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ABSTRACT

Neural Machine Translation (NMT) has achieved state-of-the-art performance using autoregressive
Transformer. However, the trade-off between translation quality and decoding speed remains a
central challenge. This problem is further intensified for low-resource languages such as Urdu, where
limited parallel data and complex linguistic structure result in poor translation quality and reduced
model effectiveness. To overcome this problem Non-Autoregressive Transformer (NAT) and Non-
Autoregressive Transformer with Iterative Refinement (iNAT) are proposed. This paper investigates
NAT and iNAT for low resource language Urdu-English machine translation. We analyze translation
accuracy and their effectiveness for low-resource language pairs. Experimental results show that both
NAT and iNAT outperform the baseline Autoregressive Transformer (ART) in terms of translation
accuracy. However, the overall translation quality remains limited due to the complex linguistic
structure and resource scarcity of the Urdu-English pair. To address this limitation, we further refine
these architectures by introducing an additional graph-based learning layer that captures latent
relationships among tokens through attention-driven graph representations. The proposed graph-
enhanced model learns contextual dependencies by dynamically constructing graphs over attention
representations. Experimental evaluation demonstrates that the proposed architecture improves the
translation performance of both NAT and iNAT models. On the Urdu-English translation task, the
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proposed model achieves a 3.0% higher BLEU score than the baseline models. The findings highlight
the significance of incorporating graph-based layer to enhance translation quality, making NMT
systems more effective for low-resource and linguistically complex languages such as Urdu.

Keywords: Low-resource language, machine translation, non-autoregressive, transformer, Urdu.

INTRODUCTION

Neural Machine Translation (NMT) has transformed language translation using encoder-decoder
architectures and attention mechanisms. Early NMT systems relied on recurrent and convolutional
neural networks, including LSTM, GRU, and CNN-based models. With these architectures, NMT
evolved rapidly over the past decade (EI Maazouzi, 2017). In recent years, however, the field has
shifted toward fully attention-based models, particularly the Transformer architecture introduced by
Vaswani et al. (2017). The Transformer has become state-of-the-art approach for NMT across a wide
range of translation tasks (Vaswani et al., 2017). The standard Transformer uses multi-head self-
attention and position-wise feed-forward layers. The self-attention mechanism enables the model to
capture long-range dependencies in a sequence. In addition, the Transformer performs computations
in parallel, which significantly improves efficiency. As a result, it has achieved substantial
performance gains across a wide range of translation tasks (Banerjee & Banik, 2025; Lakew et al.,
2018; Zaki, 2024). These improvements have led Transformer-based models to become the dominant
architecture in both academic research and industrial translation systems (Zaki, 2023).

The vanilla Transformer adopts an autoregressive strategy to translate. The Autoregressive models
generate target tokens sequentially. To produce a current token the model uses the prediction from
the previous time step. Each token depends on the source input and the token generated before it. As a
result, the translation is generated sequentially in a left-to-right (LTR), word-by-word manner (Li et
al., 2023). Because each token must wait for the prediction of the previous toke, this left-to-right
decoding leads to high inference latency. The decoding speed and sequence generation latency remain
significant bottlenecks for real-time applications.

In order to handle this speed and translation latency issue Non-Autoregressive Transformer (NAT) are
introduced. The NAT models employ a more efficient parallel decoding then autoregressive/vanilla
transformers (Gu et al., 2017). NAT models employ single pass decoding that attempt to generate all
tokens in parallel. This significantly improves the translation speed. However, it often sacrifices the
translation quality. The NAT-based on the Transformer generate each token independently and
simultaneously. The NAT model assumes that the prediction of each target token is conditionally
independent. It is based only on the source input. As a result, it does not consider previously
generated words and generates all target tokens in parallel at once (Li et al., 2023).

One of the major limitations of NAT MT model is their low translation performance. This problem is
mainly caused by incorrect prediction about target sentence length. In NAT, the model typically
predicts the target sentence length before generating target tokens. If this predicted length is shorter
than the true length, the output senetnce may miss some important words (Lim et al., 2022). To
enhance the NAT model various improvement have been proposed at either encoder or decoder
module (Ghazvininejad et al., 2019; Liu et al., 2021; Stern et al., 2019). However, their performance
still remains far from optimal. Additionally, NAT models may also produce unclear phrases and
repeated words in the translated output.. This is because in NAT models, each token in the target
sentence is generated independently (Zhou et al., 2019). In order to overcome this problem a variation
to NAT model called NAT with iterative refinement (iNAT) is proposed.
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iNAT improve translation via multiple passes over predicted output (Xiao et al., 2025). iNAT models
uses multiple decoding steps to generate the final results. The model keeps the non-autoregressive
decoding approach in each step. The results from earlier steps provide partial target-side information.
These intermediate results are iteratively refined in subsequent steps, leading to improved translation
guality. Through this iterative refinements, the performance of these models achieved significant
improvements. In certain cases, they surpass their ART counterparts.

In a separate approach to iterative refinement, Norouzi et al. (2023) proposed Distill Multiple Steps
(DiMS) model (Norouzi et al., 2023). The DiMS uses a simple and effective distillation technique to
generate quality translation. It reduces the number of steps needed to achieve a certain translation
quality in DU-EN MT task. As a result of the architectural modification, the proposed model
achieved notable gains in both efficiency and translation accuracy (Norouzi et al., 2023).

Another refinement model is proposed by Jason Lee. Lee et al. (2018) proposed Deterministic Non-
Autoregressive Neural Sequence Modeling by lterative Refinement. The model use conditional
denoising auto-encoder. That substantially improved the translation quality (Lee et al., 2018). Like
DiMS, this approach demonstrates that iterative refinement can enhance both translation accuracy and
efficiency, providing a more effective solution for non-autoregressive translation. These models have
recently demonstrated impressive performance in various translation and generation tasks, surpassing
the ART counterparts. However, further research is still needed to build more efficient and
competitive iINAT models that can achieve consistent and robust performance across different tasks
(Xiao et al., 2025).

Urdu is a low-resource South Asian language with significant practical importance. The language has
over 231 million speakers (Basit et al., 2024). It is one of the most widely spoken languages in South
Asia and among the top ten languages in the world. Despite widely spoken, most NMT research has
primarily focused on European and other high-resource languages (Zamin, 2013). Urdu remains
relatively under-explored in systematic and controlled NMT studies (Khan & Khan, 2025). This
imbalance highlights a clear research gap, emphasizing the need for more focused investigation into
the challenges and development of effective NMT approaches for Urdu (Bilal, 2016).

Furthermore, Urdu is a difficult language for NMT systems. It is morphologically rich language. The
linguistic complexity makes it difficult to effectively align source and target languages, particularly in
low-resource conditions (lIsrar et al., 2025; Safder et al., 2024). These challenges highlight the need
for systematic evaluations that examine architectural variations and analyze their effectiveness under
controlled experimental conditions. In this context, it is useful to explore different neural translation
paradigms, such as NAT and Iterative NAT models for UR-EN MT. This exploration will provide
deeper insights into their suitability and performance for Urdu-English MT.

To overcome the limitations of existing work, this study focuses on two key contributions. First, it
evaluates the performance of both autoregressive and iNAT models in Urdu-English machine
translation. Second, it develops a model designed to produce more accurate, fluent, and contextually
relevant translations. To address the limitations of existing approaches, this study makes several
contributions to Urdu-English NMT. First, it provides a systematic comparison of Non-
Autoregressive Translation (NAT) and Iterative Non-Autoregressive Translation (iNAT) models for
the Urdu-English translation task, with particular emphasis on translation quality and accuracy.
Second, the study proposes an architectural enhancement by incorporating a graph layer into the NAT
and iNAT frameworks to improve the modelling of relationships and contextual information within
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the translation process. Finally, a controlled and reproducible experimental evaluation is conducted to
investigate the effectiveness of the proposed graph-enhanced architectures and to quantify their
impact on Urdu-English NMT performance. Collectively, these contributions aim to develop
translation models that generate more accurate, fluent, and contextually relevant Urdu-English
translations while providing empirical evidence on the effectiveness of graph-based architectural
enhancements for non-autoregressive machine translation.

The remaining paper is structured as follows: Section 2 depicts the Related Work on AR Transformer,
NAT, and iNAT-based NMT models. Section 3 outlines the methodology, implementation and the
proposed graph-based layer. Section 4 presents the experimental setup, while Section 5 reports the
results and compares them with existing models. Section 6 concludes the study and suggests
directions for future research.

RELATED WORKS
This part of the paper consists of related work to ART, NAT and iNAT using different datasets and
neural translational approaches. It is organised into three subsections: Autoregressive Models, Non-

Autoregressive Transformers with iterative refinement, and Urdu-English NMT. The models and
datasets used are summarized in Tables 1, 2, and 3.

Table 1

Summary of Transformer-Based Models

Reference Model Language pair
(Vaswani et al., 2017) Transformer DU-EN
(Wang et al., 2025) Transformer BPE DU-EN
(Israr et al., 2024a) Transformer with sub wording UR-EN
(Gangar et al., 2021) Transformer with BPE HI-EN
(word / sentence level)
(Mahsuli et al., 2023) Transformer with LenM model AR-EN, DE-EN
(Busto-Castifieira et al., 2024) Transformer for NLG ER-EN
(Shahriar & Barbosa, 2024) Bi- direction Transformer BN-EN
.. . HI, TA, MR, OD, PA,

(Dixit, 2023) Auto-regressive Transformer and TE to EN

Autoregressive Models

Autoregressive Transformer models have significantly reshaped the landscape of machine translation.
Since their introduction, the versatility of transformers has encouraged researchers to adopt it for
different MT tasks across multiple languages (Kamatala et al., 2025).

Transformer architecture for Dutch-English (DU-EN) translation task model was proposed by
Vaswani et al. (2017). Their finding demonstrated strong performance compared to earlier NMT
models. However, the model faced challenges in handling rare and out-of-vocabulary (OOV) words.
Transformer relies on a fixed word-level vocabulary, rare and unseen words are often mapped to an
unknown token and lost in the output. To address this limitation, later studies incorporated Byte Pair
Encoding (BPE) with Transformer. BPE segmenting words into smaller subword units, which lets the
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model compose rare words from known pieces and reduces vocabulary mismatch and improving
translation quality for DU-EN (Wang et al., 2025).

While, Transformer-based approach that uses subword units for representing text in Urdu-English
machine translation was developed by Israr et al. (2024a). Their study demonstrated that the approach
is effective for language pairs with different writing directions, such as left-to-right (LTR) and right-
to-left (RTL) scripts. By integrating Byte Pair Encoding (BPE) with the Transformer architecture, the
model achieved improved handling of rare and OOV words. Their results showed that subword
modeling significantly reduce the OOV problem, leading to better translation quality. Gangar et al.
(2021), used a Transformer model to translate texts from Hindi-to-English in a low-resource setting.
They used the Hindi-English parallel corpus provided by the Center for Indian Language Technology
(CFILT), IT Bombay. They experimented with both word-level and subword-level tokenization using
Byte Pair Encoding (BPE), and thus achieved a state-of-the-art BLEU score on test set (Gangar et al.,
2021).

The Autoregressive Transformers generate target tokens sequentially, which often leads to high
decoding latency. Mahsuli et al. (2023), implemented a Transformer model with a novel
multiplicative residual connection. They also proposed the use of a length model (LenM) during
decoding. The experiments were conducted on two language pairs: (1) German-English and (2)
Arabic-English. The results showed that the ART, when combined with the length model, performs
better than the baseline system (Mahsuli et al., 2023).

Busto-Castifieira et al. (2024) implemented a bidirectional Transformer for a Spanish-English natural
language generation (NLG) (Busto-Castifieira et al., 2024). Similarly, Shahriar et al., applied a
Transformer-based approach for Bengali-English translation (Shahriar & Barbosa, 2024). Dixit
(2023), applied Transformer models to multiple Indian languages, including Hindi, Tamil, Marathi,
Odia, Punjabi, and Telugu, for translation into English. They explored transfer learning and its
variations using benchmark datasets such as IMDB, SQUAD 2.0, and RACE. Their study concluded
that Transformer-based approaches achieve state-of-the-art results for South Asian languages (Dixit,
2023).

Despite demonstrating strong performance in translating these languages, the sequential decoding
process of autoregressive models still leads to slow inference speeds, limiting their applicability in
real-time translation. This has motivated researchers to explore non-autoregressive translation (NAT)
models as a means to achieve faster decoding.

Table 2

Summary of Transformer-Based NAT and iNAT Models

Reference Model Language pair
(Guetal., 2017) NAT DU-EN
(Lee etal., 2018) NAT DU-EN
(Wang et al., 2019) NAT with Auxiliary Regularization EN-DU
(Gu & Kong, 2021) NAT with KD, CTC and GLAT EN-RO, EN-JA and EN-DU
(Kasai et al., 2020b) NAT models with CMLM EN-DU, EN-ZH, and EN-FR
(Inaguma et al., 2021) NAT ES-EN
(Kasai et al., 2020a) iINAT EN-DU
(Ghazvininejad et al., 2019) iNAT DU-EN
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Non-Autoregressive Transformers and Iterative Refinement on NAT

The non-autoregressive (NAT) variant of the Transformer model employs an optimized model design.
It features a modified Transformer architecture and uses an alternative decoding algorithm. NATSs
enable parallel decoding of all tokens, resulting in reduced time complexity. Early work on NATSs
includes Gu et al. (2017) and Lee et al. (2018), for EU-DU translation task. In recent years, many
studies have aimed to achieve the translation quality of autoregressive models using non-
autoregressive approaches (Gu et al., 2017; Lee et al., 2018).

Wang et al. (2019) proposed a Non-Autoregressive MT model with Auxiliary Regularization (AUX-
REG). They evaluated the model on the IWSLT14 German-to-English (IWSLT14 DE-EN) and
IWSLT16 English-to-German (IWSLT16 EN-DE) datasets. By improving the quality of decoder
hidden representations through two auxiliary regularization techniques, the model effectively
addresses repeated and incomplete translations, achieving significantly lower latency (Wang et al.,
2019). Schmidt et al. (2022) reviewed several techniques proposed to improve non-autoregressive
translation models and compared their combined impact on translation quality and speed, using the
WMT’13, WMT’14, and WMT’16 English-German (EN-DE) datasets (Schmidt et. al., 2022). The
study also provides more realistic expectations for speed.

Gu et al. (2017) applied a NAT model for translation on the WMT’14 EN-RO, EN-JA, and EN-DE
datasets. He explored variations of the core model using CTC, GLAT, RND, and KD (knowledge
distillation), and provided concise results comparing them with autoregressive (AT) and existing NAT
approaches. NAT models with a sufficient number of iterations generally outperform the fully
autoregressive baseline (Gu & Kong, 2021). Inaguma et al. (2021), implemented NAT for Spanish-
English translation, applying the model to improve decoding speed while maintaining competitive
translation quality (Inaguma et al., 2021).

Whereas, Kasai et al. (2020b) evaluated NAT models with CMLM on the WMT’14, WMT’16, and
WMT’17 datasets, including EN-DE, EN-ZH, and EN-FR. The study investigated autoregressive
models with encoders and decoders of varying depths. Sequence-level knowledge was applied to both
NAT and ART models during training. Experimental results show that a deep encoder and a single-
layer autoregressive decoder perform very well on MT tasks. It can outperform strong non-
autoregressive models while keeping similar inference speed. This study proposes a new approach for
future research. Furthermore, It focuses on achieving fast and accurate machine translation (Kasai et
al., 2020b).

Despite demonstrating strong performance in translating these languages their translation quality
remains lower since tokens are produced non-conditionally in parallel in single pass decoding.
Iterative refinement provides an alternative by updating predictions over multiple passes, reducing
errors and improving output quality. Hence maintaining balances between speed and quality.

Further extending the idea of iterative refinement in decoding by Kasai et al. (2020a) proposed a
variation of the Transformer called the DisCo Transformer (Kasai, 2020a). DisCo is a non-
autoregressive (NAT) Transformer with attention masking. The proposed model generates all tokens
simultaneously, significantly reducing decoding time on average. Each generated token is conditioned
on an arbitrary subset of the other tokens, which leads to performance gains during training.
Ghazvininejad et al. (2019) proposed a variation to NAT with parallel decoding. The proposed model
generates subset of target translation conditioned on both the input text and a partially masked target
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translation. The model predicts all of the target words non-autoregressively in first iteration. In
subsequent iteration the decoder repeatedly mask out the produced subset of words. The decoder
updates the words with low confidence (Ghazvininejad et al., 2019). Huang et al., proposed iterative
refinement over NAT model using knowledge distillation technique (Huang et al., 2022). Their
proposed model produces translations with fewer repetition errors, thereby significantly reducing the
mismatch between training and inference.

Graph Neural Networks and Graph-Enhanced Transformers

The Sequential Transformer-based model like ART, NAT and iNAT have demonstrated the
effectivness in NMT. However, their self-attention mechanisim does not explicitly encode linguistic
structure and remain inefficient for long sentences. To address this limitation, recent work has
explored graph neural networks (GNNs) and graph-enhanced Transformers. These methods sentences
are represented as graphs and information is propagated between connected words through message
passing. In this line of research, dependency (syntactic) graphs are used to model grammatical
relations between words, whereas semantic graphs aim to capture meaning-level relations beyond
word order. In NMT, Bastings et al. incorporated syntactic dependency graphs into the encoder, while
Marcheggiani et al. integrated semantic graph representations to enrich word embeddings, both
reporting improvements in translation quality. Nevertheless, GNN-based approaches can be sensitive
to noisy or unreliable graph structures, which degrade generalization performance.

To mitigate this, recent architectures have proposed Graph-based encoders and graph-aware
Transformer variants, including graph attention networks and syntax-aware attention/Transformers
are proposed. The transformer with GNN explicit structural signals can strengthen contextual
representations and better support long-range dependency modeling compared to purely sequential
encoders. Through graph attention networks, graph transformers, or syntax-aware attention
formulations, where attention is constrained or re-weighted by graph neighborhoods. That result into
more long-range dependency modeling.

However, these GNN based approaches primarily focus on ART architectures and high-resource
language pair. Consequently, the integration of graph representations into efficient NAT and iNAT
models remains largely unexplored.

Table 3

Research Summary on Urdu MT

Reference Model Language pair
(Safder et al., 2024) Transformer UR-EN
(Israr et al., 2025) Transformer UR-EN
(Israr et al., 2023) Transformer with subword UR-EN
(Javed et al., 2025) Transformer curriculum learning, back-translation, BERT ZN-UR
(Zuhra et al., 2026) Transformer with different word embeddings UR-EN
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Urdu-English NMT

In recent years, Transformer models have been widely studied for Urdu-English NMT tasks. Safdar et
al. (2024) conducted experiments on English-Urdu translation using the Transformer (Safder et al.,
2024). Their proposed method demonstrated strong performance on the Urdu-English translation task.

Israr et al. (2023) has conducted extensive experiments on Urdu-English NMT using LSTM, GRU,
CNN, and Transformer models. They proposed a refinement by introducing an attention-based
dropout layer in the Transformer model, which resulted in a little improvement in translation
accuracy. They also investigated a Transformer that utilizes subword units for Urdu-English MT.
Their result demonstrated that subword modeling solve the OOV words problem. When combined
with sub wording transformer performs better than the baseline ART transformer. It is experimented
with dual-encoder-based Transformer and LSTM models for Urdu-English machine translation. Their
study concluded that combining LSTM with a Transformer-based model improves overall translation
performance (lsrar et al., 2025).

Transformer-based NMT model was introduced by Javed et al. (2025) for Chinese-Urdu translation.
The proposed model integrated curriculum learning, back-translation, BERT-based contextual
embeddings in the transformer. To address data sparsity and OOV issues, the author employed a
variant of the loss function. Their findings demonstrate measurable gains in BLEU scores and
improved contextual coherence. Zuhra et al. (2026) proposed a novel English-to-Urdu NMT model
based on the Transformer architecture, which leverages the average of three types of word
embeddings: Urdu word2vec (skip-gram-based), part-of-speech n-gram (POS-Ngram) embeddings,
and POS-POS embeddings. The resultant model generates translation with high accuracy (Zuhra et
al., 2026).

The literature review shows that substantial research has been done on translating different language
pairs using autoregressive Transformer (ART) models. Many studies have focused on translating
resource-rich languages such as English (EN) , French (Fr), and Chinese (Zn). However, less work
has focused on translating the morphologically rich, under-resourced Urdu-English pair. A few
studies have explored using autoregressive Transformer models for Urdu-English translation, but
NAT and iNAT models have not been applied to this language pair. The present research focuses on
addressing limitations highlighted in previous studies by exploring NAT and iNAT for Urdu-English
translation and proposes a graph-enhanced NAT and iNAT model for the UR-EN language pair.

THE PROPOSED METHOD
This section of the paper presents the details of the tools used and the implemented NAT and iNAT
encoder. The research methodology followed in this study is depicted in Figure 1, which outlines the

step-by-step process of the experiments. To clearly describe the methodology and improve
comprehension, a list of variables and their descriptions is provided in Table 4.
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Figure 1

Model Training and Evaluation Workflow
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The workflow of the implemented NAT encoders is illustrated in Figure 2. Figure 3 illustrates the
proposed NAT model with an additional graph layer.

Figure 2

Transformer Based Encoder
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Table 4
List of Variables Used to Describe MT Model
Symbol Description Symbol Description
Xm Source sentence of length M Yn Target sentence of length N
K Value for self-attention q Query for self-attention
K Key for Multi-Head Attention PE Positional encoding
V Values for Multi-Head Attention Q Query for Multi-Head Attention
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Autoregressive Transformer

Autoregressive Transformer is an encoder-decoder architecture for MT that takes source sentence X =
(X1, X2,...., Xm), represented as word embedding and positional embedding and generates the
corresponding target sentence Y = {y1,y2,..., yn}, as defined in Equation 1. Each word in the input
sentence is represented by a real vector called word embedding. As shown in Fig. 1, Transformer
models estimate the probability of producing a target sequence Y given the source sequence X,
conditioning on the input and earlier target tokens. Equation 2 expresses the joint probability of the
target tokens given X. This can be expressed as a chain of conditional probabilities, as illustrated in
Equation 3:

f(X=Y)=P(Y|X) (1)
P(Y|X)=P(yn¥2 Vs .. ¥y | X; bar) 2
Lo P(Yil Yei  X; Bar ) (3)

Such that y; represents the token generated at i time step. The y<i indicate they represent the
previously generated tokens, respectively. N represents the length of the entire target sentence. G4z is
the parameter of the auto-regressive transformer model. The P(yi | X) is independent of Y . This
property helps the decoder to generate all tokens in parallel.

In particular, the encoder first maps an input sentence X ={x1,x2,..., xu} into a continuous hidden
representation H = {hy,ho,..., hy} . The hidden state is then forwarded to the decoder. The decoder
decodes the hidden representations and generates the target output Y = {y1,2,...,y~} one element at a
time.

At each time step, the prediction is autoregressive. The decoder uses previously predicted tokens as
additional inputs while predicting next token. As a result, the generation process is sequential. The
output is produced from left-to-right (LTR), generating one word at a time.

Non-Autoregressive Neural Machine Translation

To speed up autoregressive decoding, Gu et al. (2017) proposed the Non-Autoregressive Transformer
(NAT). This model generates target tokens independently and simultaneously, which is known as
non-autoregressive neural machine translation (Gu et al., 2017). The NAT uses an encoder-decoder
framework similar to the Transformer architecture. However, NAT is different from ART. The NAT
decoder ignores dependencies among target tokens and assumes that each token is predicted
independently. Therefore, all tokens are generated simultaneously in parallel.

For a given source sentence X = {xi, x2, ... xm}, Non-autoregressive Transformer produce

corresponding target sentence Y ={y1,y-,..., yn} based on assumption of conditional independence.
NAT produce the target translation Y from source input X as:

f(X=Y)=P(Y|X) (4)

P(Y|X)=Plyyva ¥ e Vi | X5 Oyar) (5)
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P(y1,¥2,¥3 « ¥u | X; Oyar) =P(N|X; Oyar) TIZ, P( vi | vei o X; Byar ) (6)

y; refers to the i-th time step token. N is the length of the target sentence. Ouar is the parameter of
NAT. Equation 4 and Equation 5 in general define the NAT mapping and its joint probability, while
Equation 6 factorises the probability.

Proposed Graph Layer (Post-Encoder Implicit Graph Message Passing)

To enhance the model’s learning and representation capability, as shown in Fig. 2, a new layer is
incorporated above the attention layer (i.e. on top of the standard Transformer encoder stack). This
additional graph refinement layer generalizes the model to unseen data by explicitly modeling token-
to-token relationships through an attention-derived similarity mechanism. Graph Layer is applied,
once after the final encoder layer. The graph layer takes input from the last layer and produced
enhanced output.

H’ :Graph(Hencoder) (7)

Where Hencoder 1S OUtput of encoder, and Ajeamed graph adjacency computed from attention. H' is the
enhanced output of the encoder. The graph layer refines the encoder output as in Equation 7. Inside
GraphLayer, an attention-based adjacency matriX Aamed IS coOnstructed dynamically from learned
Query/Key projections computed from encoder Hencoge , i.€.,

okt
Alsarned = safhnﬂx{_v—?} (8)

The graph refinement is applied only once, after the standard Transformer stack. The refined output
H' is then passed to the decoder (through the normal encoder-decoder attention mechanism).

Figure 3

Transformer-Based Encoder with Graph Layer
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The output of the last encoder layer is XeR T8¢, where T is sequence length, B is batch size, and C is
embedding dimension. The layer first transforms the input into batch-first format. The layer first
reshape XER TB*¢ to X’€ R B*T*C In the next step, it computes three projections, i.e. Query (Q), Key
(K), and Value (V), using linear transformations on the input. The GraphLayer computes projected
node features as:

Q=X'W,, K=XW,, V=2XW, 9)

Where Wg, Wi, W, €R €, Then, the scaled dot product is applied between Q and K, and the calculated
score is termed attention scores. The adjacency matrix, given compactly in Equation 8, is built from
the query and key projections of Equation 9. Instead of the standard Transformer multi-head
mechanism, it forms a single implicit adjacency matrix via scaled dot-product affinities.

-1
5= {j%} , A= softmax(5) € RE<T*T (10)
W

Here, A 1j can be interpreted as the (soft, directed) edge weight from token i to token j in the implicit
graph for sample b. The single-head adjacency matrix computed from Q and K is without multi-head
splitting/concatenation. The scaled dot-product scores and the softmax-normalized adjacency matrix
A are defined in Equation 10. In contrast, Transformer self-attention is implemented as multi-head
attention with head-wise projections, concatenation, and is integrated inside every encoder layer
together with the position-wise FFN and masking mechanisms.

In the last step, a softmax operation is applied to generate an adjacency matrix as shown in Figure 3.
This adjacency matrix can be interpreted as a fully connected graph. This captures the global
dependencies beyond standard positional encoding. In the adjacency matrix, each token attends to all
other tokens.

A message passing (graph propagation) is then performed H = AV, followed by an output projection
and stabilization with residual connection and LayerNorm as:

Y = LayerNorm(H'W, + X') (11)

Residual connection and layer normalization, is given in Equation 11. Finally, Y is reshaped back to
TxBxC and fed to the decoder. Unlike multi-head self-attention, this graph layer uses a single-head
implicit adjacency matrix and is applied once as a post-encoder refinement module. The novelty of
this layer is the way it interprets the attention weights, representing it as graph connections and
applying a graph-based aggregation mechanism. The computed adjacency matrix is used to propagate
information by multiplying it with the value vectors, producing enriched node representations. The
result is then passed through a linear projection and combined with the original input via a residual
connection. The process is then followed by layer normalization. Finally, the output is reshaped back
to TxBxC and forwarded to subsequent components. Unlike the standard Transformer, the attention is
confined within encoder layers. This additional Graph Layer provides an explicit global relational
refinement step. The progressive integration of graph-derived static preferences with transformer-
encoded dynamic representations enhances model robustness (Badouch, 2026). It will enable better
modelling of complex dependencies in Urdu-English translation tasks.
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The overall system is trained using standard sequence-to-sequence NMT training with cross-entropy
loss in Equation 12, conditioned on the graph-refined encoder output.

L=-Y;logplyt|y <t H) (12)

Where H' is the graph-refined encoder output.

EXPERIMENTAL SETUP

This section describes the dataset, trained models, and tools used. It also explains the training setup,
hyperparameters, and evaluation metrics.

Dataset

This study uses the relevant UR-EN dataset collected to verify the effectiveness of the different NMT
models. The researcher used the standard training, development, and test splits provided by lIsrar et al.
(2024b) which allow reproducible results and meaningful comparisons with existing studies. The train
set consists of 90,000 parallel sentences in UR-EN. The validation and test sets contain 5,000
sentences each. Despite its small size, we use this dataset because it is a clean, versatile, and publicly
accessible Urdu-English corpus. Table 5 provides sample sentences from the dataset.

Table 5

UR-EN Dataset

Source sentence (Urdu) Target translation (English)
o Uhsa Tom is happy .
- = G A () sanae s | e My favorite subject is chemistry .

Aad g o on e s JBS S Gl i

B . N . The two team captains meet on the pitch and toss a coin
o o 155 S Gt 58 S Ao Sl o S P b

to decide which team will bat or field first.

S S S S S

ol b (e Cue B Jaa (Sl sl ol aw The strict penalties and their automatic nature limit the
Sl (S g 3l 8 ) ol soladl (S power of national parliaments to influence economic
=SS e policy .

Model Trained

The researcher trained two variation of ART, namely NAT and iNAT. Then, the researcher adopted
the model proposed by the Gu et al., (2017) as the NAT model. For the iNAT model, the researcher
followed the approach proposed by Lee et al. (2018), which uses iterative refinement to improve
translation quality. Finally, incorporated the proposed graph layer into both the NAT and iNAT
models (Gu et al., 2017; Lee et al., 2018).

Non-autoregressive Transformer (NAT)

Non-autoregressive Transformer with iterative refinement (iNAT)
NAT with graph layer

iNAt with graph layer

Mo eE
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The result of the produced model was compared with standard Transformer model implemented by
Israr et al. (2023). The main goal of this experiment is to ensure a fair and consistent comparison of
all models. This is achieved by analyzing and evaluating their performance on the Urdu--English
dataset using the same experimental settings.

Model Configurations

NAT and iNAT models are implemented based on the Transformer model using Fairseq (Ott et al.,
2019). We follow the Fairseq examples to train the Transformer models. Both models are trained for
10 epochs. After training, both models were used to translate the Urdu sentences in the validation and
test sets. The encoder and decoder in our transformer-based model are each composed of eight layers.
This architecture helps the model extract rich features from the input and improves translation quality.
The model uses a word vector size of 512. During training, the Adam optimizer was employed with a
learning rate of 5e** to update model parameters. The researcher used drop out rate 0.3 to reduce over
fitting during training. The hyper-parameter used in our experiments is shown in Table 6.

Table 6

Common Parameters Used for Training Transformer-Based Models

Serial Parameter Specification Serial Parameter Specification
1. Number of Layers 512 6. adam-betas (0.9, 0.98)
2. Embedding size 512 7. Attention head 8
3. Epoch 10 8. criterion nat loss
4, Learning rate 5e-4 9. dropout 0.3
5. Optimizer adam 10. weight-decay 0.0001
Tools

The proposed model is trained and evaluated using Fairseq. Fairseq is a Py-Torch based toolkit
designed for developing and evaluating sequence modeling NMT models. This research employed the
Fairseg-py implementation for NAT and iNAT models. The models are trained and tested on a
computer system equipped with an NVIDIA GeForce GTX 1650 SUPER GPU and an Intel® Core™
19-9900K CPU at 3.60 GHz.

Evaluation Metrics

Perplexity was used to assess how well the model learns during training. To conduct quantitative
verification of the produced translation, the researcher used the BLEU score metric. The results with
different metrics has been evaluated together with the BLEU score. Five additional metrics was being
considerd in the experiments: METEOR, WER, TER, GLUE and ROUGE score . The performance of
the models is finally analyzed by applying BLEURT. Based on the BERT model, BLEURT compares
candidate text to reference text with high accuracy (Sellam et al., 2020). BLEURT analyses the
semantic fidelity and fluency of translations compared to the reference text, producing scores that
closely correlate with human judgments.
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EVALUATION AND RESULTS

This part of the study evaluates and compares the performance of NAT and iNAT models with the
Transformer model proposed in the paper “Neural Machine Translation with Attention-based Dropout
Layer” (Israr et al., 2023). The results are evaluated on the same Urdu-English dataset. This research
introduces an “additional layer called a graph layer” in the Transformer encoder architecture. The
proposed models include NAT with a graph layer and iINAT with a graph layer. The additional layer
enhances the quality of the learned feature representations (Garmastewira, 2019). These models are
compared with several baseline models.

Figure 4

Validation Perplexity of NAT, iNAT and Proposed Model with Graph Layer

Model Validation Perplexity Model Validation Perplexity
350 == NAT 150 —e— iNAT
NAT with Graph Layer == iNAT with Graph Layer
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Transformer with Attention-based Dropout Layer. The purpose of this evaluation is to analyse the
effectiveness of the proposed framework: validation perplexity of NAT, NAT with graph layer,
validation perplexity of iNAT, and iNAT with graph. To gain a better insight into how well each
model generalized beyond the training data, the learning behaviour of the proposed model was
analyzed by tracking step-wise perplexity (PPL) during training and validation (Jelinek et al., 1977).

Figure 4 illustrates the perplexity values recorded during the validation phase after each epoch. In
Figure 4, the validation perplexity of NAT with the graph layer is consistently lower than that of the
standard NAT model across all epochs. This indicates that the graph layer helps the model learn better
contextual relationships between tokens. As training progresses, the NAT with the graph layer
converges to a lower perplexity value. This shows that the proposed graph-enhanced NAT model
performs better than the baseline NAT. Figure 4 shows that iNAT with the graph layer achieved lower
perplexity compared to the standard iNAT model. The improvement is visible across most training
epochs. The graph layer helps the model capture additional contextual dependencies. As a result, the
proposed graph-enhanced iNAT model demonstrates better validation performance.
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Table 7

Each Model Training and Validation Perplexity on the Last Epoch

Statistics Transformer Transformer-ADL NAT iNAT
Training Perplexity 112 98 82.62 32.05
Validation Perplexity 192 183 169.3 57.2

Table 7 presents the results from the final training epoch, where the iINAT model reached a minimum
training perplexity of 32.05 and a validation perplexity of 57.2. The NAT model, on the other hand,
reached a training perplexity of 82.62 and a validation perplexity of 169.3, indicating comparatively
lower performance than the iNAT model. The Transformer and Transformer-ADL models reported
higher perplexity values on both training and validation sets. This indicates that the iNAT model
learns the data distribution more effectively than the other models. In neural machine translation,
lower perplexity indicates better predictive capability and improved generalization performance.

Table 8

Model with New Graph Layer Training and Validation Perplexity on Last Epoch

Statistics NAT with graph layer iNAT with graph layer
Training Perplexity 76.57 | 27.79 |
Validation Perplexity 154.17 | 4995 |

Notes. The upward and downward arrows indicate increases and decreases, respectively, in the evaluation metrics.

As shown in Table 8, adding the graph layer further improves the performance of both NAT and
iNAT models. The NAT with graph layer achieves a training perplexity of 76.57 and a validation
perplexity of 154.17, which are lower than the baseline NAT model. Similarly, iNAT with a graph
layer achieves a training perplexity of 27.79 and a validation perplexity of 49.95. This shows a clear
improvement compared to the standard iNAT model.

Table 9 (a)

Baseline Transformer Model and the Selected NAT & iNAT Models Training and Validation
Perplexity

Result on Test-set Transformer Transformer-ADL NAT iNAT
BLEU Score 1.27 2.02 0.069 15.25*
GLUE-Corpus 0.039 0.40 0.118 0.207 *
GLUE-sentence average Score 0.049 0.059 0.163 0.265*
ROUGE_L Score 0.156 0.181 0.373 0.506*
METEOR 0.048 0.060 0.159 0.230*
TER 1.005 1.257 0.749 0.613*
WER 24.00 31.00 19.18 16.07*
Precision: 0.172 0.138 0.357 0.492*
Recall: 0.107 0.141 0.364 0.493*
fl: 0.132 0.139 0.361 0.493*
fMean: 0.114 0.140 0.363 0.493*
Bleu_1: 12.80 16.20 0.346 0.461*
Bleu_2: 04.20 06.60 0.181 0.307*
Bleu_3: 02.10 03.50 0.107 0.212*
Bleu_4: 01.27 02.20 0.072 0.151*

Notes. The * symbol highlights the best-performing model among the four.
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Table 9 (a) presents a comparative evaluation of the baseline Transformer model and the selected
NAT and iNAT models on the Urdu-English test set. Specifically, it includes the Vanilla Transformer,
Transformer-ADL, NAT, and iNAT models. The performance is evaluated using BLEU, GLUE,
ROUGE-L, METEOR, TER, and WER metrics. Higher BLEU, GLUE, ROUGE-L, and METEOR
scores indicate better translation performance, while lower values of TER and WER represent
improved translation quality (Israr et al., 2023).

The experiments indicate that the iINAT model achieves a clear performance improvement over the
baseline (vanilla) Transformer and Transformer-ADL, achieving a BLEU score of 15.25, which
highlights the advantage of iterative refinement for Urdu-English translation. The iterative refinement
allows model to progressively correct and enhance initial translations, thereby producing more
accurate and fluent outputs.

Table 9 (b) presents a comparative evaluation of the baseline NAT and iNAT models and the
proposed models with an additional graph layer on the Urdu-English test set. The models are
compared with the proposed graph-enhanced NAT and iNAT models to analyse the impact of the
additional layer.

Table 9 (b)

Proposed Model Training and Validation Perplexity

Result on Test-set NAT iNAT NAT with graph layer  iNAT with graph layer
BLEU Score 0.069 15.25 0.092 t 18.26 1
GLUE-Corpus 0.118 0.207 0.148 1 0.227 ¢
GLUE-sentence average Score 0.163 0.265 0.176 1 0.3251
ROUGE_L Score 0.373 0.506 0.401 1 0.523 ¢
METEOR 0.159 0.230 0.181 1 0.380 1
TER 0.749 0.613 0.721 | 0.603 |
WER 19.18 16.07 18.36 | 15.64 |
Precision: 0.357 0.492 0.402 1 0.768 1
Recall: 0.364 0.493 0.409 0.777 ¢
fl: 0.361 0.493 0.406 1t 0.772 ¢
fMean: 0.363 0.493 0.408 1 0.776 t
Bleu_1: 0.346 0.461 0.402 ¢t 0.504 ¢
Bleu_2: 0.181 0.307 0.222 1 0.344 ¢
Bleu_3: 0.107 0.212 0.1351 0.247 1
Bleu_4: 0.072 0.151 0.092 t 0.186 1

Notes. The upward and downward arrows indicate increases and decreases, respectively, in the evaluation metrics.

The results show that the NAT model with the graph layer outperforms the standard NAT model
across all evaluation metrics. Similarly, the proposed iNAT model with the graph layer achieves
better performance compared to the baseline INAT model. Among all six models, the graph-enhanced
iNAT model demonstrates the best overall performance, showing consistent improvements across all
metrics. The improvements are reflected in translation-quality and overlap-based scores (BLEU,
ROUGE_L, METEOR), as well as task-level alignment metrics (Precision/Recall/F1, Bleu_n,
WER/TER reductions).
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Furthermore, the proposed graph-enhanced models provide additional improvements over their
baseline counterparts. In particular, INAT with the graph layer achieves the best performance,
obtaining the highest BLEU score of 18.26, improved ROUGE-L (0.52251), and a higher METEOR
score (0.37989). The proposed graph layer also reduces the TER and WER in output translation.
Similarly, NAT with the graph layer shows consistent improvements across several metrics compared
with the classical NAT model.

BLEU-1 represents unigram (1-gram) word overlap, achieving 50.0%, which indicates a strong lexical
match. BLEU-2 represents bigram (2-gram) overlap, achieving 34.4%, showing significant
improvement in phrase-level matching. BLEU-3 represents trigram (3-gram) overlap, achieving
24.6%, reflecting better capture of longer phrases. BLEU-4 represents four-gram overlap, achieving
18%, which indicates improved fluency and more coherent sentence generation.

Overall, the results demonstrate that incorporating a graph learning layer helps the model capture
richer contextual relationships between tokens, leading to more accurate and fluent translations. The
proposed graph layer explicitly models relationships between non-adjacent tokens by constructing a
structured representation of the input sequence. This allows the model to reason beyond the
immediate sequential context. Meanwhile, adjacency metrics are learned through the attention
mechanism, which captures local and sequential dependencies. Together, these components allow the
model to integrate both local sequential context and long-range relational context, resulting in better
translation quality. The graph-enhanced iINAT model achieves the best overall performance,
indicating that combining iterative refinement with graph-based contextual modelling is effective for
improving Urdu-English MT.

Table 10

Over/Under-Translation Score of Test Set

Model OTEM/2 UTEM/4
NAT 0.436 0.873
NAT with graph layer 0.409 | 0.853 |
iINAT 0.401 0.740
iNAT with graph layer 0.389 | 0.737 |

Table 10 reports the OTEM/2 (over-translation evaluation metric) and UTEM/4 (under-translation
evaluation metric) scores obtained by the baseline and graph-enhanced models (Yang et al., 2018).
These metrics evaluate the degree of over-translation and under-translation in the unseen test set. The
lower values indicate better translation quality. The results show that incorporating a graph layer
improves translation behaviour in addition to improving the BLEU score. In particular, the NAT with
graph model achieved a lower OTEM score (0.409) compared to the baseline NAT model (0.436),
indicating a reduction in over-translation. Similarly, the UTEM/2 score decreased from 0.873 to
0.853, suggesting fewer under-translation errors.

A similar improvement trend can be observed in other models as well. The graph-enhanced iNAT
model maintains competitive UTEM/2 performance while improving translation consistency. The
results demonstrate that integrating graph-based representations helps the model to better capture the
contextual relationships in the source sentence. It reduces both over-translation and under-translation
errors.
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Three example sentences are selected from the test set to evaluate translation quality. The assessment
compares the NAT and iNAT models with the proposed graph layer against the standard NAT and
iNAT models for the Urdu-to-English translation task. These example sentences have been previously
examined for translation quality in prior work (Israr et al., 2023, 2025; Israr et al., 2024a).

The translations produced by each model for the sample sentences are shown in Table 11, Table 12,
and Table 13. We evaluate translation quality using BLEURT-20 score as the primary success
criterion (Sellam et al., 2020). Comparing the results of the NAT, iNAT, and the same models with an
additional graph layer shows that using an additional graph layer on the encoder layer improves
translation performance.

Table 11

Sentence No. 01 Translation

SENT:L LS i 68 (930S Gl g 09l o ) S 89 gobe SOV (e Sha i gsa” BLESLSCEZZO
Gold “The Government deployed thousands of Police workers to stop long march
Reference in the country .” N
iNAT with  The government thousands thousands of police police deployed deployed to 0.455
graph layer  prevent prevent in in in the March . '
iNAT The government police order thousands workers workers workers workers 0.404
preventing March March March March March March March March . '
NAT with  The government has thousands thousands thousands thousands of to in
. 0.401
graph layer ~ March prevent in March Marc .
NAT The_ gove_rno_ant_ hgs more police thousands to March March March March 0.384
again again in in in the work .
TRF I would like to thank you for your support . 0.288
;RD'I:_W'th It is not enough to interfere in society . 0.347

The propose model generated a translation for source sentence, “,=S =S5, z Jle SV (ae She 5 Caa S
S LS Gl S G SIS Gl gl 1 “The government deployed thousands of police workers to stop
a cooperative March in the country ”. “A detailed analysis of sentence No.01’s translation is provided
in Table 11, which indicates that the model iNAT with graph layer produced comparatively better
translations with high accuracy than the other models. In particular, for sentence No. 01, the iINAT
with graph model achieved a BLEURT score of 0.4546, which is higher than the scores obtained by
the iINAT (0.4045), NAT with graph (0.4005), and NAT (0.3839) models, respectively. The generated
output still contains some repeated words. However, the iNAT with graph layer preserves more
relevant words from the source sentence than the baseline NAT models.

In contrast, the Transformer produced translations that are semantically less related to the source
sentence. For instance, the Transformer generated the sentence “I would like to thank you for your
support.” with a BLEURT score of 0.288, while the Transformer with ADL produced “It is not
enough to interfere in society.” with a BLEURT score of 0.3465. These outputs deviate significantly
from the original source meaning. Overall, the results suggest that incorporating the graph layer helps
the NAT-based models better preserve the contextual information of the source sentence. It improved
the translation quality as reflected by higher BLEURT scores.
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The translations generated by the NAT and iNAT models contain excessive repetition, such as “thousands
thousands” and “March March,” making the output incoherent and difficult to understand. In contrast, the
graph-enhanced iNAT model, despite some repeated words, produces a more structured translation that
better preserves the meaning of the source sentence.

Table 12

Sentence No. 02 Translation

SENT:2 “O U S g e gl ) b s I LS 7 BLEURT-20 Score

Gold Reference “ Can you speak a little louder ?” -

iNAT with graph layer Can you speak in a bit a high loud ? 0.539
iNAT Can you speak a speak out high ? 0.429
NAT with graph layer speak inyou a high loud ? 0.396
NAT speak inaaaahigh? 0.287
TRF I am sorry . 0.270
TRF with ADL why ? 0.226

As illustrated by sentence No. 02 in Table 12, the BLEURT scores for the translations generated by the
NAT and NAT with graph layer is 0.2867 and 0.3960, respectively, indicating low translation quality. The
iNAT model achieved a higher BLEURT score of 0.4290, while the iNAT with graph model obtained the
highest BLEURT score of 0.5386 for the same sentence, demonstrating a clear improvement in translation
quality when the graph layer is incorporated. The Transformer-based models performed poorly on this
sentence, with BLEURT scores of 0.2696 and 0.2262 for the baseline and ADL-enhanced versions,
respectively.

In terms of translation quality, the outputs generated by the NAT and NAT with graph layer models are
largely incoherent, repeating or misordering words, such as “a a a a” and “speak in you,” making the
sentence difficult to understand. The iINAT model produces a more structured sentence, though some
phrases like “speak out high” are unusual. In contrast, the iNAT with graph layer translation, “Can you
speak in a bit a high loud?”, maintains grammatical structure and conveys the meaning of the source
sentence more clearly, demonstrating that the graph layer helps preserve semantic and syntactic coherence.
However, the generated sentence is not fully grammatically correct in its current form.

Table 13

Sentence No. 03 Translation and BLEURT Score

SENT3 Cale S lgd sk ki Gldima NS Ula LS LA ¢ e cldlan Sl BLEURT-20

' oo S Score
Gold “In classical economics , it is believed that the economy is _
Reference primarily about the knowledge of wealth .”
iNAt with In in economies it is is is primarily mainly about knowledge

0.319
graph layer knowledge the economy . .
iNAT welgﬂ(;]wledge in is is is that is knowledge knowledge knowledge 0.250
NAT with Just the economics economics economics economics economics is 0.281
graph layer about knowledge knowledge knowledge of the principles '
NAT Itisininisisis is knowledge knowledge wealth wealth wealth 0.279
economy .

TRF I would like to congratulate the rapporteur . 0.095
LFSII:_th It is also important for us to see the principles . 0.282
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For sentence No. 03, the translations presented in Table 13 show that the iNAT with graph layer
achieved the highest BLEURT score of 0.319, followed by the NAT with graph (0.281), NAT (0.279),
and iNAT (0.250) models. The Transformer-based models performed poorly, with BLEURT scores of
0.282 for Transformer with ADL and 0.095 for the baseline Transformer. These results indicate that
incorporating the graph layer improves the model’s semantic similarity to the reference translation.

Qualitative analysis reveals that the NAT and iNAT outputs, although containing repeated words and
phrases like “is is is” and “knowledge knowledge,” still retain some key terms from the source
sentence. In contrast, the iINAT with graph translation, despite minor repetitions, better captures the
original meaning about classical economics and the knowledge of wealth, producing a translation that
is more understandable and aligned with the source. The overall translations, however, largely fail to
convey the intended meaning.

Table 14

Summary of Comparison

Reference Model trained BLEU score
Transformer 01.27
Israr et al., (2023)

Transformer-ADL 02.02
NAT 06.92
iNAT 15.25

Proposed Model ]
NAT with graph layer 09.15 1
iNAT with graph layer 18.26 1

The comparison between the results of the ART, NAT and iNAT models trained on the same dataset
is illustrated in Table 14. All transformer-based models are trained on the identical Urdu-English
dataset introduced in earlier studies (Israr et al., 2023). The BLEU differences in Table 14 reflect
systematic variations in model inference mechanisms. Transformer models perform fully
autoregressive decoding, whereas NAT/iNAT generate targets in a parallel and refinement-based
manner, which changes how errors are introduced and corrected during inference. Because BLEU is
sensitive to exact n-gram overlap, these decoding dynamics can produce large changes in lexical
matching even when broader fluency and global syntactic quality remain limited. NAT/INAT
augmented with a graph layer further improves the BLEU score. This suggests that the graph layer
enhances the model’s ability to capture more structured relationships during refinement, leading to
better target reconstruction and therefore stronger exact n-gram alignment.

In nutshell, the findings reported in this section emphasise the effectiveness of the proposed graph
enhanced layer for NMT of low-resource language pairs such as Urdu-English. Proposed graph-
enhanced model shows consistent performance gains over baseline models across all evaluation
metrics on unseen test datasets. In addition, example translations showed that graph enhanced
generate more fluent and coherent outputs.
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CONCLUSION

This study evaluates ART, NAT and iNAT on Urdu-English NMT. iNAT enhances translation quality
as compared to NAT. This makes it suitable for real-world applications that balance accuracy and
performance requirements. The proposed work presents a novel approach to enhancing NMT for low-
resource languages, with a specific focus on Urdu-English translation. We propose a novel model,
INAT, with an additional graph layer for UR-EN MT. The graph layer captures token relationships via
an adjacency matrix. This helps the model produce more fluent translations with reduced repetition.
The proposed graph layer improves the accuracy of the non-autoregressive transformer-based model
and its variants. The proposed model achieves consistent improvements, showing reduced perplexity
and higher BLEU scores. The proposed model achieved better accuracy as compared to classical
ART and NAT. On the Urdu-to-English translation task, the trained model achieves better
performance compared to the baseline models. Specifically, it surpasses classical NAT and iNAT
models by +0.03 and +3.0 BLEU points, respectively. While these results are encouraging, one
limitation of the approach is that iNAT with the additional graph layer can produce translations that
lack fluency. The output often contains repetitive segments, which negatively affect readability and
result in unnatural phrasing.

Although this study primarily investigates the effect of incorporating a graph layer into the iNAT
model, future work will examine its impact on model complexity and translation speed. There is also
a need to evaluate the proposed approach on additional datasets, including high-resource language
pairs such as English-German (EN-DE), to assess its generalizability and robustness across different
translation scenarios. The promising accuracy achieved on the small, low-resource Urdu—English
dataset provides a foundation for further investigation of the proposed work.
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