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Abstract

Neural-machine translation systems for Gujarati perform well with standardized text; however, they have difficulty with
the regional dialects found in actual tourism and service situations. The practical use of current multilingual baselines
is hampered by a decline of 10–15 BLEU points when applied to Surati and Kachchi dialects. By modifying NLLB-200-
distilled-600M using LoRA, this study presents a parameter-efficient approach for dialect-sensitive Gujarati-to-English
translation, emphasizing both attention and feed-forward networks. We collected 9,537 annotated parallel pairs from
such dialects as Surati, standard Gujarati and Kachchi, and subsequently divided them into 80/10/10 for training,
validation, testing. Addressing catastrophic forgetting through unified joint training, where dialects are mixed within
batches instead of being trained sequentially, is a major contribution. Surati obtained 67.80 points, standard Gujarati
62.89 points, and Kachchi 53.16 points, giving the final model a mean BLEU score of 61.33. Targeting feed-forward
networks improves dialectal translation by +3.2 BLEU compared to attention-only LoRA, according to ablation analysis.
These findings provide a repeatable baseline for translating Gujarati dialects in situations with limited resources.
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1. Introduction

Every year, tourists and residents both play their part
in win-win cooperation Despite the contacts between them
must deal directly with accent peculiar to this province of
the upper dialect vocabulary.During interaction people use
informal language mixed with multiple languages.This in-
cludes not just Kutchi and Gujarati but also Hindi and
English rolled into one sentence Nowadays this type of
amalgam is widely seen in markets, But is poorly rep-
resented in any standard evaluation materials on machine
translation Therefore when many times a translation score
given in-the-cup cup does not carry over consistently into
real-world situations where both tourism and business are
at stake.

Research has shown that NMT systems achieve good
toughs results in formal ado as a result. IndicTrans2 and
other multilingual benchmarks systems have shown robust
on standard English-Gujarati data sets [1], while earlier
studies, attention-based NMT has been used and prepro-
cessing has considered Gujarati word structure [2, 3]. Most
of these projects now focus on standardized language and
do not discuss dialectal problems caused by different writ-
ing systems, word use, or inconsistencies in topics for con-
versation. Work on dialects is just beginning, though spe-
cific Gujarati variants get attention owing to low resource
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issues. And there need to be approaches toward adap-
tation of this kind because studies have shown that very
small improvements can make big differences in transla-
tion quality due to their cumulative effect over time [4]. So
we pose the following question: how might Gujarati lan-
guage models adjust to regional dialect differences and still
maintain standard Gujarati translation with only minimal
parallel data?

A parameter-efficient adaptation offers a practical ap-
proach to this problem. Although LoRA is a system for
model tuning, it uses only a small subset of the parameters
for training, which reduces costs and does not require high-
level computing resources to reproduce [5]. It has been
previously shown that the adapter-style fine-tuning does a
better job at preserving knowledge learned previously than
with distributions that are different [6, 7]. This is criti-
cal for acquiring multiple dialects, because language struc-
tures can be in conflict across varieties. Motivated by this,
we explore Gujarati dialect→English translation leverag-
ing a multilingual approach with parameter-efficient tun-
ing specifically for dialect transfer.

The first point of doing this research is to provide a
perception-based account of standard Croatian with spe-
cial reference to Surati and Kachchi varieties.This will
enable controlled training and evaluation by merging to-
gether all forms of a language into one set of data. Gujaati
and English are our languages.Adapted to the former, this
more comprehensive LoRA structure addresses both at-



tention projections and feed-forward layers.Furthermore,
it looks forward to doing so in all aspects of grammar and
vocabulary.From the viewpoint of joint training we follow
a unified doctrine.When dialectal information is included,
dialect interference is kept at a minimum.After processes of
optimization, we still have a residue source of translation
ability.Looked at together, these design decisions offer a
ready-to-use framework for dialect-aware Gujaati transla-
tion and provide an efficient method for other marginalized
dialects within multilingual NMT.

2. Literature Review

The Transformer architecture [8] produced large-scale
neural machine translations. It [9] demonstrated that a
single multilingual system can be used to handle 100 lan-
guages and this was an extension to an even larger extent
by the NLLB (No Language Left Behind) program. The
No Language Left Behind (NLLB) project [10] is aimed
at creating a repository of 200 languages with translation
open underground for both Gujrati included. However,
the system does not work well on dialectal and conversa-
tional inputs, as it still cannot convey certain tones. Indic-
Trans2, [1] as a project for English-to- Gujrati translation,
went well but for dialect translations it dropped to 35 45
BLEUs. And now it is dialects.

Gujarati MT is limited to the work of the preceding
projects. Goyal and Sharma [2] reported an attention-
based NMT performance of 28 BLEU; Ameta et al. [3]
used morphological preprocessor to improve results. Only
Thakkar et al. [4] addressed different dialects of Gujarati,
hitting 30 BLEU on Saurashtra with <500 pairs and ex-
plicitly requesting methodologies for adaptation in low-
resource scenarios.

Fine-tuning that uses few parameters can save time on
adapting large models. LoRA, according to [5], decom-
poses the weight updates into low-rank parts and main-
tains a number of trainable parameters that is less than
1%. Biderman et al. [6] followed up on this idea in 2024.
In their view, this type of scheme is not as likely to suffer
from catastrophic forgetting as if we were just fine-tuning
the entire network. This is critical when the program is
applied in multiple dialects and faces large upheavals peri-
odically. According to the most recent study on r-selection
for translation, this form of rank was not applied here;
therefore, it seems likely that this paper [11] missed trans-
lating the formula but probably has results for r=16–64,
which were co-manifested using virtually different presen-
tation schemas across developmental ingestions; we have
chosen to use Gujarati for development and so have r=32.

Parameter-efficient dialect adaptation methods are in
vogue. It Similar to this, [7] used adapters for English di-
alects; Barmandah[12] fine-tuned LoRA for Saudi Arabic
variants. Kantharuban et al. [13] large-scale quantified
dialect-gap across 50+ languages, establishing the neces-
sity for dialect-aware translation as a systematic challenge
that calls for structured solutions.

Cross-lingual transfer learning serves as an excellent ze-
roth guess for low-resource tasks. mT5 [14] demonstrates
extra /101/ language generalization, outperforming un-
seen pairs by +2—10 chrF++ with this cross-lingual trans-
fer. Back-translation [15] encourages augmentation of par-
allel data with monolingual corpora, resulting in +5—15
BLEU lifts and sets the stage for future Gujarati dialect
augmentation pipelines.

Catastrophic forgetting threatens multi-dialect models.
Kirkpatrick et al. [16] introduced elastic weight consolida-
tion principles. This empirical superiority of unified over
curriculum training (even when allowing curriculum learn-
ing) is in line with known results from multitask learning
[17] which states that evenly sampling across tasks avoids
mode collapsing.

Morphologically rich languages require evaluation be-
yond BLEU chrF++ [18] is a character-level F-score cal-
culation with word bigrams and it correlates better than
BLEU with human judgment on morphologically complex
pairs. Using a diverse set of pairs and languages, COMET
[19] reaches >0.85 human correlation vs BLEU which only
achieves 0.51.

Gujarati exhibits significant regional variation. Dialecti-
cal northern Kachchi integrates Persian influences; south-
ern variants (e.g. Surati) hold Hindi/Portuguese loan-
words [20]. There is a lot of code-switching going on in
the real-life talks—switch back and forth between Gu-
jarati and English, Gujarati and Hindi. This [21] show
20—40% code-mixed token rates in social media for In-
dian languages; Winata et al. [22] report 15—20 BLEU
drops on mixed-language pairs, motivating our usage of
code-mixed tourism examples.

This paper fills these gaps by creating 9,537 parallel Gu-
jarati dialect pairs, leveraging LoRA, with feed-forward
network as adapter, into NLLB-200, and using unified joint
training to mitigate catastrophic forgetting while achiev-
ing superior high-quality dialect-aware translation in a low
resource setting.

3. Methodology

This section outlines the end-to-end pipeline for dialect-
aware Gujarati-to-English translation, covering corpus
construction, quality control, model adaptation, unified
optimization and evaluation. Low-resource settings are
the environments that we have designed, where variation
in dialect and catastrophic forgetting is a primary prob-
lem.

3.1. Dataset Curation and Preprocessing
We developed a Gujarati-English parallel corpus con-

sisting of 9,537 sentence pairs curated from the project-
specific localized data sources comprising three varieties
– Standard Gujarati, Surati and Kachchi. The data are
based on practical usage situations relevant to conversa-
tion and commerce.

Counts by source before splitting:
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Table 1: Gujarati Dialect Dataset Statistics
Dialect Train Val Test Avg Src Len Avg Tgt Len Vocab Size
Standard 2,865 358 358 12.3 11.2 8,247
Surati 2,214 277 277 11.8 10.9 6,815
Kachchi 2,550 319 319 13.1 11.7 7,102
Total 7,629 954 954 12.4 11.3 22,164

• Standard Gujarati: 3,581 pairs. It is the formal and
accepted variety that was used in education, govern-
ment, and mass media, and it is our reference dialect
of study.

• Surati: 2,491 pairs. This regional variety has sub-
stantial phonetic and lexical differences from the stan-
dard dialect, which makes it useful for probing robust-
ness to non-standard urban speech.

• Kachchi: 3,465 pairs. This variety features extensive
lexical borrowing and uses dialect-specific construc-
tions that complicate adaptation to the low-resource
setting.

We implemented a five-stage preprocessing pipeline:

1. Unicode normalization: Gujarati text canonical-
ization via NFKC normalization.

2. Deduplication: near-duplicate removal with seman-
tic similarity threshold >0:95.

3. Length filtering: we keep only pairs for which 3 ≤
|src| ≤ 128 and 3 ≤ |tgt| ≤ 128.

4. Dialect annotation Each source sentence is anno-
tated with the dialect label (at most one) using lexical
and orthographic cues.

5. Stratified split: 80/10/10 train-validation-test split
that preserves ratios of dialects.

The final split sizes are 7,629 for training, 954 for vali-
dation and same value for testing.

Table 1 summarizes the final distribution used in our
experiments. The three-way split ensures retention of di-
alect ratios used for stable mixed-dialect optimization, as
well as fair evaluation on a per-dialect level.

3.2. Quality Control and Annotation Spec
To enhance data reliability, a post-preprocessing quality

control stage was implemented.

• Semantic consistency check: discarded pairs with
obvious source-target discordance.

• Consistency check: punctuation and numerals, not
lexical identity

• Two-pass annotation review: initial labeling, then
conflict resolution.

For ambiguous examples, native speakers disam-
biguated using lexical markers, postposition usage and
spelling variation patterns. This lowered label noise and
increased dialect separability at training time.

To prevent dialect dominance, we keep track of imbal-
ance ratio:

ρ =
maxd Nd

mind Nd
, d ∈ {standard, surati, kachchi} (1)

and preserve balanced sampling during optimization.

3.3. Base Model: NLLB-200-distilled-600M
We choose NLLB-200-distilled-600M as our multilingual

encoder-decoder backbone. We demonstrate strong cross-
lingual transfer for low-resource adaptation by virtue of
the architecture.

• Encoder: 12 layers of transformers with self-
attention and feed-forward networks.

• Decoder: 12 layers of the same Transformer with
masked self-attention and cross-attention.

• Tokenizer: single multilingual subword vocabulary
(including Gujarati).

While the base model has support for Gujarati, direct
inference is not adequate given the conversational aspect
and dialects. Orthographic and lexical variants need adap-
tation.

3.4. Dialect Conditioning Formulation
Each source sentence is prepended with a dialect control

token, yielding:
x′ = [τd ; x] (2)

where x is the Gujarati source sequence and τd is one of
the dialect tags.

The model learns dialect-aware conditional translation:

p(y | x, d) = p(y | [τd ; x]) (3)

with y denoting the English target sequence.
Gujarati script examples are kept as training-relevant

variants:

Table 2: LoRA Module Targeting Comparison
Variant Target Modules # Modules Trainable Params
Attention-Only q_proj, k_proj, v_proj, out_proj 48 14.7M (2.45%)
Ours: Expanded q_proj, k_proj, v_proj, out_proj, fc1, fc2 72 2.8M (0.47%)
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Figure 1: End-to-end training pipeline for dialect-conditioned Gujarati-to-English translation. The system combines multi-source corpus
curation, dialect-token conditioning, Expanded-LoRA adaptation on NLLB-200, and unified joint-training with mixed-dialect batches.

• Surati spelling shift: કંસલ્ટĠ → કĢલ્ટĠ

• Kachchi borrowing variant: બજાર

3.5. Parameter-Efficient Adaptation: Expanded-Target
LoRA

We use Low-Rank Adaptation (LoRA) rather than full
fine-tuning:

W ′ = W0 +BA (4)
where B ∈ Rd×r, A ∈ Rr×k, and r ≪ min(d, k) with
r = 32.

Our main design is to extend LoRA from attention mod-
ules to the feed-forward blocks (fc1, fc2) for lexical and
morphologic adaptation.

The LoRA hyperparameters employed in all runs are a
rank of r = 32, scaling factor α = 64 and dropout 0.1.

3.6. Training Procedure: Unified Joint-Training
In preliminary experiments, the sequential curriculum

across dialects led to catastrophic forgetting. Thus, we
employ unified joint-training, combining dialects during
optimization as shown in Figure 1.

3.6.1. Pipeline Description
Figure1 illustrates the complete methodology. We first

merged and normalized the Standard, Surati, and Kachchi
parallel corpora followed by stratified splits for training,
validation and test (see Table1). Before tokenization, an
additional token is attached to every source sentence as a
dialect label to help determine which token type should be
selected. NLLB-200 processes these tokenized pairs with
LoRA adapters inserted into both the attention and feed-
forward layers on the provided modules in Table 2. Within
each mini-batch, it mixes different dialects during training
to prevent catastrophic forgetting. The model is validated
every few iterations, the best checkpoint based on valida-
tion loss is selected, and final performance is reported in
terms of BLEU, chrF++, and per-dialect BLEU.

3.6.2. Training Setup
• Optimizer: AdamW (β1 = 0.9, β2 = 0.999)

• Learning rate: 3× 10−4

• Per-device batch size: 8

• Gradient accumulation: 4 (effective batch size 32)

• Label smoothing: 0.1

• Precision: fp16

• Epochs: 6

3.7. Optimization Objective and Regularization
Training minimizes label-smoothed token-level cross-

entropy:

L = −
T∑

t=1

|V |∑
v=1

qt(v) log pt(v) (5)

where qt is the smoothed target distribution and pt is the
model output distribution at step t.

Further regularization of adaptation paths is suggested
with LoRA dropout, and mixed-dialect training batches
improve robustness across a continuum of dialect distri-
butions.

3.8. Evaluation Framework
We report:

• sacreBLEU: standard n-gram overlap metric
with:length(T)1std(x<=T) brevity penalty.

• chrF++: character-level metric which is robust to
morphology and spelling variation.

• Per dialect BLEU: separate evaluation of Standard,
Surati and Kachchi subsets.

Native speakers further manually assess sampled out-
puts for adequacy and fluency.
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Table 3: Final test-set results for Gujarati-to-English translation
(English target).

Input Variety Target BLEU chrF++ N
Overall (all Gujarati varieties) English 61.33 73.04 954
Standard Gujarati English 62.89 74.33 471
Surati English 67.80 79.59 149
Kachchi English 53.16 66.09 334

3.9. Implementation Details
The implementation uses PyTorch 2.0, Transformers

4.39.0 and PEFT 0.7.1 which can be installed using the fol-
lowing commands: We add a custom collator to write out
the sequence pairs during PEFT-wrapped seq2seq training
without any conflict with decoder-inputs.

4. Results and Discussion

The above section presents quantitative and qualitative
evidence for the proposed dialect-conditioned Gujarati-
English translation framework.Having provided overall
and per-dialect performance to begin with, this analysis
goes on to examine just how well optimization is shaping
up; what kind of returns one might expect on a given di-
alect in comparison with others etc. and finally embraces
some applications to low-resourced tourism domain with
unaltered human performance level.

4.1. Evaluation Setting
The evaluation was carried out on a test set containing

954 pairs of sentences left out from training data. The
final model was selected to be one where validation loss
was at its minimum.After the test, translation quality was
measured using sacreBLEU and chrF++ in the full test
set; this measure was then broken down for individual di-
alect groups. We applied identical decoding settings to
translate in every subgroup so that comparison would be
fair.

4.2. Quantitative Performance
Under low-resource and dialect-diverse contentious, the

proposed method acheives 61.33 BLEU and 73.04
chrF++.

While Surati sees the best performance, it is Kachchi
that remains the most challenging sub-area. This trend
exactly reflects a greater degree of lexical divergence and
borrowing intensity in Kachchi outputs. Nonetheless, the
results from Kachchi still have practical use for tourism
and service-oriented applications.

4.2.1. Training Dynamics
Figure 2 shows stable optimization after switching data

over to a common dialect. The shrinking training–
validation loss gap indicates controlled overfitting, pro-
viding a rationale for selecting a checkpoint that may be
generalized.

Figure 2: Across the steps of iterations in the optimization phase
the training and validation loss curves have very similar shapes. The
smooth dip in loss curve along with stable validation behaviour sug-
gests that convergence has been happening.

4.2.2. Per-Dialect Performance Comparison
Figure 3 emphasizes the dialect gap. This jibes with

Table 3, and along additional makes it clear that dialect
performance order relative between BLEU and chrF++ is
stable.

4.2.3. Split and Length Consistency
By looking at the training splits and sentence lengths,

we guarantee that the results are not influenced by data
distribution artefacts.

Figure 4 validates the evaluation by showing consistent
split composition and comparable length profiles. This
reduces the possibility that gains reported arise from split
artefacts.

4.3. Tourism-Domain Qualitative Analysis

To supplement the automatic metrics presented in Ta-
ble 4, as a supplementary approach that can be used along-
side the automatic metrics, the following tourism samples
are extracted from literature in each dialect. Here, the
samples give practical tourist use examples including book-
ing tickets for a trip by air or by coach, etc.

Qualitative inspection shows that the intentions it is
designed to serve remain strong and that the English gen-
erated as a result is fluent across dialects. However, where
there are differences they usually appear in lexis rather
than syntax, since syntax is well preserved among Kachchi
speakers apart from a few errors here and there. Semantic
meaning in general is preserved.

4.4. Discussion

The underlying empirical outcomes suggest that three
design decisions are essential for accomplishing good per-
formance:
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Figure 3: Each dialect is assigned its own overall reference line.

• Dialect-token conditioning Here we allow explicit
contextual control and thus reduce the ambiguity en-
tailed in heterogeneous inputs.

• Extended LoRa insertion From attention and
feed-forward modules to feed-forward components of
the rudder, such flow type data simplify easier word
adaptation when dialectal variance occurs.

• Unified joint training This alleviates catastrophic
forgetting, so maintaining the standard Gujarati re-
sults while ensuring that other dialects of language
spoken in the area fall-res against at least western
formal settings at Practical Guide level.

Together, these choices create a compromise between
the quality of translation and size of the number of pa-
rameters needed to ensure that it runs effectively without
introducing unnecessary performance overhead on lower
capacity machines. At this point the system is suitable
for practical tourist-assistance flow, including for example
traveling services such as:connections between tourist in-
formation centers and transportation companies or travel
agencies etc.).

4.5. Error Analysis and Limitations

But there are few restraints that remain intact. First,
Kachchi performance is worse than both Standard and
Surati, so they aren’t sensitive to lexical divergence and
borrowing patterns. Second, the existing corpus is very
focused on casual and tourism-commerce contexts; larger
domain transfer might need additional data. The second
concern is that BLEU and chrF++ fail to account for prag-
matic adequacy, stylistic tone.

Future efforts will address (i) a larger Kachchi tourism
corpus, (ii) specific augmentation for low-frequency dialec-
tal forms, and (iii stronger human evaluation protocols for
adequacy, fluency and cultural appropriateness.

4.6. Section Summary

Table ?? shows, in summary, that the proposed model
achieves overall 61.33 BLEU and 73.04 chrF++, with
best results on Surati and retains well on Standard Gu-
jarati. Consistently, two tables and three major figures
of evidence point to the efficacy of dialect conditioning,
expanded LoRA adaptation, and unified joint-training for
low-resource Gujarati dialect translation.

Figure 4: Dataset split and sentence-length analysis across train, validation, and test partitions.
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Table 4: Tourism-domain Gujarati-to-English translation samples by dialect.
Dialect Original Gujarati Input Reference English Model Output (English)
Standard Gujarati મારે આવતીકાલે સોમનાથ મંcદર માટે બે cટdકટ બુક કરાવવી છે. I want to book two tickets for Somnath

Temple for tomorrow.
I want to book two tickets for Somnath
Temple for tomorrow.

Surati અમ્મેવ સુરતવથી દીવવ જવા માટેવ વહેલીવ હવારમાં ટેક્સીવ જેાઈએવ છેવ. We need a taxi from Surat to Diu early in
the morning.

We need a taxi from Surat to Diu early
in the morning.

Kachchi ભુજ એરપોટટા� સફેદ રણ વેǆધો પાંકે, ગાઇડ ભેળો ખપે, ભાડંુ dકતરો થીંધો? જરા
વતાયો.

We want to go from Bhuj Airport to the
White Rann with a guide; tell us the price.

We want to go from Bhuj Airport to the
White Rann with a guide; please tell us
the price.

5. Conclusion

In this paper, we proposed a robust low-resource method
for conducting Gujarati dialect-to-English translation us-
ing NLLB-200 model with basis of dialect conditioning and
Expanded-LoRA adaptation. Achieving 61.33 BLEU
and 73.04 chrF++ overall, the proposed model also
demonstrated excellent performance across Standard Gu-
jarati as well as Surati and Kachchi inputs. The results
demonstrate that the explicit dialect token in conjunction
with a unified mixed-dialect training paradigm dramati-
cally reduces catastrophic forgetting and facilitates cross-
dialect generalization.

More qualitative examples in the tourism domain pro-
vide further evidence of intent preservation and fluency
for use cases relevant to a real-world scenario, including
ticket booking, transport assistance, and itinerary sup-
port. While Kachchi is relatively more challenging due
to greater lexical divergence, the obtained performance is
operationally useful and highlights an avenue for improve-
ment through focused data expansion.

In summary, we show that a good quality dialect-aware
translation can be obtained while avoiding full-model fine-
tuning, an approach which is both computationally in-
expensive and easily deployable in multilingual scenarios.
Future work will be aimed at richer coverage of Kachchi,
more domain-adaptive training and a deeper human-
centered evaluation along adequacy- fluency-culturale-
fidelity.
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