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Abstract

Machine Translation (MT) in Natural Language Processing (NLP) seeks to bridge language barri-
ers by developing automated systems capable of translating human languages. Transformer-based
Neural Machine Translation (NMT) has surpassed traditional approaches in translation quality; how-
ever, low-resource and morphologically rich language pairs such as English–Urdu remain challenging
due to vocabulary sparsity and syntactic word-order divergence. This study presents a framework
that addresses these challenges through systematic evaluation of subword tokenization strategies
and Dynamic Position Encoding (DPE) based word-order modeling. A large-scale English–Urdu
parallel corpus was compiled, cleaned, and publicly released to support reproducible research. Multi-
ple tokenization approaches, including Byte-Pair Encoding (BPE) and SentencePiece variants, were
evaluated using Transformer based translation models, and the best-performing tokenizer–model com-
binations were further optimized by tuning the reordering loss weight. Experimental results showed
that Subword-NMT BPE achieved the strongest performance for English–Urdu translation, while
SentencePiece-BPE performed best for Urdu–English translation. Furthermore, the optimized Trans-
former variant consistently outperformed the Transformer Base baseline in both translation directions.
These findings demonstrate the effectiveness of jointly addressing vocabulary sparsity and word-order
divergence for improving English–Urdu neural machine translation.

Keywords: Neural Machine Translation (NMT), Natural Language Processing (NLP), English-Urdu
Machine Translation (MT), Transformer, Out-of-Vocabulary (OOV) words

1 Introduction

Machine Translation (MT) aims to automati-
cally translate text between human languages
and remains a fundamental task in Natural Lan-
guage Processing (NLP). As one of the longest-
standing research areas in NLP, MT integrates
concepts from linguistics, statistics, mathematics,

and artificial intelligence to facilitate communica-
tion across language barriers (Jindal et al., 2018).
The growing need for cross-lingual communica-
tion and access to multilingual information has
significantly increased the demand for accurate
and efficient translation systems, making MT an
essential technology for improving access to infor-
mation and facilitating communication across
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diverse linguistic communities (Andrabi et al.,
2022; Craciunescu et al., 2004). Over the past
decades, MT has evolved from rule-based and sta-
tistical approaches to Neural Machine Translation
(NMT), with Transformer architectures (Vaswani
et al., 2017) emerging as the dominant paradigm
due to their ability to effectively model long-range
dependencies through self-attention mechanisms.
Urdu is the tenth most spoken language in the
world, with approximately 246 million speakers
(Eberhard et al., 2026). Given the large volume of
English-language content, effective English–Urdu
translation is essential for improving information
accessibility (Choudhary et al., 2020). Despite
its significance, English–Urdu translation remains
relatively underexplored in NMT research.

Several challenges complicate English–Urdu
translation. A major issue is vocabulary spar-
sity, which gives rise to Out-of-Vocabulary (OOV)
words such as named entities, domain-specific
terms, and neologisms (Luong et al., 2015).
Another challenge stems from the syntactic diver-
gence between English (Subject–Verb–Object,
SVO) and Urdu (Subject–Object–Verb, SOV),
resulting in structural differences that complicate
machine translation (Khan et al., 2018). These
factors can negatively affect translation fluency
and adequacy.

Despite recent advances, handling vocabu-
lary sparsity and English–Urdu word-order diver-
gence remains challenging. This study investigates
these issues through experimental evaluation of
subword tokenization strategies and transformer
based models.
The main contributions of this study are:

1. Collected and unified English–Urdu parallel
corpora, applying a research-informed pre-
processing pipeline to create a high-quality,
standardized translation dataset, which has
been publicly released on Mendeley Data to
facilitate reproducibility and support further
research.

2. Investigated multiple subword tokenization
strategies including Byte-Pair Encoding
(BPE) and SentencePiece variants to reduce
vocabulary sparsity and effectively handle
OOV words.

3. Evaluated a Dynamic Position Encoding
(DPE) Transformer architecture and opti-
mized its reordering loss weight to better

address syntactic divergence between English
and Urdu.

4. Identified the optimal tokenizer–model com-
bination through systematic evaluation and
performed performance analysis, demon-
strating improved translation quality.

2 Related Work

English–Urdu machine translation has evolved
through several paradigms, ranging from rule-
based and statistical methods to neural, mul-
tilingual, and transfer-learning approaches. This
section reviews these developments and highlights
the limitations that motivate this study.

2.1 Rule-Based and Statistical Machine

Translation

Early English–Urdu machine translation systems
primarily relied on rule-based approaches that
exploited the close structural relationship between
Hindi and Urdu. Mahesh and Sinha (2009) pro-
posed an English–Urdu translation framework
derived from an existing English–Hindi MT sys-
tem through lexical mapping and grammatical
transformations. Later, Khan et al. (2018) inves-
tigated translation divergence between English
(SVO) and Urdu (SOV), proposing computa-
tional algorithms for the automatic detection and
handling of structural, lexical, categorial, and the-
matic divergences. While these approaches explic-
itly modeled linguistic phenomena, they depended
heavily on handcrafted rules and manually engi-
neered language resources.

With the emergence of parallel corpora,
phrase-based SMT gradually replaced rule-
based methods. Ali et al. (2013) developed
an English–Urdu SMT system using the Moses
framework (Koehn et al., 2007) and highlighted
challenges arising from limited parallel data
and linguistic differences between the two lan-
guages. Several studies subsequently addressed
word-order divergence through explicit reorder-
ing techniques. Jawaid and Zeman (2011) pro-
posed a syntax based preordering framework that
transforms English parse trees into structures
more closely aligned with Urdu word order. Sim-
ilarly, Visweswariah et al. (2011) introduced a
parser-independent statistical reordering model
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that learns source-side word-order transforma-
tions directly from aligned bilingual data.

Despite these advances, SMT systems
remained sensitive to data sparsity and long-
distance reordering errors, motivating the
transition toward neural approaches.

2.2 Neural Machine Translation Approaches

Early NMT systems employed recurrent
encoder–decoder architectures with attention
mechanisms to learn source–target mappings in
an end-to-end manner. Saini and Sahula (2020)
explored attention-based Bi-LSTM architec-
tures across several Indian languages, including
Urdu, demonstrating the applicability of neural
approaches under limited-resource conditions.

Subsequent research investigated alternative
neural architectures to improve translation qual-
ity and sequence modeling. Rai et al. (2020) pro-
posed the Convolutional English-to-Urdu Trans-
lation (CEUT) model, a convolutional sequence-
to-sequence framework designed to improve
source–target attention mapping in English–Urdu
translation. More recently, Israr et al. (2024)
introduced a fully convolutional neural network
encoder for Urdu–English NMT to improve long-
range dependency modeling. Recent studies have
continued to enhance neural architectures through
complementary strategies. Israr et al. (2025)
incorporated external knowledge into a multi-
encoder attention framework for Urdu–English
translation, while Zuhra et al. (2026) improved
Transformer-based English–Urdu translation by
integrating averaged word embeddings enriched
with semantic and morphological information.
Researchers have also explored the incorporation
of linguistic knowledge into neural architectures.
Ul Hassan et al. (2024) proposed a Linguistics
Knowledge-Driven Multi-Task (LKMT) frame-
work that integrates part-of-speech and depen-
dency information into a Transformer-based NMT
model through multi-task learning.

Although these studies enhanced translation
quality through architectural improvements, they
generally addressed English–Urdu translation at
the model level, with comparatively less attention
given to vocabulary segmentation and word-order
divergence.

2.3 Multilingual and Transfer Learning Strate-

gies

To address data scarcity in low-resource machine
translation, researchers have increasingly explored
multilingual and transfer learning approaches. Ko
et al. (2021) proposed the NMT-Adapt frame-
work, which combines adversarial adaptation,
denoising autoencoding, and back-translation to
transfer translation knowledge from high-resource
languages to related low-resource languages using
monolingual data. Experiments involving Hindi
and Urdu demonstrated the potential of exploit-
ing linguistic overlap between related languages
in resource-constrained settings. More recently,
Bala Das et al. (2023) developed a Transformer-
based multilingual NMT system covering 15 Indic
languages (including Urdu) and English. The
study further explored the use of language rela-
tionships, back-translation, and domain adap-
tation to improve translation quality for low-
resource languages. Wagh et al. (2025) proposed
a multilingual transfer learning framework for
English–Assamese, English-Bodo, and English-
Manipuri translation using Hindi and Bengali
as high-resource source languages. Although
Urdu was not included, multilingual pre-training
and fine-tuning significantly improved translation
quality for low-resource Indic languages. More
recently, Luo et al. (2026) introduced a large-
scale multilingual machine translation framework
supporting 60 languages, including Urdu. The
framework employed multilingual fine-tuning and
prompting strategies to enhance cross-lingual
knowledge transfer across diverse translation
directions.

Together, these studies demonstrate that mul-
tilingual learning and cross-lingual transfer can
substantially improve translation quality in low-
resource settings. However, the effectiveness of
such approaches varies across language pairs and
depends on the extent to which knowledge can be
shared between languages.

Collectively, previous research has advanced
English–Urdu machine translation through dif-
ferent approaches. Rule-based and SMT sys-
tems relied heavily on handcrafted resources
and explicit reordering techniques, while neu-
ral approaches improved contextual modeling
through increasingly sophisticated architectures.
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Multilingual and transfer learning methods fur-
ther alleviated data scarcity by leveraging related
languages and cross-lingual knowledge transfer.
Nevertheless, comprehensive comparative eval-
uation of subword tokenization strategies to
address vocabulary and explicit modeling of
English–Urdu word-order divergence remain com-
paratively underexplored. To address mentioned
gaps, this study evaluates multiple subword
tokenization methods and uses dynamic posi-
tion encoding based transformer framework with
a publicly released and reproducibly processed
large-scale parallel corpus.

3 Methodology

This section describes the methodology adopted
to enhance NMT for the English–Urdu language
pair. Workflow 1 illustrates the proposed pipeline,
beginning with the preparation of monolingual
corpora for tokenizer training and a parallel
corpus for translation. The trained tokenizers
are subsequently evaluated through Transformer-
based translation experiments, followed by hyper-
parameter tuning and comparative analysis. Each
stage of the proposed approach is described in
detail in the following subsections.

3.1 Dataset Collection and Preprocessing for

Tokenizer Training

To improve vocabulary coverage for English–Urdu
Neural Machine Translation (NMT), high-quality
monolingual data is essential for training effective
tokenizers. Therefore, a diverse English–Urdu cor-
pus was compiled from multiple domains, includ-
ing religious texts (Quran, Bible), history, news,
science, articles, poetry, and movie reviews12.
This broad coverage ensures tokenizers learn var-
ied linguistic patterns relevant to translation.

The collected corpus underwent thorough pre-
processing to ensure consistency and quality. Sym-
bolic content such as hashtags, URLs, and emojis
was removed. White-space normalization involved
trimming leading/trailing spaces and collapsing
consecutive spaces, while preserving meaningful
internal spacing. Empty lines were filtered out to
retain only valid text content.

1https://github.com/urduhack/awesome-urdu
2https://www.kaggle.com/datasets/jkkphys/

english-wikipedia-articles-20170820-sqlite

Workflow 1 Optimized Translation Workflow for
English-Urdu Language Pair

Require: ENcorpus (English Corpus), URcorpus

(Urdu Corpus) for tokenizer training,
EN-URparallel (English–Urdu Parallel
Corpus) for Transformer training

Ensure: ParameterOptimizedModel:
Best-trained Transformer model for
English–Urdu translation

1: ENprocessed ← preprocess(ENcorpus)
2: URprocessed ← preprocess(URcorpus)
3: EN-URprocessed parallel ←

preprocess(EN-URparallel)
4: for i← 1 to 5 do
5: Tokenizeri ←

TrainTokenizeri(ENprocessed, URprocessed)
6: Representationi ←

Tokenizeri(EN-URprocessed parallel)
7: Traini, V ali, T esti ←

SplitDataset(Representationi)
8: Modeli ←

TrainDPETransformer(Traini, V ali)
9: BLEUi ←

EvaluateTranslation(Modeli, T esti)
10: end for
11: Modelbest ← argmax(BLEUi)
12: Define candidate scaling parameters:

λ = [λ1, λ2, λ3, λ4, λ5]
13: λopt ← λ1, Sopt ← BLEU(Modelbest, λ1)
14: for j ← 2 to 5 do
15: Set scaling parameter of Modelbest to λj

16: Retrain or fine-tune Modelbest

17:

Sj ← EvaluateTranslation(Modelbest, T est)
18: if Sj > Sopt then
19: λopt ← λj , Sopt ← Sj

20: end if
21: end for
22: ParameterOptimizedModel←Modelbest

with λopt

English contractions were expanded (e.g.,
don’t → do not), and all English characters were
converted to lowercase. Urdu numerals were also
standardized to handle multiple numeral forms
consistently. Finally, Moses tokenization (Koehn
et al., 2007) was applied to segment the cor-
pus into tokens using spaces and punctuation as
boundaries. Table 1 provides a summary of the
dataset before and after preprocessing.
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Table 1 Corpus Collection for Tokenizers Training

English Words Urdu Words

Unfiltered 621,816,259 334,542,952

Filtered 621,795,309 334,431,969

3.2 Parallel Dataset Collection and Prepro-

cessing for Neural Machine Translation

To support the training of high-quality
English–Urdu Neural Machine Translation mod-
els, a large-scale parallel corpus was compiled
from diverse publicly available sources. The
selected datasets span a wide range of domains
including religious texts, news, subtitles, polit-
ical speeches, legal documents, human rights,
and general media content. This broad domain
coverage ensures lexical richness and structural
diversity, which are essential for building robust
translation models. A detailed breakdown of
each dataset source is provided below, with
sentence-level statistics summarized in Table 2.

• UMCOO5: Parallel Bible and Quran corpus
with sentence-level alignment in English and
Urdu (Jawaid and Zeman, 2011).

• CVIT PIB [v1.3]: Sentence-aligned corpus
from the Press Information Bureau website
covering 11 Indian languages (Siripragada
et al., 2020).

• CVIT MKB [v0.0]: Translations of Prime
Minister’s “Mann Ki Baat” radio speeches
(Siripragada et al., 2020).

• PIB Archives and The Wire: Paral-
lel corpora from Anuvaad platform across
multiple domains such as news, legal, and
healthcare (Ramesh et al., 2022).

• English-Urdu: Domain-specific corpora
(cinema, news, subtitles, Bible) collected for
Indian languages (Choudhary et al., 2020).

• CLE: Parallel corpus developed by the Cen-
ter for Language Engineering (CLE), based
on diverse newspaper content and manually
translated into Urdu.3

• UDHR: Universal Declaration of Human
Rights corpus in Unicode, sourced from
OHCHR.4

3https://www.cle.org.pk/software/ling resources/
testingcorpusmt.htm

4https://unicode.org/udhr/index.html

Table 2 English-Urdu Parallel Corpus Collection
for NMT

English-Urdu Dataset Parallel Sentences

UMCOO5 Quran = 6,414, Bible = 7,957

CVIT PIB [v1.3] 202,578

CVIT MKB [v0.0] 1,018

PIB (2017-2020) 141,244

PIB Archives (2015-
2016)

9,939

The wire (2021) 10,820

English-Urdu 40,453

CLE 400

UDHR 200

CC Matrix v1 6,100,000

Tatoeba 1,662

TED 15,754

Tico-19 3,071

QED 19,053

Global Voices 3,900

Total 6,564,463

• OPUS: Publicly available datasets from the
OPUS repository, including CC Matrix v1,
Tatoeba, TED, TICO-19, QED, and Global
Voices (Tiedemann, 2012).

All collected corpora were subjected to a pre-
processing pipeline to ensure the highest qual-
ity for training translation models. Initial steps
such as symbolic content filtering, trimming and
condensing of white-space, empty line removal,
English contraction expansion, English case nor-
malization, Urdu numeral normalization, and
Moses tokenization were performed following the
procedures detailed in Section 3.1. In addition
to these, further filtration steps specific to the
parallel dataset were applied.

To address inconsistencies in numerical data,
a non-zero numeral filter was implemented. This
filter ensures consistent translation formats for
numerals used in quantities and dates by penaliz-
ing sentence pairs exhibiting inconsistent or dis-
ordered numerals. Numeral sequences were identi-
fied while preserving their positional information,
accounting for cases such as omitted leading zeros.
The final alignment score was computed using
Python’s difflib library, with a default minimum
threshold of 0.5 for accepting valid sentence pairs.

Furthermore, filters based on the techniques
proposed by Muischnek and Müürisep (2019) were
utilized. The equal source-target filter eliminates
sentences that are identical on both the source
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Table 3 Statistics of English-Urdu Parallel Corpus

English Urdu

Parallel Sentences (Unfiltered) 6,564,463 6,564,463

Parallel Sentences (Filtered) 5,775,799 5,775,799

Words (Unfiltered) 78,676,618 98,482,406

Words (Filtered) 67,576,459 86,324,229

and target sides. The unique parallel sentence
filter ensures that duplicate sentence pairs are
removed, maintaining uniqueness across the cor-
pus. The correct language filter discards sentences
not belonging to the specified source or target lan-
guages, thereby preserving language consistency
within the dataset.

For alignment quality, a multi-target align-
ment filter was developed to remove instances
where a single source sentence was aligned to mul-
tiple target sentences. Similarly, a multi-source
alignment filter was created to eliminate cases
where a single target sentence corresponded to
multiple source sentences.

Finally, filtering mechanisms from the Moses
toolkit (Koehn et al., 2007) were incorporated to
refine the corpus further. The word limit thresh-
old filter discards sentence pairs where the word
count is either less than one or exceeds one hun-
dred words. The character limit threshold removes
segments containing words with a character length
exceeding fifty. Additionally, the sentence ratio
limit filter eliminates sentence pairs that violate
a maximum sentence length ratio of 1.7 between
the source and target sides.

The filtered dataset is publicly available on
Mendeley data (Asghar, 2025). The parallel num-
ber of parallel sentences and number of words
before and after cleaning are mentioned in Table
3. The final cleaned corpus comprises 5,775,799
parallel sentence pairs, to the best of our knowl-
edge, making it the largest, most refined, and
publicly available English–Urdu dataset to date.
Figure 1, illustrates the sentence length distri-
butions of the English and Urdu corpora after
preprocessing. Both languages exhibit highly sim-
ilar, right-skewed distributions, with the majority
of sentences concentrated between approximately
5 and 20 words. The close overlap between the dis-
tributions indicates comparable sentence-length
characteristics across the two corpora.

Fig. 1 English-Urdu Sentence Length Distribution

3.3 Subword Tokenization

To address vocabulary limitations in
English–Urdu neural machine translation, five
subword tokenization algorithms were evaluated.
The Subword-nmt5 and SentencePiece (Kudo and
Richardson, 2018) libraries were selected based
on their proven effectiveness and widespread
adoption in prior NMT research. Specifically,
Byte Pair Encoding (BPE) was trained using the
Subword-nmt library, while the SentencePiece

toolkit was used to train multiple models includ-
ing BPE, word-based, unigram language model,
and character-based tokenizers.

Separate vocabularies for English and Urdu
were trained using each algorithm. To ensure a
fair comparison, all tokenizers were trained from
scratch on the preprocessed corpora with a fixed
vocabulary size of 30,000 tokens and a character
coverage of 1.0.

Once the tokenizers were trained, the filtered
parallel corpus was segmented using the corre-
sponding English–Urdu tokenizers. The outputs
generated by the five selected tokenizers are illus-
trated in Figure 2 and Figure 3 and are discussed
in Section 4.1.

3.4 Neural Machine Translation

After segmentation using the selected tokeniz-
ers, the resulting parallel corpora were divided
into training, validation, and test sets using an
80%–10%–10% split, as shown in Table 4. These

5https://github.com/rsennrich/subword-nmt
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English String:
Hello, how are you ?

Subword-nmt-BPE:
['H@@', 'ell@@', 'lo', ',', 'how', 'are', 'you', '?']

SentencePiece-BPE:
['H', 'ello', '_,', '_how', '_are', '_you', '_?']

SentencePiece-word:
['Hell', 'o', '_,', '_ho', 'w', '_are', '_you', '_?']

SentencePiece-unigram:
['Hell', 'o', '_,', '_h', 'ow', '_are', '_you', '_?']

SentencePiece-char:
['H', 'e', 'l', 'l', 'o', '_,', '_h', 'o', 'w', '_a',
'r', 'e', '_y', 'o', 'u', '_?']

Fig. 2 English sentence segmentation across five
subword strategies

Urdu Sentence:
ëtŴI؟ όĵ HϜ ϝāɛUŹϟόʼ �èàٓ ،ũƳ �Ŭ Iόǋ

Subword-nmt-BPE:
,'؟'] 'ëtŴI όĵ', ' HϜ ϝāɛUŹϟόʼ', ' �èàٓ', ',', 'Ūόƚ', '@@ĕ Iʑ']

SentencePiece-BPE:
,'_؟'] 'ëtŴI όĵ_', 'þ', 'ñ�Źόʼ_', ' �èàٓ_', ',_', 'Ūόƚ', 'ĕ Iʑ']

SentencePiece-word:
,'_؟'] 'ëtŴI όĵ_', 'ÿȋ', 'ņό˂ _', ' �èàٓ_', ',_', 'Ūόƚ', 'ĕ Iʑ']

SentencePiece-unigram:
,'_؟'] 'ëtŴI όĵ_', 'ÿȋ', 'ņό˂_', ' �èàٓ_', ',_', 'Ūόƚ', 'ē', 'Ę']

SentencePiece-char:
,'_؟'] 'ê', 'ē', 'Ę_', 'þ', 'ð', 'ē', 'ú_', ' �è', 'àٓ_', ',_', 'ù', 'û', 'ē', 'Ę']
Fig. 3 Urdu sentence segmentation across five
subword strategies

Table 4 Dataset Splitting

Split Sentences

Training Set 4,620,639

Validation Set 577,579

Test Set 577,581

datasets served as the basis for training and
evaluating the translation models.

3.4.1 Word Alignment

To capture word-order correspondences between
English and Urdu, word alignments were gener-
ated using FastAlign (Dyer et al., 2013). These
alignments establish token-level correspondences
between the source and target sentences, provid-
ing the alignment information required by the
adopted reordering-aware transformer.

For English-Urdu translation, each tokenized
training set was processed with FastAlign using

English as the source language and Urdu as the
target language. For Urdu-English translation,
the source and target languages were reversed.
Since FastAlign requires access to both source
and target sentences, word alignments were gen-
erated only for the training data. The resulting
alignments are subsequently incorporated into the
DPE framework, as described in Section 3.4.2.

3.4.2 Transformer Model with Dynamic Posi-

tion Encoding

To address syntactic divergence between English
(SVO) and Urdu (SOV), this study adopted
the dynamic position encoding based transformer
architecture (Zheng et al., 2022), which refines
source positional embeddings to reflect the target-
language word order without explicitly reordering
the input sequence. Unlike the fixed positional
encodings used in the standard Transformer, the
variant model learns to adapt source positional
information during training through an auxiliary
reordering objective guided by word alignment
supervision. This enables the model to capture
the word-order transformations required between
English and Urdu while preserving the original
source sequence.

Each source word embedding wi is first com-
bined with its sinusoidal positional encoding pi

(Vaswani et al., 2017). The resulting representa-
tion, wi ⊕ pi, is passed through a two-layer DPE
Transformer network that generates a refined
positional embedding ri. These refined positional
embeddings replace the original positional encod-
ings before being supplied to the first encoder
layer of the translation model. In contrast to the
standard Transformer, which uses fixed sinusoidal
positional encodings throughout encoding, this
position aware model replaces them with refined
positional embeddings generated by its network.

During training, this network is supervised
using an auxiliary reordering objective. The
word alignments generated by FastAlign (Dyer
et al., 2013) provide token-level correspondences
between the source and target sentences. For
each source word wi, the aligned target word
determines the reference target position index
j, from which the corresponding sinusoidal posi-
tional embedding pj is obtained. The reordering
loss is computed as the Mean Squared Error
(MSE) between the refined positional embedding
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ri and the target positional embedding pj :

Lreorder =
1

|S|

|S|∑

i=1

MSE(pj , ri) (1)

where |S| denotes the source sequence length. The
overall training objective combines the translation
loss and the auxiliary reordering loss:

Ltotal = λLtranslation + (1− λ)Lreorder (2)

The hyperparameter λ controls the balance
between translation quality and positional refine-
ment. Lower values increase the relative contribu-
tion of the reordering objective, whereas higher
values place greater emphasis on the translation
objective.

Since FastAlign requires simultaneous access
to both the source and target sentences to gen-
erate word alignments, it is used only during
training to supervise the auxiliary reordering
objective. Once training is complete, the network
predicts refined positional embeddings directly
from the source sentence, eliminating the need for
target references or external alignment tools dur-
ing inference. Consequently, the model performs
translation in an end-to-end manner while pre-
serving the word-order knowledge learned during
training.

For each of the five tokenization variants
described in Section 3.3, a separate adopted trans-
former model was trained. The best-performing
tokenizer-model combination for each transla-
tion direction was subsequently selected for
hyperparameter tuning of λ, as described in
Section 3.4.3. Translation quality was evaluated
using BLEU (Bilingual Evaluation Understudy)
(Papineni et al., 2002), which remains the most
widely used metric in English–Urdu machine
translation research and facilitates direct compar-
ison with previously published studies. For Urdu–
English translation, additional evaluation metrics
including METEOR (Metric for Evaluation of
Translation with Explicit Ordering) (Banerjee
and Lavie, 2005), TER (Translation Edit Rate)
(Snover et al., 2006), and NIST (National Insti-
tute of Standards and Technology) (Doddington,
2002) were also reported to provide a broader
assessment of translation quality.

3.4.3 Reordering Loss Weight Optimization

Following the initial training of Transformer mod-
els, further fine-tuning was conducted by adjust-
ing the reordering loss weight λ in Equation 2,
which controls the contribution of the auxiliary
reordering loss relative to the main translation loss
during optimization.

Multiple values of λ were evaluated, ranging
from 0.1 to 0.7 in increments of 0.2, following the
experimental setup of Zheng et al. (2022). This
evaluation was conducted to determine the most
effective balance between translation learning
and reordering supervision for the English–Urdu
translation task. To verify its suitability for the
English–Urdu translation task, preliminary val-
idation experiments were also conducted using
values outside this interval. These experiments
consistently showed degraded performance, with
λ < 0.1 reduced translation quality and λ >

0.7 weakened positional refinement. Consequently,
only values within the range of 0.1 to 0.7 were con-
sidered for the final hyperparameter search. The
selected range therefore reflects both prior work
and empirical validation specific to our task.

The value that minimized the total loss while
maximizing translation accuracy was selected for
final evaluation. This tuning process ensured a
balanced contribution of both translation quality
and alignment learning, especially important for
language pairs with differing word order struc-
tures like English and Urdu.

3.4.4 Experimental Setup

All experiments were implemented using the
Fairseq toolkit (Ott et al., 2019). The base-
line employed the Transformer Base architecture,
while the main experiments utilized the Trans-
former variant (Zheng et al., 2022). Training was
performed for 20 epochs using the Adam optimizer
with an inverse square-root learning-rate schedule
on an NVIDIA Tesla T4 GPU. Unless otherwise
specified, default Fairseq Transformer Base hyper-
parameters were used. The best checkpoint was
selected based on validation BLEU score. During
inference, beam search with a beam size of 5 and
length penalty of 1.0 was applied. All experiments
used a fixed random seed of 42.
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4 Results and Discussion

This section presents the experimental results
and their analysis for each stage of the proposed
approach, following the data preprocessing and
word alignment steps. It begins with a compari-
son of different subword tokenization methods to
address vocabulary sparsity, while analyzing the
adopted transformer model performance trained
on each tokenized dataset. The section then exam-
ines the effect of hyperparameter tuning, specif-
ically the optimization of the scaling parameter.
The results highlight the impact of tokenization
choices and positional encoding optimization on
English and Urdu translation quality.

4.1 Tokenizer Evaluation and Translation

Results

Five tokenization strategies were evaluated for
English-Urdu and Urdu-English neural machine
translation using a fixed model configuration. All
models were trained on the same preprocessed
parallel corpus to ensure that performance dif-
ferences were attributable solely to tokenization
choices.

As shown in Table 5, Subword-NMT BPE
achieved the highest BLEU score (30.30) for
English-Urdu translation, while SentencePiece-
BPE produced the best BLEU score (26.90) for
Urdu-English (Table 6). Across both translation
directions, BPE-based approaches consistently
outperformed word-level, unigram, and character-
level tokenization methods. The observed differ-
ences can be partially explained by the segmenta-
tion patterns in Figures 2 and 3. For English-Urdu
translation, the superior performance of Subword-
NMT BPE can be attributed to its ability to
preserve semantically meaningful subword units
while decomposing infrequent words into reusable
components.

Figure 2 illustrates that words are segmented
into meaningful fragments rather than isolated
characters, allowing the model to represent rare
and frequent words through reusable subword
units while reducing vocabulary sparsity. This
is particularly beneficial during Urdu generation,
where preserving semantic information across
subword boundaries may contribute to more
accurate target-language generation. In contrast,
SentencePiece-BPE produced the best results for

Table 5 Translation performance for English-
Urdu across different tokenization techniques

Tokenization Method BLEU

Subword-nmt-BPE 30.30

SentencePiece-BPE 30.11

SentencePiece-Word 29.86

SentencePiece-Unigram 29.01

SentencePiece-Character 28.83

Table 6 Translation performance for Urdu-
English across different tokenization techniques

Tokenization
Method

BLEU METEOR TER NIST

Subword-nmt-
BPE

26.08 0.463 0.535 0.911

SentencePiece-
BPE

26.90 0.459 0.534 0.912

SentencePiece-
Word

26.47 0.456 0.549 0.901

SentencePiece-
Unigram

24.45 0.421 0.510 0.934

SentencePiece-
Character

25.01 0.376 0.547 0.900

Urdu-English translation. Figure 3 shows that
SentencePiece-BPE learns segmentation directly
from the training corpus while explicitly encod-
ing word-boundary information, providing richer
source-side representations of Urdu text and
enabling the encoder to capture contextual depen-
dencies more effectively before translation into
English. These findings suggest that English-Urdu
translation benefits more from preserving coher-
ent subword units during target-language gener-
ation, whereas Urdu-English translation benefits
more from robust source-side encoding through
corpus-driven segmentation. Word-level tokeniza-
tion remained vulnerable to unseen vocabulary
because rare words could not be decomposed into
reusable units, while character-level tokenization
substantially increased sequence length by frag-
menting meaningful units across many tokens,
making contextual modeling more difficult.

Collectively, these findings highlight the effec-
tiveness of BPE-based tokenization in reducing
vocabulary sparsity through meaningful subword
segmentation. Although this comparison focused
on tokenization strategies, translation quality
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Table 7 Impact of the reordering loss weight λ on
English-Urdu translation performance

Model BLEU

Transformer Base Vaswani et al. (2017) 28.78

Transformer-DPE (λ = 0.1) 29.01

Transformer-DPE (λ = 0.3) 30.30

Transformer-DPE (λ = 0.5) 31.95

Transformer-DPE (λ = 0.7) 29.91

was also influenced by the adopted Transformer
architecture, which addresses word-order diver-
gence between English and Urdu. Even when
using the same tokenizer, the transformer vari-
ant outperformed the standard transformer base-
line by improving BLEU scores, as discussed in
Section 4.2.

4.2 Hyperparameter Tuning Results

To further enhance model performance, partic-
ularly in capturing reordering patterns between
English and Urdu, hyperparameter tuning was
conducted by adjusting the positional encoding
loss weight λ in the model. The objective was to
determine the optimal balance between transla-
tion accuracy and position prediction, as governed
by the total loss function defined in Equation 2.
This experiment was conducted by fine-tuning
the best-performing trained models obtained
from the tokenizer evaluation stage, correspond-
ing to Subword-nmt-BPE for English–Urdu and
SentencePiece-BPE for Urdu–English, using a
default λ value of 0.3. These choices ensured that
hyperparameter optimization was applied to the
most effective tokenization configurations for each
translation direction.

Tables 7 and 8 report BLEU scores across
different λ values, alongside the standard Trans-
former baseline. For English-Urdu translation, a
λ value of 0.5 yielded the highest BLEU score of
31.95. Conversely, for Urdu-English, the best per-
formance was achieved at λ = 0.7, with a BLEU
score of 27.90.

These results demonstrate the importance of
modeling positional dependencies and fine-tuning
positional encoding weights. Appropriate selec-
tion of λ significantly improves translation quality
by enabling more effective modeling of syntac-
tic reordering patterns inherent in English–Urdu
language pairs.

Table 8 Impact of the reordering loss weight λ on
Urdu-English translation performance

Model BLEU

Transformer Base Vaswani et al. (2017) 25.50

Transformer-DPE (λ = 0.1) 26.00

Transformer-DPE (λ = 0.3) 26.90

Transformer-DPE (λ = 0.5) 27.70

Transformer-DPE (λ = 0.7) 27.90

In addition to the final BLEU scores, Figure 4
provides a visual trajectory of model performance
across training epochs for each λ setting. These
trends reveal that while all models improved
steadily over time, certain configurations demon-
strated more accelerated gains. For English-Urdu
translation, λ = 0.5 consistently led to higher
BLEU scores beyond epoch 8, confirming its supe-
rior balance between translation and position
prediction losses. In the Urdu-English direction,
λ = 0.7 maintained a clear advantage in later
epochs, reflecting its effectiveness in capturing
complex reordering patterns.

(a) BLEU score vs. epochs for EN-UR

(b) BLEU score vs. epochs for UR-EN

Fig. 4 BLEU score comparison across epochs for
different λ values
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Table 9 Performance comparison between the
baseline and the proposed approach

Approach EN–UR UR–EN Sent. (k)

Transformer Base
Vaswani et al. (2017)

28.78 25.50 5,776

Transformer-DPE
(λ = 0.5)

31.95 27.90 5,776

Table 10 Existing English and Urdu Machine
Translation Approaches

Approach EN–UR UR–EN Sent. (k)

SMT Ali et al. (2013) 37.10 – 27

LSTM Andrabi et al.
(2022)

45.83 – 31

MNMT Sen et al.
(2018)

21.48 26.26 27

CEUT Rai et al. (2020) 29.94 – 648

MNMT Bala Das et al.
(2023)

28.70 26.90 5,520

LKMT Ul Hassan et al.
(2024)

30.90 29.86 648

FConv-NN Israr et al.
(2024)

– 40.22 10

Transformer
(Dual-Encoder) Israr
et al. (2025)

– 43.10 100

Transformer (Avg.
Embeddings) Zuhra
et al. (2026)

47.18 – 1083

4.3 Performance Analysis

Table 9 presents the performance of our optimized
Transformer configuration compared with the
Transformer baseline on the identical dataset. The
optimized configuration achieves BLEU scores
of 31.95 for English-Urdu and 27.90 for Urdu-
English, outperforming the baseline by +3.17 and
+2.40 BLEU points, respectively. These improve-
ments indicate that positional encoding optimiza-
tion contributes positively to translation quality.

To further examine the impact of posi-
tional encoding optimization on word-order diver-
gence, Figure 5 presents representative English-
Urdu and Figure 6 presents representative Urdu-
English translation examples. The highlighted
segments indicate differences in constituent order-
ing between the baseline and the optimized config-
uration. While the baseline often preserves source
language ordering patterns, the optimized config-
uration generally produces structures that better
align with the target language syntax. In the
English-Urdu examples (Figure 5), the baseline
places temporal phrases such as ”after several

Source 1: The committee approved the proposal after
several rounds of discussion.
Reference: ēí۔ ēïũ �ɫ �ƈόǒ ņό˂ �Ō�ύʷ ũ �ɋ �όň î̥ �όĹ ÿƟ 
éɅ �όň ņό˂ üόŰàĠĝ ĕżٔόʾ ÿ �Ŏ ĕ;ż �ų ό̪˒

Transformer Base: 
éɅ �όň ņό˂ üόŰàĠĝ ĕżٔόʾ ç �Ŭόʾ ïũ �ɫ �ƈόǒ Ūόƞ �Ō�ύʷ ũ �ɋ �όň ÿ�Ŏ ĕ;ż �ų ό̪˒
-î̥ �όĹ ÿƟ

Our Approach: ç۔ �Ŭόʾ ïũ �ɫ �ƈόǒ Ūόƞ �Ō�ύʷ ũ �ɋ �όň î̥ �όĹ ÿƟ 
éɅ �όň ņό˂ üόŰàĠĝ ĕżٔόʾ ÿ �Ŏ ĕ;ż �ų ό̪˒
Source 2: The company plans to launch a new product
next month.
Reference: ĕ�żȐόƣï Ęíàïà çόī ÿ �Ŏàŕόƞ �öïç̥ �Ƅόǒ �èçόȵũ �ŻɞόȘ ĕ]ż �όį ʺ�όěà ĘąόĶ Ϝħƹϟϔ˭ à ĕ �ż �ų̪ό˒۔ÿIȊ
Transformer Base: ĕ�żȐόƣï Ęíàïà çόī ÿ �Ŏàŕόƞ �öïç̥ �Ƅόǒ �èçόȵũ �ŻɞόȘ ĕ]ż �όį ĕ �ż �ų̪ό˒

-ĘąόĶ Ϝħƹϟϔ˭ àÿIȊ
Our Approach: ņ�ύŉŕόƞ Ęíàïà çόī ÿ �Ŏàŕόƞ �öïç̥ �Ƅόǒ �èçόȵũ �ŻɞόȘ ĕ]ż �όį ĘąόĶ Ϝħƹϟϔ˭ à ĕ �ż �ų̪ό˒۔ÿIȊ

Fig. 5 Qualitative comparison of English–Urdu
translation outputs

Source 1: ą۔ �ύĜí ŕόƞ ēŌ�όʷ Ūόƞ ý �ŌƾόĶ î̥ �όĹ ÿƟ HϜ ϝā�ƂUųϟϏƘ Ę VŌ ٔόʷç �όŰ çόī îI όĵàž 
όǲ ýç̪ �όŤ ÿ �Ŏ �ăόƗàîόȵ
Reference: The court acquitted the accused after
reviewing the evidence.
Transformer Base: The court after evaluating all evi-
dence acquitted the accused.
Our Approach: The court acquitted the accused after
evaluating all the evidence.

Source 2: ÿƟ ʺόưç̪όŦ ĕżٔόʾ ϜĂٔƂϟϔƗ ÿƟ ēïç �Ŭ �όį ņό˂ �ë �Ŵ̭˄ �όĜù ĕ ]ż �όį ÿ �Ŏ êŪ �όŊàí ñVŹ ]όěçόű
ç۔ �Ŭόʾ ėƴ̧ �ƈ �όĞ çόī ÿ �Ŏŕόƞ �êùç̥ �όĹ Ł �όŇçόű

Reference: The scientists decided to collaborate with
several countries to develop a new vaccine.
Transformer Base: The scientists decided with several
countries to collaborate for developing a new vaccine.
Our Approach: The scientists decided to collaborate
with many countries to develop a new vaccine.

Fig. 6 Qualitative comparison of Urdu-English
translation outputs

rounds of discussion” and ”next month” at the
sentence-final position, preserving English post
verbal adjunct ordering. The optimized configura-
tion correctly fronts these temporal constituents
to the pre verbal slot, yielding fluent Urdu
SOV structure. In the Urdu-English examples
(Figure 6), the baseline retains Urdu-like order-
ing, placing the temporal clause ”after evaluating
the evidence” immediately after the subject and
positioning the prepositional phrase ”with several
countries” before the infinitive ”to collaborate”.
The optimized model corrects these errors, pro-
ducing natural English SVO order with proper
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adjunct placement. Although occasional lexical
and grammatical variations remain, the examples
demonstrate improved handling of cross lingual
reordering, consistent with BLEU gains observed
in Table 9.

Table 10 provides a contextual comparison
with previously reported English–Urdu machine
translation systems. Direct comparison of BLEU
scores across studies should be interpreted cau-
tiously because translation performance is influ-
enced by differences in dataset composition,
domain coverage, preprocessing pipelines, and
evaluation settings (Post, 2018). Furthermore, the
studies summarized in Table 10 were trained and
evaluated on datasets that vary substantially in
size, ranging from 10k to 5.52 million sentence
pairs. Previous work has shown that translation
quality is highly sensitive to the quantity and
characteristics of training data, making cross-
study BLEU comparisons inherently challenging
(Miceli Barone et al., 2017; Lankford et al., 2021).
Nevertheless, among approaches trained on large-
scale datasets, the proposed framework achieves
competitive performance while utilizing a publicly
released corpus comprising 5.77 million parallel
sentence pairs. These results highlight the com-
plementary roles of effective subword tokeniza-
tion and reordering-aware word-order modeling in
improving English–Urdu neural machine transla-
tion.

5 Threats to Validity

Translation quality was evaluated using estab-
lished automatic metrics, including BLEU,
METEOR, TER, and NIST. While these metrics
facilitate objective comparison with prior studies,
they may not fully reflect all aspects of translation
quality as perceived by human evaluators. Future
work may incorporate language-agnostic metrics
such as chrF, statistical validation techniques
including significance testing and confidence inter-
vals, and human assessment to provide a more
comprehensive evaluation for English–Urdu trans-
lation systems.

6 Conclusion

This study presented a framework for improv-
ing English–Urdu neural machine translation by
addressing two key challenges: vocabulary sparsity

and syntactic word-order divergence. To support
reproducible research, a large-scale English–Urdu
parallel corpus was compiled, cleaned, and
released publicly. The proposed framework experi-
mentally evaluated multiple subword tokenization
strategies and a reordering-aware Transformer
architecture to mitigate vocabulary limitations
and structural differences between English and
Urdu.

Experimental results demonstrated that tok-
enization strategy plays a critical role in trans-
lation quality. Subword-NMT BPE achieved the
best performance for English–Urdu translation,
while SentencePiece-BPE produced the strongest
results for Urdu–English translation. In addition,
optimizing the reordering loss weight consistently
improved performance over the Transformer base-
line in both translation directions. These find-
ings highlight the importance of addressing
vocabulary segmentation and word-order diver-
gence, demonstrating that targeted adaptations of
Transformer-based models can yield meaningful
improvements for linguistically distant language
pairs.

From a practical perspective, the proposed
framework has potential applications in multilin-
gual communication, content localization, educa-
tional technologies, and cross-lingual information
access for Urdu-speaking communities. Practical
deployment may additionally require addressing
challenges related to domain adaptation, com-
putational efficiency, and robustness to noisy
user-generated text.
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