistent issues: syntax, case mark-
ers, pro-drop; little improvement
across years.

[17] UR↔ EN Domain-specific cor-
pus creation + NMT

Shows value and limitations of
domain-specific corpora; BLEU mod-
erate.

[18] EN→ UR LSTM en-
coder–decoder with
attention

Competitive performance using a rel-
atively small corpus; strong baseline
for low-resource MT.

3.1 The Dataset
We have compiled a dataset from various sources that
include datasets from OPUS and github. OPUS is a
well-known repository of open-source parallel corpora
that has been widely used in machine translation re-
search, providing datasets for numerous language pairs
across diverse domains. These include GNOME and
OpenSubtitles datasets from OPUS and Zainuddin321
parallel corpora. The GNOME dataset contains local-
ization strings from the GNOME desktop environment,
providing technical and user interface text that is useful
for domain-specific translation. The OpenSubtitles
dataset is one of the largest available parallel corpora,
containing movie and TV show subtitles in multiple
languages, which offers conversational and colloquial
language patterns. The Zainuddin321 parallel corpus
is a manually curated dataset specifically created for

English-Urdu translation tasks. Statistics of these cor-
pora are provided in Table 2, showing the total number
of sentences and tokens in each language.

The parallel corpora thus collected, however, contain
some issues which are common when aggregating data
frommultiple sourceswith different creationmethodolo-
gies and quality control standards:

1. Word-by-word translation that does not make
sense in context, often produced by automated
translation tools or inexperienced annotators,
resulting in literal translations that fail to capture
idiomatic expressions and natural language flow.

2. English words used inside the Urdu part of the
corpus, which occurs when translators fail to
fully translate technical terms, proper nouns, or
when code-switching is present in the original text,
creating noise in the training data.
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Table 2. Statistics of the English–Urdu Parallel Corpora Used in This Study

Corpus Name No. of Sentences English Tokens Urdu Tokens

GNOME v1 2,360 9,664 9,664
OpenSubtitles v2024 1,056,295 5,874,064 7,365,915
Zainuddin321 Parallel Corpus 24,000 ≈ 500,000 ≈ 500,000

Total 1,082,655 ≈ 6,383,728 ≈ 7,875,579

3. Parallel paragraphs instead of parallel sentences in
the corpus, where alignment is performed at para-
graph level rather than sentence level, making it
difficult for sequence-to-sequence models to learn
proper sentence-level translation mappings.

4. Religious content that may contain specialized ter-
minology, archaic language, or sensitive material
that could bias themodel or cause issues in general-
purpose translation applications.

5. Separate English and Urdu files with parallel trans-
lations that require alignment and merging, as the
raw data often comes in pairs of files that need to
be properly matched and combined into a single
parallel corpus.

We have manually removed such instances from the
corpora, which are related to problem i-iv. This manual
cleaning process involved inspecting samples of the data,
identifying problematic patterns, and either correcting
or removing instances that could degrade translation
quality. We combined the separate source-target texts
in a single file to create a unified parallel corpus with
clear sentence alignments. We also discarded longer
sentences with more than 40 words, as extremely long
sentences often contain complex structures that are
difficult for models to learn effectively and can slow
down training. Consequently, we got a comma sepa-
rated values (CSV) file that had around 600,000 parallel
English-Urdu sentences. In Figure 1, a portion of the CSV
file is provided, which is in the format of having English
sentences in one column and their Urdu translations
in another column. Figure 2 shows a part of the CSV
file, illustrating the format with English sentences in one
column and their corresponding Urdu translations in
another column.

These approximately 600,000 parallel English-Urdu

Figure 2. The English-Urdu parallel corpus in CSV format

sentences are randomized and separated into 3 sections,
that is, training section, validation section and testing
section. Random shuffling makes sure each subset is
representative of the overall distribution of the data
and any ordering bias will not occur that would affect
model training. The training component will include
450,000 examples that will give ample information to
the model to learn the pattern of translation. Each
of the validation and testing parts consists of 75,000
instances, and the validation set will be used when
tuning hyperparameters and selecting a model, and the
test one will remain untouched during development to
evaluate the real-world performance.

3.2 The Proposed Model
We introduce a transformer version, which has 6 en-
coder and 6 decoder layers to the English to Urdu
translation task. The 6-layers of both encoder and
decoder are in line with the original transformer archi-
tecture that has been shown to be effective on machine
translation, with enough depth to model complex lin-
guistic patterns and yet be computational efficient. This
model is shown in Figure 3. The encoder part of the
model takes English (source language) word embed-
dings as input and provides an internal representation
of them through multiple layers of self-attention and
feed-forward networks. Each encoder layer applies
multi-head self-attention to allow the model to focus
on different aspects of the input sentence, followed by
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position-wise feed-forward networks that transform the
representations. Layer normalization and residual con-
nections are employed throughout to stabilize training
and enable effective gradient flow.

The decoder part of the model takes the average
of three kinds of word embeddings for Urdu text as
input. This averaging mechanism combines complemen-
tary linguistic information from different embedding
types, creating a unified representation that leverages
semantic, morphological, and syntactic features simul-
taneously. The decoder also receives the encoder’s
output through cross-attention mechanisms, allowing it
to focus on relevant parts of the source sentence while
generating each target word. Masked self-attention
in the decoder ensures that predictions for a given
position depend only on known outputs at previous
positions, maintaining the auto-regressive property
necessary for sequence generation. These three word
embeddings are explained one by one below, each
capturing different aspects of Urdu language structure.

3.3 POS-Ngram Embeddings
This kind of embeddings use feature template <w.p,
w.ng> for every word w in the text. Here w.p refers to
the POS of Urdu word w and w.ng means the ngrams of
the word w. The combination of part-of-speech informa-
tion with character n-grams allows the embeddings to
capture both grammatical category and morphological
structure simultaneously, which is particularly important
for Urdu given its rich morphology. We have considered
unigram, bi-gram, tri-gram, 4-gram and 5-gram in this
work, enabling the model to capture morphological
patterns at various levels of granularity from individual
characters to longer subword units. The sentences of the
whole corpus are transformed into sequences of POS
and n-grams, creating a representation that encodes
both the syntactic role of each word and its internal mor-
phological composition. The word embeddings from
these sequences are defined using the methodology
in the work of Zuhra and Saleem [19], which involves
training embeddings on these augmented sequences
to learn representations that capture the relationship
between a word’s grammatical function and its morpho-
logical form. The word embeddings created in this way
capture the morpho-syntactic information regarding

the relationship between POS of each word with the
suffixes of its surrounding words, enabling the model
to learn patterns like how certain verb forms require
specific subject agreements or how case markers attach
to nouns based on their syntactic role.

3.4 Word2Vec Embeddings
We have used gensim library of Python programming
language to define word2vec word embeddings based
on skip-gram model [10], for each word of Urdu in the
corpus. The skip-gram model predicts surrounding
context words given a target word, which tends to
produce embeddings that capture semantic similarity
well and perform effectively even with relatively small
corpora. Gensim provides an efficient implementation
of word2vec that can handle large vocabularies and
large text corpora. We trained these embeddings on the
Urdu portion of our parallel corpus, allowing them to
capture distributional semantics specific to the domains
present in our data. The resulting embeddings repre-
sent words as dense vectors where semantically similar
words have similar vector representations, providing a
foundation for the model to understand word meanings
and relationships.

3.5 POS-POS Embeddings
We have transformed each sentence of the Urdu part of
the corpus into sequences of POS tags. For defining POS
of Urdu words, we have manually extracted the POS for
each word in the universal dependency (UD) treebank
of Urdu and have stored the POS along-with the word
stem into a hash table. The UD treebank provides con-
sistent POS annotations following universal dependency
guidelines, ensuring compatibility with cross-lingual NLP
tools and enabling the use of established linguistic re-
sources. These POS tags are assigned from the hash ta-
ble to eachword inUrdu sentences in the corpus through
a lookup process that matches words to their stems and
retrieves the corresponding POS tags. Using themethod-
ology in the work of Zuhra and Saleem [19], POS-POS em-
beddings are defined by training on sequences of POS
tags rather than words themselves. These embeddings
capture the syntactic relationships between POS of each
word with the POS of its neighboring words, learning pat-
terns of grammatical structure such as noun-adjective
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Figure 3. The proposed model

agreement, verb-argument structures, and the typical or-
dering of grammatical categories in Urdu sentences. This
syntactic information complements the semantic infor-
mation from word2vec and the morphological informa-
tion from POS-Ngram embeddings.

We have used word2vec, skip-gram based word em-
beddings for English language, following the same ap-
proach as for Urdu but using the English portion of the
parallel corpus. English word embeddings provide the

input representation for the encoder, enabling it to pro-
cess source language sentences effectively.

3.6 Tokenization
We have used NLTK word tokenizer for the tokeniza-
tion of English. NLTK provides a robust tokenizer that
handles punctuation, contractions, and sentence bound-
aries appropriately for English text. However, in order to
tokenize the Urdu text, Urduhack word tokenizer is used.
Urduhack is specifically designed for Urdu language
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processing and handles the unique challenges of Urdu
script including right-to-left text, complex ligatures,
and the joining behavior of characters in Nastaliq style.
Proper tokenization is crucial for Urdu because the script
does not always use explicit spaces between words in
the same way as English, and character boundaries can
be ambiguous without language-specific knowledge.

4 Hyperparameter Setting
Hyperparameter setting is required to fine-tune the
model during the development phase. The choice of
hyperparameters significantly impacts model perfor-
mance, training stability, and convergence behavior.
Table 3 shows the hyperparameters we have used in
this research work, selected based on both established
practices in transformer-based translation and empirical
experimentation with our specific dataset and task.

Table 3. Hyperparameter setting

Hyperparameter name Value

Embedding Dimension 512
No. of encoder layers 6
Number of decoder layers 6
Batch size 64
Number of heads 8
Dropout rate 0.1
Optimizer Adam
Learning rate 0.001
Number of epochs 50

The embedding dimension of 512 provides a good
balance between representational capacity and compu-
tational efficiency, allowing the model to encode rich
semantic information while keeping the number of
parameters manageable. Six encoder and six decoder
layers follow the base transformer configuration, pro-
viding sufficient depth for learning complex linguistic
patterns. Batch size of 64 enables efficient parallel
processing on GPU hardware while maintaining sta-
ble gradient estimates. Eight attention heads allow
the model to attend to information from different
representation subspaces, capturing various types
of relationships between words. Dropout rate of 0.1
helps prevent overfitting by randomly masking neurons

during training. The Adam optimizer with learning rate
0.001 provides adaptive gradient estimation and has
been widely successful in training transformer models.
Training for 50 epochs allows sufficient time for con-
vergence while monitoring validation performance to
prevent overfitting.

5 Experimental Setup
The proposed model is implemented using torch li-
brary in Python, which provides flexible and efficient
tools for building and training neural networks with
automatic differentiation and GPU acceleration. The
system used is NVIDIA Geforce RTX 2060 GPU system
with 64 GB RAM and 12 GB GPU RAM, providing suffi-
cient computational resources for training transformer
models on our dataset size. The same setup is used
for the implementation of an LSTM-based sequence-
to-sequence model and a Bi-LSTM-based sequence to
sequence model, in order to compare the results of
the proposed transformer-based approach with those
of LSTM and Bi-LSTM-based models. These recurrent
baselines represent traditional approaches to neural
machine translation and provide a reference point for
evaluating the improvements offered by the transformer
architecture.

In order to compare the performance of the pro-
posed model with T5-small and Llama-3-8B, we have
fine-tuned these two generative models on the given
parallel corpus for 5 epochs. T5-small is a text-to-text
transfer transformer model with approximately 60
million parameters, representing a smaller generative
model suitable for sequence-to-sequence tasks. Llama-
3-8B is a large language model with 8 billion parameters,
representing state-of-the-art in generative AI. We have
used low-rank adaptation (LoRA) technique [20] for
efficient fine-tuning of these large models. LoRA freezes
the pre-trained model weights and injects trainable rank
decomposition matrices into each layer of the trans-
former architecture, significantly reducing the number
of trainable parameters and memory requirements
while maintaining model performance. This enables
practical fine-tuning of large models on consumer-grade
hardware.

Evaluation metrics used are BLEU and ROUGE-L. The
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BLEU score (short for Bilingual Evaluation Understudy)
is a widely used metric for evaluating the quality of
machine-translated text by comparing it to one or
more reference translations. BLEU score measures
the overlap of n-grams (typically unigrams to 4-grams)
between the machine-generated translation (by the
model) and the reference translation (i.e. inside the
parallel corpora used for training). The score computes
a modified precision metric that counts n-grammatches
while applying a brevity penalty to prevent overly short
translations from receiving artificially high scores. This
score is popular for quick evaluation of machine trans-
lation system due to its computational efficiency and
reasonable correlation with human judgment. A BLEU
score closer to 0 means poor translation quality with
little to no overlap with reference translations. The
closer the BLEU score is near to 100, the better the qual-
ity of machine translation is, though in practice scores
above 50 are considered excellent for most language
pairs. ROUGE-L (Recall-Oriented Understudy for Gisting
Evaluation - Longest Common Subsequence) measures
the longest common subsequence between generated
and reference translations, capturing fluency and word
order to complement the n-gram based evaluation of
BLEU.

6 Results and Discussion
The proposed transformer-based English-to-Urdu trans-
lator model is trained on the 450,000 examples from
the parallel corpus for 50 epochs. The training process
involves feeding batches of English sentences through
the encoder and decoder, computing loss between pre-
dicted and actual Urdu translations, and updatingmodel
parameters through backpropagation. The resulting
trained model has 31,322,044 trainable parameters,
which includes the embedding layers, multi-head at-
tention mechanisms, feed-forward networks, and layer
normalization components across all six encoder and
six decoder layers. This parameter count is moderate
compared to large language models but sufficient for
capturing the complexities of English-Urdu translation
given our dataset size. Figure 4 shows that the proposed
model converges well compared to the other models
under consideration, with training accuracy steadily

increasing over epochs and reaching higher final values
than LSTM and Bi-LSTM baselines.

Figure 4. Training Accuracy

It is obvious from Figure 5 that the model performs
better during validation as well, indicating that the
proposed approach generalizes effectively to unseen
data rather than simply memorizing training exam-
ples. The validation accuracy curves show that the
transformer-based model maintains its advantage over
recurrent architectures throughout training, with less
fluctuation andmore stable improvement. This suggests
that the self-attention mechanism and averaged word
embeddings contribute to learning representations that
capture meaningful linguistic patterns applicable to new
sentences.

Figure 5. Validation Accuracy

Figure 6 and Figure 7 show the training loss and val-
idation loss respectively. Both of these figures suggest
that the proposed model learns faster compared to the
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other traditional models, achieving lower loss values in
fewer epochs. The faster convergence can be attributed
to the transformer’s ability to process all positions in
parallel and capture long-range dependencies directly
through attention, unlike recurrent models that must
process sequences sequentially and may struggle with
vanishing gradients. The validation loss curves also
show that the proposed model maintains its advantage
without overfitting, as the gap between training and
validation loss remains reasonable throughout training.

Figure 6. Training Loss

Figure 7. Validation Loss

Table 4 provides a token level confusion matrix for
the last 10 (out of 50) epochs of the proposed model,
offering detailed insight into the types of errors the
model makes and how they evolve during training. The
confusion matrix breaks down model performance into
six categories: correct translations where the model pro-
duces the exact target token, substitution errors where
an incorrect token replaces the correct one, insertion
errors where extra tokens are added, deletion errors

where required tokens are omitted, agreement errors
related to grammatical concord such as subject-verb
agreement or noun-adjective gender agreement, and
reordering errors where tokens are generated in the
wrong sequence.

Examining the confusion matrix from epoch 41 to
50 reveals several important trends. The number of
correct translations increases consistently from 69,410
to 70,820, indicating continued learning even in later
stages of training. Substitution errors decrease from
3,210 to 2,820, showing that the model becomes bet-
ter at selecting the appropriate Urdu words for given
contexts. Insertion errors reduce from 1,980 to 1,910,
and deletion errors from 1,750 to 1,585, indicating
improved accuracy in producing the correct length and
content of translations. Particularly noteworthy is the
substantial reduction in agreement errors from 1,200
to 1,145 and reordering errors from 1,450 to 720. The
sharp decline in reordering errors demonstrates that
the transformer’s attention mechanism, combined with
the syntactically informed POS-POS embeddings, effec-
tively learns the correct word order patterns for Urdu
sentences. This is crucial because Urdu and English
have significantly different sentence structures, with
Urdu typically following Subject-Object-Verb order while
English uses Subject-Verb-Object, making reordering a
major challenge in translation.

The performance of the model is compared to an
LSTM-based and a Bi-LSTM-based sequence to sequence
models as well as two state of the art generative models
i.e. Llama-3-8B (large language model) and T5-small
(small language model). The LSTM and Bi-LSTM base-
lines represent traditional recurrent approaches that
process sequences sequentially and have been widely
used in neural machine translation before the advent
of transformers. T5-small is a encoder-decoder model
pre-trained on a multi-task mixture of unsupervised
and supervised tasks and then fine-tuned for transla-
tion. Llama-3-8B is a large language model primarily
designed for autoregressive text generation, adapted
here for translation through fine-tuning. The results
are provided in Table 5, which includes BLEU scores
for translation quality, ROUGE-L scores for fluency and
content coverage, and translation time in minutes for
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Table 4. Token-level Confusion Matrix for the Proposed Model

Epoch Correct Substitution Insertion Deletion Agreement Errors Reordering
41 69,410 3,210 1,980 1,750 1,200 1,450
42 69,620 3,140 1,960 1,730 1,190 1,360
43 69,810 3,080 1,950 1,710 1,185 1,265
44 70,020 3,020 1,940 1,690 1,180 1,150
45 70,180 2,980 1,935 1,670 1,175 1,060
46 70,340 2,940 1,930 1,650 1,170 970
47 70,460 2,910 1,925 1,630 1,160 915
48 70,590 2,880 1,920 1,615 1,155 840
49 70,710 2,850 1,915 1,600 1,150 775
50 70,820 2,820 1,910 1,585 1,145 720

efficiency comparison.
In Table 5, the seq2seq refers to sequence to se-

quence model, Tr. Time refers to translation time in
minutes required to process the test set, BLEU and
ROUGE-L scores are measured on scale 0-100. It can
be clearly observed from this table that the proposed
transformer-based solution outperforms LSTM and
Bi-LSTM based seq2seq models as well as T5-small
and Llama-3-8B in ROUGE-L and translation time. The
ROUGE-L score of 41.33 achieved by the proposed
model indicates better fluency and better preservation
of meaning compared to all other models, including
Llama-3-8B which achieved 40.25. This suggests that the
linguistically informed embeddings help produce more
natural and coherent Urdu translations even though the
model has far fewer parameters than Llama-3-8B.

In case of BLEU score, the proposed solution outper-
forms seq2seq LSTM (39.47), seq2seq Bi-LSTM (41.65)
and T5-small (45.03) by substantial margins of approx-
imately 7.71, 5.53, and 2.15 points respectively. The
proposed solution shows comparable BLEU score to
Llama-3-8B, with 47.18 versus 47.21, a difference of
only 0.03 points that is statistically insignificant. This
is a remarkable result considering that Llama-3-8B has
approximately 8 billion parameters while our proposed
model has only 31 million parameters, representing a
reduction in model size by a factor of over 250. The
comparable performance demonstrates that domain-
specific architecture design and linguistically informed
embeddings can achieve state-of-the-art results without

the computational expense of large language models.
The translation time of 40 minutes for the proposed
model is the lowest among all models, indicating better
efficiency for deployment scenarios.

A comparison of the proposed solution with the
state-of-the-art English to Urdu machine translation
is provided in Table 6 which shows that the proposed
model outperforms previous work. The comparison
includes two recent studies: one achieving 47.06 BLEU
and another achieving 30.90 BLEU. Our proposed
model achieves 47.18 BLEU, slightly higher than the
best previous result, demonstrating the effectiveness
of the averaged word embedding approach. The sig-
nificant improvement over the lower baseline of 30.90
BLEU highlights the progress that has been made in
English-Urdu machine translation through the adoption
of transformer architectures and better embedding
strategies.

These results collectively demonstrate that the
proposed transformer model with averaged word
embeddings successfully addresses the challenges of
English-Urdu machine translation. The combination of
semantic information from word2vec, morphological
information from POS-Ngram embeddings, and syn-
tactic information from POS-POS embeddings creates
representations that capture multiple linguistic dimen-
sions of Urdu. The transformer architecture effectively
leverages these representations through self-attention
to model long-range dependencies and generate fluent
translations. The efficiency gains in translation time and
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Table 5. Comparison of results on test data

Score Seq2Seq LSTM Seq2Seq Bi-LSTM T5-small Llama-3-8B Proposed

BLEU Score 39.47 41.65 45.03 47.21 47.18
ROUGE-L 38.83 37.21 39.63 40.25 41.33
Tr. Time 45 51 41 43 40

Table 6. Comparison of BLEU scores

Work BLEU Score

Proposed 47.18
[1] 47.06
[4] 30.90

the competitive performance compared to much larger
models suggest that this approach is both effective and
practical for real-world applications.

7 Conclusion
In this research work, we have worked out the best
model out of the testedmodels for the task of English-to-
Urdu machine translation. The proposed model exploits
the rich morphology and syntax of the target language
i.e. Urdu through the novel approach of averaging
three types of word embeddings: word2vec skip-gram
embeddings for semantic information, POS-Ngram
embeddings for morphological structure, and POS-POS
embeddings for syntactic patterns. The transformer
architecture with six encoder and six decoder layers
processes these embeddings through self-attention to
generate accurate and fluent Urdu translations. Exper-
imental results demonstrate that the proposed model
achieves a BLEU score of 47.18 and ROUGE-L score of
41.33, outperforming LSTM and Bi-LSTM baselines by
significant margins and showing comparable perfor-
mance to Llama-3-8B while using only a fraction of the
parameters. The token-level confusion matrix analysis
reveals that the model effectively reduces reordering
errors and agreement errors, indicating successful learn-
ing of Urdu grammatical structures. Translation time
of 40 minutes for the test set is the lowest among all
compared models, suggesting suitability for deployment
in resource-constrained environments.

We are planning to extend the English-Urdu parallel
corpus by incorporating additional domains such as
medical, legal, and technical texts to improve domain
coverage and translation accuracy in specialized areas.
We also plan to enhance the quality of the translation by
investigating more linguistic features found in Urdu text,
such as honorifics, complex predicate structures, and
discourse-level phenomena that affect translation be-
yond the sentence level. Future work may also explore
multilingual training approaches that leverage related
languages like Hindi to further improve Urdu translation
through transfer learning.
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