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Abstract: Gujarati is an Indo-Aryan language with more than 55 million speakers, making it an important language
to consider in machine translation. It has limited parallel corpora, complex morphology, and no context preservation.
The typical neural machine translation methods tend to fail in low-resource settings, resulting in syntactic errors and
semantic drifts. To overcome these shortcomings, this paper presents Gujarati-Translation with Generative
Adversarial Network (G-TransGAN), a new hybrid model that combines conditional Generative Adversarial Networks
(cGANSs), morphology-sensitive Sentence Piece tokenization, multilingual transformer embeddings (XLM-RoBERTa
and Indic BERT), and optimization techniques such as Sharpness-Aware Minimization (SAM) and Low-Rank
Adaptation (LoRA). The main goal is to maximize fluency, semantic retention, and domain flexibility in low-resource
Gujarati-English translation. The workflow includes five steps: data augmentation, pre-processing and tokenization,
contextual embedding, semantic translation, and optimization. The experimental findings indicate that G-TransGAN
had better performance on various measures, including BLEU (38.4), METEOR (0.76), and TER (0.46). Such results
support the model as able to produce high-quality, human-like translations and yet remain computationally feasible
in low-resource real-world settings.

Keywords: Low-Resource Translation, Gujarati-English, GAN-Based Augmentation, Transformer Models, Semantic
Preservation, Optimization.

leverage the resource gap and optimize for the semantic
translation of Gujarati is increasingly required. Standard
neural machine translation systems perform poorly when

1. Introduction

As an Indo-Aryan language spoken worldwide

by more than 55 million speakers, Gujarati faces
challenges for its speakers in terms of digital and natural
language processing, especially in the area of machine
translation. Resources for Gujarati differ significantly
from those for high-resource languages like English and
Spanish, where large-scale parallel corpora exist, which
have driven advances in automated translation and
language tools as well. The gap in textual resources also
results in varying degrees of information available for
Gujarati speakers, while ultimately, it demonstrates a
clear drive for better translation alternatives when
assessing Guijarati in low-resource contexts. While it
showed promise, the advancement of transformer-
based architectures, such as XLM-RoBERTa and
IndicBERT, is challenged due to a lack of data [1-2].
These transformer-based models are restricted by the
quantity of training data available for them, but they are
also challenged when their outcomes must preserve
semantics and cultural nuance, especially for low-
resource contexts. A need for more approaches to

resources are low. In low-resource conditions, limited
data implies limited exposure to many (different)
linguistic representations, and the resulting machine
translation may be syntactically shallow or semantically
incorrect. Pretrained multilingual transformers often
need a large amount of finetuning data and either overfit
or generalize poorly if there is insufficient data to finetune
from [3-4]. Furthermore, performing translation from
language(s) with rich morphology (e.g., Gujarati) while
resolving issues of subword segmentation is problematic
(and naive tokenization results in interruptions to
meaning and does not represent valid morphological
features) [5]. Previous work on data augmentation (i.e.,
through back-translation or paraphrasing) has shown
improvement (potentially for fine-tuning), but the process
of preserving semantic fidelity is weak [6-7]. In the case
of regular finetuning regimes, there can be problems of
instability of training and thus non-reproducibility when
translating low-resource values [8].
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This paper presents G-TransGAN, a novel deep
learning (DL) pipeline for Gujarati—-English translation in
low-resource scenarios. These goals are fourfold: (1)
reduce data sparsity by using cGANs to generate
realistic Gujarati sentences that have been trained to
use both character- and sentence-level embeddings; (2)
properly tokenize for morphology by using a sentence-
piece model specifically trained for Gujarati; (3) use
multilingual transformer models (XLM-RoBERTa,
IndicBERT 2) that have been fine-tuned to provide
semantically rich, context-dependent embeddings; and
(4) improve finetuning stability and generalization, using
recent optimization algorithms, in particular, SAM and
LoRA. A conditional GAN is created and deployed to
synthesise a diverse and realistic Gujarati sentence pair,
significantly expanding the usable training dataset and
enhancing linguistic diversity, an original undertaking for
low-resource translation [9-10]. Using a sentence-piece
model harnessed to Gujarati’'s morpho-syntactic
features, a subword semantics that is better than just
using a BPE model as a sentence piece is achieved,
producing more coherent representations [11]. XLM-
RoBERTa and IndicBERT 2 are fine-tuned on this
augmented corpus to create strong, contextually-
enriched embeddings that preserve both syntactic and
cultural shade [12-13]. To manage overfitting and
improve finetuning efficiency, SAM and LoRA are
incorporated into the training loop; augmenting the
training with this dual optimization process improves
convergence stability while preserving generalization
with limited data [14-15]. In contrast to the current GAN-
assisted NMT systems, where GANs are mainly used to
expand data, the proposed G-TransGAN proposed a
single learning system, which combines conditional
GAN-based data augmentation with multilingual
contextual embeddings (XLM-RoBERTa and
IndicBERT) and jointly trains translation robustness via
Sharpness-Aware Minimization and parameter-efficient
adaptation via LoRA. This integrates architecture and
optimization level that allows stable adversarial learning
and enhanced generalization in the most low-resource
Gujarati-English  translation  conditions. Besides,
previous hybrid GAN Transformer approaches, the
proposed framework jointly optimizes adversarial
augmentation, semantic alignment, as well as
parameter-efficient fine-tuning within a single training
objective, rather than applying these components
independently.

The main contribution of this research is as
follows:

e Introduced G-transGAN, a single architecture,
which combines conditional GAN-based data
augmentation  models  with  multilingual
Transformer encoders (XLM-RoBERTa and
IndicBERT 2) and parameter-efficient training
methods (SAM and LoRA) to enhance low-
resource Gujarati-English neural machine
translation.

e Invented a Gujarati-specific SentencePiece
tokenization scheme, which uses the high
morphology of the language and minimizes
cases of out-of-vocabulary words, and improves
semantic coherence during translation.

e Proposed a dual-level contextual embedding
approach, which integrates character-level and
sentence-level features into a GAN-Transformer
model to more effectively represent linguistics,
semantic detail, and cultural background in low-
resource translation environments.

Section 2 provides the literature survey on low-
resource language translation and augmentation;
Section 3 describes the G-TransGAN methodology,
Section 4 discusses the results and analysis of the
experiments, while Section 5 concludes the study in
terms of future directions.

2. Literature Survey

Saxena et al. [16] developed an Unsupervised
Statistical Machine Translation (USMT) system for ten
MT tasks in four Dravidian languages and an
endangered language, Kangri, under low-resource
conditions. This study aimed to evaluate the translation
quality of automated translations in morphologically rich
languages using automatic evaluation metrics and
tokenizers. The study reported a reasonable level of
efficiency in Indic—English translation, with statistical
significance testing indicating valid outcomes.

Khatri et al. [17] investigated Unsupervised
Neural Machine Translation (UNMT) for six Indic and
four European language pairs, using lexical divergence
as the focus. And proposed adding bilingual Byte Pair
Encoding (BPE) embedding and pre-training of
dictionary-based word substitution so as to gain more
out of the cross-lingual learning of low-overlap language
pairs. Nevertheless, the study focused on lexical
divergence and mentioned syntactic divergence as a
recommended future research avenue.

Raulji et al. [18] followed a rule-based machine
translation framework for Sanskrit to Gujarati and
recognized the diversity of grammatical considerations
in morphologically heavy languages. A detailed
evaluation using both the ALPAC manual scale and
BLEU found that the results were able to meet both
intelligibility and fidelity robustness. Limitations identified
in this research were limited dictionary coverage and
exception handling.

Onan et al. [19] proposed an ensemble-based
text augmentation strategy for Turkish sentiment
analysis, combining a series of transform functions to
improve classification performance. It considered the
linguistic properties of Turkish and proposed ethical
considerations for augmentation methods, such as bias
and privacy. Limitations included dataset size and
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complexity of the language, which indicate that future
work is needed to better define augmentation methods
and target a wider variety of use cases.

Benayas et al. [20] introduced the notion of LLM-
based data augmentation to train an intent classifier in
NLU tasks. The intention of using LLM-based data
augmentation was to address data scarcity and improve
end model robustness. LLM-based data augmentation
produced realistic and diverse labeled data that
exceeded what is possible with traditional methods. The
results showed similar LLM-based data augmentation
performance in both low- and high-resource conditions.
The research provided ethical discussions and
considerations, and a suggestion for advanced
debiasing methods that ensured equity and reliability of
products based on LLM usage.

Chen et al. [21] developed a data augmentation
and classification framework for spatially referenced text
data that incorporated LLMs, semantic vector indexing,
and advanced augmentation methods to tackle the
issues of data sparsity and high costs of annotation in
EO methods. Overall, the new approach increased
predictive accuracy and computational efficiency while
minimizing dependence on manual labeling. To continue

advancing the work, improvements could be made
through domain-specific fine-tuning of the models used.

Kowsher et al. [22] presented a Bangla-specific
BERT model that has been properly pre-trained on the
largest available Bangla text corpus with a standard
version of the BERT architecture. The objectives were to
increase NLP developments in the Bangla language
regions and provide a model to initiate domain-specific
fine-tuning in various domains.

Mishra et al. [23] introduced the Context-Aware
Embedded Language Transformers model to produce a
scalable and flexible climate change knowledge graph
using public data from its raw state, intending to work
around the challenges of the world's limited resources
and promote informed decision-making in the areas of
risk assessment and sustainability.

Tejero et al. [24] introduced a SAM Decoder
Adapter for semantic segmentation as a means to
provide an efficient solution with a small computational
overhead. An image embedding was used as the query
in our attention modules to improve mask prediction and
zero-shot generalization.

Table 1. Comparative Analysis of Low-Resource Translation and Augmentation Approaches

(17]

related and distant language
pairs

Author(s) & Technique Achievements Limitations
Year Introduced

Saxena et al. USMT Achieved reasonable Poor structural handling,

[16] translation quality for lexicalized reordering
morphologically rich issues, and low-quality data
languages with valid statistical
significance

Khatri et al. UNMT Improved translation for both Did not address syntactic

divergence; future work
suggested

Raulji et al. [18]

Rule-based MT

Robust translations

Limited dictionary coverage

framework considering grammar diversity
Onan et al. [19] | Ensemble-based text | Better classification The dataset size & linguistic
augmentation performance across datasets complexity limited broader

applicability

Benayas et al.
[20]

LLM-based data
augmentation

Produced realistic, diverse
labeled data in low & high-
resource settings

Biases in LLM outputs; lack

of generalizability to
proprietary datasets

Chen et al. [21]

LLM + semantic
vector indexing

Improved predictive accuracy
& efficiency in EO data tasks

Dependent on the quality of
embedding models & LLMs

Kowsher et al.

Bangla-specific pre-

High efficiency in storage,

Limited to mono-lingual

[22] trained BERT model complexity, and processing Bangla; lacks mixed-lingual
power for Bangla NLP capability

Mishra et al. Context-Aware Generated rich ontologies for | Publicly available data limit

[23] Embedded Language | multi-domain sustainability completeness & granularity

tasks

Transformers applications
Tejero et al. SAM Decoder Outperformed large model Needs optimization for
[24] Adapter adapters in zero-shot & TTA architecture compatibility &

real-time use

Mdller et al. [25]

Data-focused fine-

tuning of SLMs

Matched GPT-4-turbo
performance in privacy-centric
settings; cost savings

Manual

challenges

Int. Res. ]J. Multidiscip. Technovation, 8(3) (2026) 31-48 | 33

prompt design &
LLM-generated label scaling




Vol 8Iss 3 Year 2026 Mehulkumar Dalwadi & Abhishek Mehta /2026

Muiller et al. [25] presented a data-focused fine-
tuning practice for small language models (SLMs) to
obtain automated extraction of technical requirements,
consequently in data data-scarce and privacy-centric
manner. In addition, training data through prompt
generation and augmentation achieved performance
levels on par with GPT-4-turbo and outside commercially
available sources of knowledge. Future work intends to
automate prompt refinement and expand the process
across varying domains and tasks.

Existing GAN-based MT systems are mostly
based on adversarial loss to enhance fluency or
synthetic data quality. Nonetheless, they are not based
on language-specific tokenization strategies, dual-level
contextual embeddings, and parameter efficient fine-
tuning mechanisms that are specific to low-resource
Indic languages. Moreover, the use of semantic
consistency constraints in a single adversarial-
Transformer optimization system is rarely combined with
previous research.

Table 1 provides a summary of the recent works
in the field of low-resource machine translation, data
augmentation, and multilingual transformer-based
models. The current methods are mainly directed to
unsupervised statistical or neural MT, rule-based
systems, or language-specific pretrained models.
Although augmentation strategies and pretrained
transformers have enhanced performance, there are still
weaknesses in  managing structural divergence,
semantic preservation, adversarial stability, and low-
resource Gujarati-English translation. Besides, there is a
scarcity of literature that combines adversarial data
augmentation with semantic consistency constraints in a
single Transformer-based system. These shortcomings
serve as the inspiration of the proposed G-transGAN
model, which integrates conditional GAN augmentation,
semantic regularization, and optimization techniques to
improve the quality of translation in the low-resource
situation.

2.1 Problem Statement

Although there has been improvement in
Guijarati language machine translation applications
based on Transformer and GAN models, existing
models have limitations like small parallel corpora,
ineffective processing of morphologically rich words,
limited context maintenance in long sentences, and poor
domain adaptability. Such constraints adversely affect
fluency and semantic precision and strength of
translation, particularly in low-resource and dialect-
heavy environments.

3. Proposed Methodology

The present study targets the issue of Gujarati
language machine translation, which suffers from
shortcomings in parallel corpora, morphology

complexity, and context, which reduce the accuracy and
fluency of translation.

The primary goal is to increase the accuracy,
fluency, semantic preservation, understandability and
robustness when performing translation tasks in low-
resource situations. To achieve this, a hybrid model, G-
TransGAN, is proposed that combines cGAN-based
data augmentation, transformer-based contextual
embeddings based on cGAN architecture, and
optimization methods including SAM and LoRA, along
with mixed precision to overcome the current limitations
by providing a coherent, fluent, and domain-adaptive
Guijarati language translation.

The System Architecture Overview is presented
in Figure 1. G-TransGAN pipeline combines data
augmentation based on GANs with optimized
transformer models to enable robust low-resource
Guijarati-to-English semantic translation. The end-to-end
architecture includes five main stages: (1) Data
Augmentation, (2) Preprocessing and Tokenization, (3)
Contextual Embedding and Understanding, (4)
Semantic Translation, and (5) Optimization Strategies.
The system takes advantage of synthetic and real data
to overcome the problem of data scarcity and maintains
semantic fidelity by fine-tuning advanced transformers.

3.1 Data Augmentation

To alleviate data sparsity within Gujarati-English
translation, a cGAN is used to produce realistic Gujarati
text sequences. Here, has taken advantage of two levels
of embeddings:

e Character-level embeddings serve to capture
morphological variations,

e Sentence-level embeddings depict semantic
context.

The augmented dataset consists of synthetic
data produced by the cGAN and whatever real parallel
corpora are available. There is much diversity in terms
of linguistic patterns, idioms, syntactic structures, and
similar features, ensuring that the conditioned model
generalizes better [26].

3.2 Preprocessing and Tokenization

The preprocessing phase is an essential step in
normalizing and structuring the Gujarati text to ensure
that the downstream models are being fed normalized,
standard, clean, consistent, and context-rich input. This
phase reduces inconsistencies that have been
introduced by a variety of styles, orthographic variety
and selection of author-related noise in text drawn and
collated from a variety of text sources. Figure 2 shows
the process of pre-processing and tokenization.
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Gujarati-Translation with Generative

Adversarial Network (G-TransGAN)
conditional Generative
@ = — Adversarial Network
p— (¢GAN)
L J A’. ¢ Character-Level
- A Embeddings
—r * Sentence-Level Embeddings
Data Collection Data Augmentation
¢ mBARTS0 Fine-Tuning i GENERATOR ISCRIMINATOR
« Back-Translation k o 7
Augmentation
* Semantic Similarity
Constraint

Semantic Translation

GAN-Transformer
and Alignment Translation

Sharpness-Aware Minimization (SAM)
Low-Rank Adaptation (LoRA)

Mixed Precision Training (MPT)
Quantization-Aware Training (QAT)

Optimization

High-Quality
Gujarati-English

Translation

¢ Unicode Normalization

o Sentence Segmentation

¢ Gujarati-Specific
SentencePiece Tokenization

Preprocessing

¢ XLM-RoBERTa
Fine-Tuning

o IndicBERT 2 Fine-
Tuning

¢ Embedding
Concatenation +
Projection Layer

Contextual
Embedding

Figure 1. Architecture of the proposed G-TransGAN.

Unicode Sentence
Normalization Segmentation

\ /

Preprocessing
and
Tokenization

Sub-word
Tokenization with
Sentence Piece

Figure 2. Structure of pre-processing and tokenization
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Raw text - 2[%2ld ¢lcsll UM 1 B

(Translation: Gujarat is a western state of India.)

3.2.1 Unicode Normalization

Guijarati text sometimes uses visually similar
characters that differ in code point, due to variations in
encoding. Unicode normalization maps these similar
visual encodings into canonical form and ensures
consistency. An application of Normalization Form C
(NFC) is applied to the Gujarati text according to
equation (1):

Thorm = NFC(Traw) (1)

Where T,,,, is the raw Gujarati text and T,,,,,, is
the normalized Gujarati text.

AoAd HRdell UM AR B (Visually
unchanged, but internally standardized in Unicode.)

3.2.2 Sentence Segmentation

To achieve coherent boundary detection,
segmentation of sentences uses punctuation,
whitespace patterns and Gujarati-specific delimiters like
"|" (Danda). The segmentation function is expressed as
in equation (2):

S ={si|s; € Split(Trorm, D) } (2)

where D is the set of Gujarati sentence
delimiters and S is the set of segmented sentences.

[l ¢IRclell UlBH UL D 1"]

3.2.3 Sub-word Tokenization with Sentence Piece

Guijarati has a rich morphology, as there are
regularly occurring compound words and inflections.
Thus, prior tokenization at the word-level leads to a very
large vocabulary size, as well as out-of-vocabulary
issues. In this regard, SentencePiece provides a method
for tokenization using either a Byte-Pair Encoding (BPE)
or a Unigram LM model, which has been trained on
Gujarati text. The tokenization is represented as defined
in equation (3):

X = SPy(S) 3)
where SPy is the trained SentencePiece model
with parameters 6, and X is the sequence of subword
tokens. SentencePiece seeks to maximize the likelihood

of the training corpus for the selected vocabulary V
according to equation (4):

0= argmax [Tl Pa (S 1V) (4)

[‘lDJ,|', llo&zlll’ “d“, n ll, IIG_I.I‘?-", lldll’ llo_.n-ll7 " ll’ “LI.", " [El",
llHll’ n ll, "?.lob’a‘l", n ll, llgll, " Ill]

By encoding text at a subword level, the model
encounters uncommon words (e.g., "U.@dl-l“) and breaks
them up into potentially meaningful smaller pieces. This
improves vocabulary efficiency and reduces out-of-
vocabulary (OOV) errors in translation models.

This step enhances generalization of previously
unseen words, reduces vocabulary size, and provides a
method to capture morphological subtleties within
Guijarati, which ultimately results in better quality of
translations in  subsequent  Transformer-based
modelling.

3.3 Contextual Embedding and Understanding

The purpose of this phase is to capture deep
contextual relations between the Gujarati text and its
associated translations. Contextual embeddings are
created by fine-tuning XLM-RoBERTa and IndicBERT 2
on the augmented parallel dataset. These frameworks
utilize multilingual pre-training to model both the
syntactic (word order, grammar) and semantic
(meaning) aspects of the language, improving the cross-
lingual alignment. IndicBERT 2 is trained on a sample of
Indic languages and develops language-specific
embeddings that are enriched with morphological,
orthographic, and cultural markers that help to
accurately capture the subtle use of Gujarati
expressions.

The Contextual Embedding and Understanding
is displayed in Figure 3. The embeddings from both
models are concatenated, and a projection layer
reduces the dimensions to be congruent according to
equation (5):

Ecombinea = We * [Exim—-r © Emaicserr] + be )

where Ey;y_r IS the embeddings from XLM-
RoBERTa, Ejgiceerr 1S the embeddings from
IndicBERT 2, @ is the concatenation operation, and W,
and b, are the trainable projection weights and bias. The
contextual dependency between tokens t; and t; is
learned through self-attention according to equation (6):

. QKT

Attention(Q,K,V) = softmax (E) |4 (6)

Q,K,V are query, key, and value matrices taken
from E_ympinea, Ai is the dimension of the key for scaling,
V denotes the actual representations of the tokens that
is weighted ,K ™ refers the transpose of the Key matrix.
This permits similarity of dot product between Q and K.
In merging multilingual generalization with context
learning specific to Gujarati, this step is critical for both
guaranteeing semantic preservation during translation
and adaptability in terms of domain, and it results in
considerably fewer mistranslations with sentence
structures that are morphologically rich or context-
dependent.
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Augmented Parallel

Dataset (Gujarati-
English)

Stage

TN

Self-Attention
Mechanism

(D

¢ XLM-RoBERTa
Fine-Tuning

e IndicBERT 2 Fine-
Tuning

Fine-Tuning

Embedding

@ Fusion

e Concatenate
Apply Projection
Layer

Contextually-Rich Embeddings

Preserving Gujarati Semantics & Domain
Adaptability

Figure 3. Contextual Embedding and Understanding

3.4 Translation with GAN-Transformer

This phase introduces the use of Generative
Adversarial Networks (GANs), combined with a
Transformer-based Neural Machine Translation (NMT)
model, to improve fluency and accuracy for Gujarati-
English translation. The GAN framework acts as a game
between the generator (translation model) and the
discriminator (in this case, overlapping human
translations). The framework instructs the generator to
produce translations that are not dissimilar to the human
translation.

Figure 4 shows the architecture of the GAN-
Transformer for Gujarati-English translation. The
generator Gy is based on a transformer encoder—
decoder architecture, which, as outlined in equation (7),
accepts the contextual embeddings output by phase 3,
E.ombinea, @S input to generate a translation sequenceY’:

Y' = Gg (Ecombined) (7)

The transformer leverages multi-head self-
attention as outlined in equation (8) to model long-range
dependencies.

MultiHead(Q,K,V) = Concat(head,, ..., head,)W° (8)

Each head is defined according to the following
equation (9):

head; = Attention(QW,°, KWX,vw}) (9)

Discriminator Dy, is a deep sequence classifier

that distinguishes real human translations, Y, from
generated translations Y’ as in equation (10):

Dy (Y) = 1(real), Dy (Y') — 0(generated) (10)

The GAN objective is the sum of the generator
loss, L¢, and the discriminator loss, Lp, as in equations
(11) and (12):

Lp = —Eypaa[109Ds (D] = Eyrg, [log (1= Dy (¥D)] (1)
Lg = —Ey1_g,[logDy (Y] (12)

The final generator loss is a hybrid loss, levelled
with cross-entropy translation loss, L.z, to sustain
linguistic fidelity as in equation (13):

Leinai = AL + AzLck (13)

Where A, and A, are weight coefficients
balancing fluency (adversarial) and fidelity (cross-
entropy).
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Degradation
Model
Contextual (Gujarati-
Embeddings English
translation)

Translation with GAN-Transformer

Multi-Scale
Feature Extraction

)

Basic
Block

Basic
Block

Adaptive Attention Layers
(Highlights structural and
textural regions)

Enhanced
Residual
Dense
Blocks

—

Preserves critical
details at multiple
scales and reduces
noise amplification

GENERATOR
¥
Generated Translation
Sequence
¥
Frequency-
Aware Laver ‘ Final Classification
(FAL)V Layer
Filters high- Guides
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enhances low- towards high
frequency fidelity

structural features

DISCRIMINATOR

!

¢ Discriminator Loss

¢ Final Hybrid Loss

@ e Generator Loss ‘ %{ED‘

Adversarial
Loss Training Loop

Function

Output: High-Quality
Gujarati-English
Translation

Figure 4. GAN-Transformer for Gujarati-English translation.

G-TransGAN Translator

Enter Gujarati text here English Translation

aleofl Rl wal e Rls uU 01120 brladl vis

A room with blue walls and a white sink and door.

Figure 5. Sample image of the Translation with GAN-Transformer
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This two-way training allows the system to
launch into translation, producing skilled and
grammatically correct outputs and also generating
outputs that are indistinguishable from human
references, particularly with culture-specific or idiomatic
language. Figure 5 shows the sample image of the
Translation with GAN-Transformer.

Algorithm 1. Training Procedure of G-
TransGAN

Input: Gujarati—English parallel corpus D
Output: Trained G-TransGAN model

1. Preprocess D (cleaning, normalization,
tokenization)

2. Train conditional GAN on D to
generate synthetic sentence pairs

3. Combine real and synthetic data
- Daug

4. Apply Gujarati-specific SentencePiece
tokenization

5. Generate contextual embeddings using
XLM — RoBERTa and IndicBERT2

6. Initialize Transformer encoder—decoder
7. For each training epoch:

a. Compute translation loss
(cross-entropy)

b. Compute adversarial loss

c. Compute semantic similarity
loss

d. Combine losses with weighted
sum

e. Update parameters using SAM
f.  Apply LoRA fine-tuning
8. Repeat until convergence

9. Return trained model

3.4.1 GAN Architecture and Training Configuration

The conditional GAN is used in this work is
composed of a Transformer-based generator and a
neural discriminator. The generator is based on the
encoder decoder transformer architecture that consists
of 6 encoder and 6 decoder layers with an embedding
dimension of 512 and 8 attention heads. A position-wise
feed-forward network with a hidden dimension of 2048
and GELU activation is contained in each of the layers.
Addition of positional encodings is done to maintain
sequence order. The generator is trained to work on
Gujarati source sentences and generates synthetic
English translations with a linear projection layer and
then softmax. The discriminator is trained as a 3-layer

feed-forward neural network having 512 and RelLU
activation functions as hidden dimensions. It is given
concatenated source-target sentence representations
and gives a probability score through a sigmoid layer to
differentiate between real and synthetic pairs of
sentences. The general training goal is a combination of
the standard translation loss, adversarial and semantic
similarity derived in equation (14),

L = Lyr + AaavLlaav + AsemLsem (14)

where Ly refers the cross-entropy translation

L.qy specifies the adversarial loss, and
Lser, denotes the semantic consistency. The
hyperparameters are set to A3, =05 and A =
0.3 based on validation performance. Adam optimizer
and a learning rate of 0.0002 (b1 = 0.5, b2 = 0.999) is
used to train the models. The 1:1 training schedule is
followed in which the generator and discriminator are
updated alternately and had 100 epochs with a batch
size of 32. Adversarial training is stabilized using
gradient clipping (maximum norm 1.0) and dropout (rate
0.1). The experiments are all run on an NVIDIA Tesla
V100 32GB memory. The training is done with a fixed
learning rate. The results are reproducible, random
seeds are fixed (seed = 42) in Python, NumPy, and
PyTorch. The mean time spent on training is about 35
minutes per epoch.

loss,

3.5 Semantic Translation

At this point, the translation process is
accomplished using a purely Transformer-based
encoder-decoder architecture that is fine-tuned from
mBART50, a multilingual encoder-decoder sequence-to-
sequence model. The encoder translates the contextual
embeddings from Phase 3 into a deep intermediate
representation, and the decoder generates the
translated target sequence in either Gujarati or English
while still capturing the semantic meaning. To alleviate
low-resource limitations, synthetic parallel data is
obtained by first translating monolingual Gujarati text
into English and then converting it back to Gujarati. This
firstly brings added training diversity, along with
increasing robustness. The loss function that is used
incorporates the forward (L;) and back-translated (L)
translations depicted in equation (15):

Liotar = ArLg + ApLy (15)

In this scenario, 4 and 4, are the weights for
forward and back-translation losses. To facilitate
minimizing meaning drift, a semantic similarity constraint
is incorporated using cosine similarity between the
source (e;) sentence embeddings and the generated
target (e;) sentence embeddings, as given by the overall
equation (16):

es-et (1 6)

Sim(e,, e;) =
LD lleslllell
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A semantic loss term is defined as well by the
overall equation (17):

1 - Sim(e,, e;) 17)

Lsemantic =

This loss term is added to the final loss to
maintain meaning consistency given by equation (18):

Lfinal = Ltotal + ﬁLsemantic (18)

Where B defines the weight for semantic
alignment. The final stage of the proposed framework
ensures that translations retain both fluency, accuracy,
and cultural sensitivity through attention-weighted
translation,  back-translation = augmentation, and
semantic alignment.

3.6 Optimization Strategies

The last step was to make sure it runs as
efficiently, calmly and hardy as possible in low-resource

Sharpness-Aware

Minimization (SAM) Low-Rank Adaptation

(LoRA)

settings using a mixture of SAM and LoRA and
precision-aware training methods. SAM promotes
generalization by locating parameters residing in
neighbourhoods of low loss instead of sharp minima,
therefore reducing the sensitivity of the model to
perturbations.

Figure 6 shows the architecture of Optimization
Strategies. Given the training loss function L(w), SAM is
optimized as in equation (19):

min max L(w + €) (19)
w el <p

Where w is the parameters of the model, p is
the perturbation radius, and ¢ is the adversarial
perturbation vector. The optimization process consists of
two steps: the perturbation step and the update step
using perturbed weights as presented in equations (20
and 21):

Trained
Translation Model

Pretrained
Weights
—_— Grdion . Grdion gy
¥ri6 [y
a0 2 i
- Output e (0 Optimizer
Weights Weights
- ne | ) —
< — = \ \

Mixed Precision Training (MPT)

QAT { Pre-trained Model } PTQ

Quantize Training | | Calibration L
[ Model }[ Data J[ Data HCallbmtlonJ

Quantization-Aware Training

[ Retrain Quantized Model ] [

Quantize Model

] (QAT)

. !

| QAT Quantized Model | [ PTQ Quantized Model |

Output: Robust, Efficient, Low-
Latency Gujarati-English Translation
Model

Figure 6. Optimization Strategies
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VwL(w)
17y LW 2

e=p- (20)

wew—n-V,Lw+e) (21)

This pushes towards flatter minima and
therefore reduces overfitting. LORA incorporates low-
rank matrices in the weight updating procedure as a
method for parameter-efficient fine-tuning. If the weight
matrix W, € R%*¥, then the weight after fine-tuning is
given by equation (22):

W =W, + AW (22)
Where,
AW = AB, A€ R, Be R™ r & min(d,k) (23)

Here, r is the rank factor determines the number
of trainable parameters. With LoRA, freeze the weight
W, while only training A and B, saving memory and
computing. The Mixed Precision Training (MPT) method
accelerates the training process and reduces memory
usage via a combination of 32-bit floating-point (FP32)
and 16-bit floating-point (FP16) operations as defined in
equation (24):

Xpp3z = cast(xgpg) for stability (24)

and to avoid underflow through loss scaling as
defined in equation (25):

L=L-s (25)

where s refers to the scaling factor, which is
modified dynamically. Similar to this is Quantization-
Aware Training (QAT), which trains with a simulated
inference low-bit (e.g. INT8) representation to allow
model accuracy to be retained during its intended
deployment as defined in equation (26):

Xq = round G) A (26)

where 4 is the quantization step size. This
allows for the best possible robustness and adaptation
to working in low specification (low resources)
operational conditions, such as the use of mobile or
embedded devices. This optimization stage ensures the
Guijarati text translation model performs with robust
accuracy, low latency, and low memory usage without
increasing any loss of semantic fidelity.

G-TransGAN is a multi-phased framework to
solve Guijarati-English translation under low-resource
settings. First, a conditional GAN is used to produce a
wide variety of realistic Gujarati text based on character-
and sentence-level embeddings to address the sparsity
of data. Then, morphological shades are captured by
preprocessing and Gujarati-specific SentencePiece
tokenization, shrinking vocabulary size and out-of-
vocabulary problems. IndicBERT 2 and fine-tuned XLM-
RoBERTa models offer deep contextual embeddings
with syntax and semantics, as well as cultural distinction.
A transformer translation model with a GAN integration
guarantees outputs that are similar to human translation,

and back-translation enhances robustness. The
semantic similarity constraints preserve the meaning.
Lastly, optimization techniques SAM, LoRA, mixed
precision, and quantization-aware training improve
generalization, efficiency, and deployment to low-
resource devices without compromising the quality of
translation. The performance evaluation of the proposed
model is explained in the next section.

4. Results and Discussion

The results and discussion section bring out the
performance of the proposed G-TransGAN framework in
comparison with the existing methods of Guijarati to
English translation in low-resource conditions. Different
assessment measures, such as BLEU, METEOR,
accuracy, precision, recall, and error rates, are used to
justify the gains in fluency, semantic preservation,
efficiency, and robustness.

4.1 Experimental Setup

Guijarati-English parallel corpora with synthetic
data created using cGAN were used in the experimental
setup. XLM-RoBERTa, IndicBERT, and mBART
architectures were fine-tuned on models. SAM, LoRA,
and mixed-precision training optimization methods were
applied to guarantee better efficiency, accelerated
convergence, and resilient low-resource performance.

The experiments use Gujarati-English parallel
corpus that is found on Kaggle and has about 65,000
sentence pairs that are aligned. The data is mostly
general domain bilingual text that is gathered via publicly
available sources. The preprocessing steps consist of
Unicode normalization, noisy and duplicate sentence
pair’s removal, length filtering, and the use of a Gujarati-
specific SentencePiece tokenizer.

The dataset is then cleaned and divided into
70% training and 30% testing data. Since the corpus is
built using publicly available sources, there is a
possibility of bias due to domain imbalance and different
quality of translation that influences generalization to
highly specialized domains.

4.2 Comparison of the Proposed Model

To set a proper comparison, G-TransGAN was
contrasted with other well-known models, including
mBART [16], mT5 [17], and M2M-100 [18]. These
baselines gave a clue on efficiency, accuracy and
fluency.

Figure 7 shows the comparison of BLEU score
of mBART, mT5, M2M-100 and proposed Full G-
TransGAN model. The highest BLEU score of 38.4 is
attained by the proposed model, which is better
compared to M2M-100 (36.2), mBART (35.9), and mT5
(34.8). The fact that the improvement is about 2.2 BLEU
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compared to M2M-100 and 2.5 BLEU compared to
mBART prove that the proposed framework produces
translations with a higher degree of n-gram accuracy
and closer to the reference translation. This means that
there is enhanced fluency and adequacy in the
translation of Gujarati to English.

Figure 8 shows the comparison of METEOR
score in all models. Full G-TransGAN has a score of 0.76
on METEOR, which is better than M2M-100 (0.73),
mBART (0.72), and mT5 (0.71). As METEOR takes into
account the synonym matching and semantic alignment,
the enhancement suggests that the given model is more

effective in terms of semantic meaning and contextual
relevance of the translated sentences than the baseline
multilingual models.

Figure 9 presents the comparison of Translation
Error Rate (TER) with a lower value being a better
performance. The G-transGAN has the lowest TER of
0.46, which is lower than M2M-100 (0.48), mBART
(0.49), and mT5 (0.51). The TER decrease indicates that
it needs fewer edits to convert the generated translation
into the reference sentence, which validates a higher
accuracy and structural quality of translation.

BLEU Comparison
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Figure 7. BLEU of the proposed model
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Figure 8. METEOR of the proposed model

Int. Res. ]J. Multidiscip. Technovation, 8(3) (2026) 31-48 | 42



Vol 8Iss 3 Year 2026 Mehulkumar Dalwadi & Abhishek Mehta /2026

TER Comparison

0.5

0.4 1

0.3

TER

0.2

0.1

0.0-

100

VA

Figure 9. TER of the proposed model

4.3 Performance Evaluation of the Proposed
Model

Standard translation metrics such as BLEU,
METEOR, accuracy, F-measure and error rates were
used in performance evaluation. These steps confirmed
the success of the proposed framework in the
improvement of Gujarati-English translation in low-
resource set-ups.

Figure 10 shows the decrease in training loss
over the course of 100 epochs in Normal Training and
SAM-based Training. First Normal Training begin at a
loss of approximately 1.05, and SAM begin a little lower
at 0.95. At the last step, Normal Training has a
convergence of about 0.08, whereas SAM has a lower
loss of about 0.02. This shows that SAM optimization
allows smoother convergence and generalization by not
falling into sharp minima, which is consistent with the
objective of the proposed G-TransGAN framework to
improve stability and efficiency of low-resource Gujarati-
English translation.

Figure 11 contrasts the accuracy of validation
after 100 epochs of Full Fine-Tuning and LoRA Fine-
Tuning. First, Full Fine-Tuning is initialized at a low value
of 0.62, whereas LoRA is initialized at a higher value of
0.65. At the last stage, Full Fine-Tuning is approximately
0.92, and LoRA exceeds it with 0.96. This gain shows
the parameter-efficient fine-tuning property of LoRA,
which has a higher generalization ability with fewer
parameters to train. Consistent with the G-TransGAN
framework, LORA guarantees faster convergence, less
resource consumption, and higher accuracy, which is
especially useful in low-resource Gujarati-English
translation tasks

The ablation results indicate that Full G-
TransGAN model (GAN + Transformer + LoRA + SAM)

performs the best in terms of a BLEU score of 38.4,
METEOR of 0.76, and the lowest TER of 0.46, which
proves the effectiveness of the integrated framework.
The deletion of GAN makes BLEU drop to 35.9 and TER
rise to 0.49, which indicates the value of adversarial
augmentation. On the same note, the removal of SAM
(BLEU 36.7) or LoRA (BLEU 34.8, TER 0.52) leads to
worse performance, which shows that optimization and
parameter-efficient fine-tuning are important.

The baseline Transformer does not have any
augmentation, and its results are much worse (BLEU
31.2, TER 0.56), which proves the weakness of low-
resource training. Although back-translation (BLEU
34.6) and GAN augmentation alone (BLEU 36.8) are
better than the plain Transformer, none of them is as
good as the full integrated model. These results show
that the results of the improvements observed are not
only due to augmentation volume increase, but due to
the  synergetic = combination of  GAN-based
augmentation, back-translation, and high-level
optimization methods in a single architecture. Table 3
displays the Five-Fold Cross-Validation Performance of
G-TransGAN.

Table 3 shows the results of 5-fold cross-
validation of the proposed G-transGAN model. The data
is separated into five subsets with four subsets being
trained and one being a validation in each fold. The folds
are consistent in terms of performance with less
difference in the BLEU, METEOR and TER. The small
values of standard deviation show that the model is
stable and reliable in the performance of the model in
various data splits, which proves the strength and the
ability to generalize the proposed framework.

Table 4 provides qualitative examples of
translation results of various multilingual NMT baselines
as opposed to the proposed Full G-TransGAN model.

Int. Res. ]J. Multidiscip. Technovation, 8(3) (2026) 31-48 | 43



Vol 8Iss 3 Year 2026 Mehulkumar Dalwadi & Abhishek Mehta /2026

The examples show semantic fidelity, grammatical
correctness, lexical precision and preserving context.
The translations generated by the proposed model
across the samples are always the ones that are the
closest to the human reference in their structure and
meaning. As an example, in the former, the suggested
production perfectly matches the reference sentence,

but the baseline models introduce small lexical changes
like the model, which is used in place of replica.

In the same way, in the second and fifth
examples, the offered system coincides with the
reference translation, which indicates high lexical
accuracy and fluency.

Training Loss vs Epochs (Normal vs SAM)

©
o

Training Loss
o
B
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—— SAM Training
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Figure 10. Training Loss Convergence with SAM vs Normal Optimization
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Figure 11. Validation Accuracy Progression with LoRA vs Full Fine-Tuning
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Table 2. Ablation study of the proposed model

Metri Full With | With | With | Transfo | Transfo | Transfor | Withou | Back- | GAN | GAN
cl Model out out out rmer rmer + mer + t Back- | transla | Only | + BT
Model | (GAN+ | GAN | SAM | LoR (No Back- GAN transla tion
Transfo A Augme | Translat | Augmen tion Only
rmer + ntation) ion tation
LoRA +
SAM)
BLEU 38.4 35.9 | 36.7 | 34.8 31.2 34.6 36.8 32.8 34.6 36.8 | 33.5
METE 0.76 0.72 | 0.74 | 0.71 0.67 0.71 0.74 0.74 0.71 0.74 | 0.75
OR
TER 0.46 0.49 | 0.48 | 0.52 0.56 0.52 0.48 0.49 0.52 0.59 0.5

Table 3. Five-Fold Cross-Validation Performance of G-TransGAN

Fold BLEU METEOR TER
Fold 1 37.9 0.75 0.47
Fold 2 38.2 0.76 0.46
Fold 3 38.5 0.76 0.45
Fold 4 38.1 0.75 0.46
Fold 5 38.3 0.76 0.46
Mean * Std 38.2+0.2 0.756 £ 0.005 0.46 £ 0.01

Table 4. Qualitative Comparison of Gujarati—English Translation Outputs Across Baseline Models and the
Proposed G-TransGAN

airplane flying
through the air.

airplane flying

in the sky.

aircraft flying in
the air.

airplane flying
through the air.

Full G-
Source (Gujarati) | Rcrerence mBART mT5 M2M-100 TransGAN
(English)

(Proposed)
so2 csld dil3 A bicycle replica | A bicycle A bicycle with a | A bicycle replica | A bicycle replica
glsyuin 112 with a clock as | model with a clock as its having a clock with a clock as
UlUse u(a{S[a_ the front wheel. | clock as the front wheel. as the front the front wheel.

front wheel. wheel.

Aogel] WA ULS A black Honda | A black Honda | A black Honda | A black Honda A black Honda
53] 05 S\oS| motorcycle bike parked in | motorcycle motorcycle motorcycle
NI parked in front front of the parked before parked in front parked in front of

of a garage. garage. a garage. of a garage. a garage.
qleoil (eq1d) 14 | A room with A room having | A room with A room with blue | A room with blue
ude Ris wia blue walls and a | blue walls with | blue colored walls and white walls and a white
NRK{L g21dd) vis white sink and a white sink walls and a sink and door. sink and door.

door. and a door. white sink and

door.
U5 51 5 % Slojeil | Acar that A car appears | A car that looks | A car that A car that
A uls $3d) s12e] | seems to be to be illegally | illegally parked | seems to be appears to be
U901 NS 1A UR parked illegally parked behind | behind a parked illegally illegally parked
NA ULS s behind a legally | another car. parked car. behind a legally | behind a legally
. parked car. parked vehicle. parked car.

u1d dq €l 8
sqIui Gsdl Ulel A large A big A large A large A large
0 Qo2 (i Lol passenger passenger passenger passenger passenger

airplane flying
through the air.
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In more structurally complex sentences, as in
the case of illegal parking, the baseline models simplify
or lose contextual information (another car, rather than a
legally parked car), whereas the model proposed does
not. In descriptive sentences with objects and attributes
(description of the room), some basic grammatical
omissions occur in certain baselines (white sink and door
without article), but the proposed model does not have
such omissions. Altogether, these qualitative findings
contribute to the quantitative ones by proving the better
semantic  preservation, contextual clarity, and
grammatical consistency due to the combined
adversarial augmentation and optimization strategy of
G-TransGAN.

5. Discussion

The results of the experiments indicated that the
suggested G-transGAN model is always better
performance than traditional translation models and
even modern multilingual Transformer baselines like
mBART, mT5, and M2M-100. Although these pretrained
models perform well on multilingual tasks by using the
large scale training, their performance in translating to
Gujarati is limited by the lack of language specific
adaptation and reliance on massive parallel corpora. In
comparison, G-TransGAN solves low-resource issues
by using conditional GAN-based data augmentation to
increase  linguistic  depth and allow  Dbetter
morphologically rich Gujarati structures to be learnt.
Architecturally, the current models of baselines are
based mainly on the standard encoder-decoder
Transformer learning, but the model proposed
incorporates the adversarial learning, which generator to
generate translations that are more aligned with the
human linguistic patterns. At the methodological level,
Gujarati-specific  SentencePiece tokenization, dual
contextual embeddings, semantic similarity constraints
and back-translation mechanisms facilitate contextual
knowledge and reduce semantic drift that is often
achieved via multilingual pretrained systems. The
augmentation with the use of the GAN is integrated with
the Transformer architecture, which enhanced the
performance of translation but raises the complexity of
calculations as a result of adversarial training and
combined optimization. Despite the fact that SAM and
LoRA improved convergence and efficiency of
generalization, the hybrid GAN-Transformer model has
a greater computational cost than the conventional
Transformer models. Although this results in better
BLEU, METEOR and TER scores, it is scaled in
resource-constrained environments. The next step in the
direction of work will be to integrate lightweight or
compact Transformer architectures and more effective
adversarial stabilization methods to decrease the
number of computations and still achieve the same
quality of translation.

6. Conclusion

This research presented a hybrid GAN-
Transformer-based framework, referred to as G-
TransGAN, which aims at solving the problem of
Guijarati-English translation in a low-resource setting.
The method is effective in enhancing the fluency of
translation, semantic transfer, and strength through a
combination of adversarial data augmentation,
multilingual contextual embedding, and optimization
methods, including SAM and LoRA. The efficacy of
augmentation-based learning coupled with parameter-
efficient optimization was experimentally proved by
comparative analysis of morphologically rich languages
over conventional and multilingual Transformer-based
baselines. In addition to the performance gains, the
suggested framework also addresses the technical
viability of creating effective machine translators that
operate on low-resource languages, which leads to the
increase in digital accessibility and multilingual
communication. The findings show that focused
augmentation and domain-conscious optimization are
used as plausible alternatives to scale-sensitive
multilingual pretraining methods. Further research will
involve domain-adaptive translation in specialized
settings, minimizing the computational complexity of
edge deployment, and generalizing the framework to
other Indic and low-resource language pairs. The use of
bias-conscious augmentation and better adversarial
stabilization can also be wuseful in enhancing
generalization and practical applicability.
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