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Abstract

Low-resource Neural Machine Translation
(NMT) remains a major challenge, particularly
in high-stakes domains such as healthcare. This
paper presents a domain-adapted pipeline for
English—Nepali medical translation leveraging
two state-of-the-art multilingual Large Lan-
guage Models (LLMs): mBART and NLLB-
200. A high-quality, domain-specific parallel
corpus is curated, and both models are fine-
tuned using PyTorch frameworks. Translation
fidelity is assessed through a multi-metric eval-
uation strategy that combines BLEU, CHRF++,
METEOR, BERTScore, COMET, and perplex-
ity. Our experimental results show that NLLB-
200 consistently outperforms mBART across
surface-level and semantic metrics, achieving
higher accuracy and lower hallucination rates in
clinical settings. In addition, error profiling and
ethical assessments are conducted to highlight
challenges such as term omissions and cultural
bias. This work underscores the viability of
large-scale multilingual models in enhancing
medical translation for low-resource languages
and proposes actionable paths toward safer and
more equitable MT deployment in healthcare.

1 Introduction

Neural Machine Translation (NMT) has brought
significant advancements to the field of MT, of-
fering more fluent and accurate translations than
traditional statistical methods (Goyle et al., 2023).
However, the success of NMT systems heavily re-
lies on the availability of large-scale parallel cor-
pora, which remain scarce for many of the world’s
languages. Nepali, a low-resource language, exem-
plifies this challenge, particularly in specialized do-
mains such as healthcare (Ranathunga et al., 2021;
Elmadani and Buys, 2024).

Medical translation introduces unique com-
plexities: terminology is highly domain-specific,
context-sensitive, and error-prone. Inaccuracies

in translating clinical terms can have severe
consequences, including misdiagnosis and im-
proper treatment. However, current NMT systems
face challenges in domain-specific text translation
within low-resource settings because they lack ad-
equate high-quality medical parallel corpora and
diverse linguistic training data (Ranathunga et al.,
2021; Wang et al., 2021).

Recent advances in Large Language Models
(LLMs), especially multilingual transformer-based
models, have shown great promise in improving
translation quality for low-resource languages and
specialized domains. In this paper, we investigate
the use of LLMs to enhance English—Nepali NMT
in the medical domain. Building on architectures
such as mBART and NLLB-200, we construct a
domain-adapted pipeline using PyTorch and evalu-
ate translation quality in both general-purpose and
domain-specific metrics.

Our contributions are threefold:

* A Nepali—English parallel corpus tailored to
the medical domain is curated by combin-
ing diverse sources with domain-specific rele-
vance.

* The performance of mBART and NLLB-200
is fine-tuned and compared using a unified ex-
perimental framework that incorporates met-
rics, capturing both lexical fidelity and seman-
tic preservation.

* A detailed analysis is conducted on transla-
tion errors, model hallucinations, and domain-
specific term accuracy, with attention to ethi-
cal concerns such as safety, fairness, and de-
ployment constraints.

By demonstrating the effectiveness of multilin-
gual LLMs in translating low-resource and high-
risk content, this work contributes a step toward
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safer and more inclusive NMT systems for global
health applications.

2 Related Work

NMT for low-resource languages, especially in spe-
cialized domains such as medicine, presents endur-
ing challenges due to the limited availability of
parallel corpora. Prior work has explored tech-
niques such as transfer learning (Zoph et al., 2016),
back-translation (Edunov et al., 2018), round-trip
(Ahmadnia and Dorr, 2019; Ahmadnia et al., 2019,
2018), and multilingual training (Ranathunga et al.,
2021; Elmadani and Buys, 2024) to augment low-
resource datasets. Although these methods offer
improvements, they often fall short in domain-
specific scenarios where precise terminology and
contextual nuance are critical.

Recent advances in multilingual LLMs, such as
mBART (Liu et al., 2020) and NLLB-200 (Team
et al., 2022), trained on massive multilingual cor-
pora, have demonstrated notable gains in low-
resource translation performance. However, most
existing studies apply these models in general-
domain contexts, with limited investigation of
domain adaptation for high-stakes fields such as
medicine.

In the medical domain, research has emphasized
the importance of adapting general models using
small in-domain corpora and leveraging domain-
specific ontologies (Ranathunga et al., 2021). How-
ever, the direct application of LLM to Nepali med-
ical translation has not been explored sufficiently.
Our work fills this gap by conducting a focused
comparative evaluation of mBART and NLLB-200
in the context of English—Nepali medical trans-
lation, specifically measuring their effectiveness
using domain-relevant metrics.

Benchmarking efforts for Nepali remain sparse.
Existing work has highlighted the lack of com-
prehensive evaluation pipelines tailored to low-
resource languages and has called for special-
ized metric design and robust model comparisons
(Wang et al., 2021). In contrast, our study provides
a unified PyTorch-based framework with an exten-
sive suite of evaluation metrics—including both
surface-level (BLEU and CHRF++) and semantic
metrics (BERTScore, COMET, and perplexity)—to
better capture domain-specific translation quality.

Furthermore, while domain adaptation through
fine-tuning in small corpora has been shown to be
effective, our results demonstrate that LLMs like
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NLLB-200 can significantly outperform smaller
multilingual baselines when fine-tuned even with
limited medical domain data. Unlike previous
work, we perform detailed error analysis and term-
level confusion profiling to understand hallucina-
tion patterns, omission rates, and reliability in clin-
ical contexts.

Finally, studies focusing on South Asian lan-
guages such as Nepali have identified unique mor-
phological and syntactic challenges that complicate
machine translation (Guzman et al., 2019). Our
contribution extends this line of inquiry by present-
ing model-specific evaluations of how these chal-
lenges manifest in the medical domain and how
modern multilingual LLMs mitigate or fail under
these conditions.

3 Mathematical Background

This section outlines the core mathematical prin-
ciples relevant to our implementation of mBART
and NLLB-200 for English—Nepali medical trans-
lation, focusing on the transformer architecture and
domain adaptation objectives that underpin our sys-
tem.

3.1 Transformer Architecture

Both mBART and NLLB-200 are built upon the
Transformer model (Vaswani et al., 2023), which
replaces recurrence with multi-head self-attention
to efficiently model long-range dependencies in se-
quences. These models follow an encoder—decoder
structure where each layer uses scaled dot-product
attention to compute contextual representations.

Attention(Q, K, V') = softma <QKT> vV 1)
1 y £y = X
Vdy

where (), K, and V' are the query, key, and value
matrices derived from input sequences, and d, is
the dimensionality of the key vectors.

Multi-head attention allows the model to jointly
attend to information from different representation
subspaces:

MultiHead(Q, K, V)
= Concat(head;, ..., headh)WOheadi
= Attention(QWZ2, KWK, vwY) ()
This formulation enables a better capture of syn-

tactic and semantic features, especially important
in morphologically rich languages such as Nepali.



3.2 Domain Adaptation Objective

Domain adaptation is central to our work. We fine-
tune general-purpose LLMs on a small in-domain
corpus to specialize them for medical translation.
The adaptation process involves minimizing the
negative log-likelihood of the target medical text
conditioned on the source:

0" = i —
arg min Z log Py(y|x)
(z,y)€Dy

3)

where Dy is the domain-specific dataset, and 6 are
the model parameters. This process enables the
model to better internalize the terminology, syntax,
and semantics specific to the medical domain.

To support low-resource adaptation, we also con-
sider the trade-off between task-specific loss and
domain divergence using a weighted composite
objective:

*Cadapt = )\Ltask + (1 - )\)‘Cdomain (4)

This framework allows controlled adaptation by
balancing translation accuracy with domain gener-
alization'.

3.3 Positional Encoding

Since the Transformer lacks recurrence, positional
encodings are added to inject information about
token order. These encodings follow sinusoidal
patterns to allow the model to learn relative and
absolute positions:

N POsS
PE(pOS7 22) = sin <100002i/dm0del) (5)
: _ _ pos
PE(pos, 2i + 1) = cos (100002i/dm0del) ©

Although positional encoding is standard, its
effectiveness in Nepali—English translation, where
syntactic structure differs significantly between lan-
guages, remains critical in maintaining translation
fidelity.

4 Methodology

This section describes the complete process of
developing, fine-tuning, and evaluating multilin-
gual LLMs (mBART and NLLB-200) for English—
Nepali medical translation. The pipeline com-
prises data preparation, model configuration, train-
ing setup, and metric-based evaluation.

"In our implementation, we set A = 1 and optimize only

the task loss. This equation is presented conceptually to de-
scribe potential future extensions.
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4.1 Data Collection and Preprocessing

Nepali was selected as the low-resource target lan-
guage due to its limited parallel corpora, particu-
larly in the medical domain. We collected bilin-
gual (English—Nepali) data from publicly available
sources such as “NepaliHealth” and curated it to
ensure linguistic diversity, medical relevance, and
quality. The dataset included FAQs, news articles,
and instructional medical texts.

The raw data underwent a rigorous cleaning pro-
cess that included:

* Removal of special characters and non-
linguistic artifacts,

* Normalization of Nepali Unicode encoding,

* Formatting into JSONL structure: { “en”:
““‘”’ “ne”: ““‘” }

To address data scarcity, additional monolin-
gual and synthetic parallel data was generated us-
ing back-translation through tools such as Google
Translate and Gemini, following the method pro-
posed by Yang et al. (2024).

4.2 Model Selection and Configuration

We selected two multilingual pre-trained models
for experimentation:

e NLLB-200: Initially, the 600M distilled vari-
2

ant was tested for development purposes-.

* mBART: A widely adopted multilingual
transformer with proven effectiveness in do-
main adaptation tasks.

Both models were initialized using pre-trained
weights from “Hugging Face”. Tokeniza-
tion was handled using AutoTokenizer and
MBartTokenizer, with explicit specification of
language codes. No structural modifications were
made to the model architectures.

4.3 Fine-Tuning Setup

Due to limitations in quantization support, we used
full-parameter fine-tuning for both models. Train-
ing was carried out on A100 GPUs using PyTorch.
Key hyperparameters included:
To enhance efficiency: 1) Mixed-precision
(FP16) training was employed, 2) Dynamic
2All final training and evaluation results presented in this

paper are based on the full 3.3B-parameter version of NLLB-
200 to ensure maximum translation quality.



Hyperparameter

NLLB-200 mBART

Batch Size

Gradient Accumulatio
Epochs

Weight Decay
Learning Rate

16 4

1 4

20 20
0.01 0.01
5e-5 5e-5

Table 1: Training hyperparameters for NLLB-200 and mBART.

padding was managed using Hugging Face’s
DataCollatorForSeg2Seq, and 3) Evalua-
tion was conducted at the end of each epoch.

4.4 Evaluation Metrics

We adopted a diverse set of evaluation metrics
to capture both surface overlap and semantic ade-
quacy, especially relevant in clinical translation:

BLEU: Standard lexical overlap metric; in-
cluded primarily for baseline comparison.

CHRF++: Character-level metric better
suited to morphologically rich languages such
as Nepali.

TER: Measures the number of edits required
to match reference translations.

METEOR: Accounts for synonymy, morphol-
ogy, and paraphrasing; useful for languages
with flexible word order.

BERTScore: Evaluates contextual semantic
similarity using XLM-RoBERTa.

COMET: A learned evaluation metric de-
signed to better correlate with human judg-
ments; includes source, hypothesis, and refer-
ence.

Perplexity: Used as a fluency and hallucina-
tion proxy; Lower perplexity indicates greater
confidence and coherence.

Each metric played a distinct role in assessing the
suitability of translations for sensitive clinical ap-
plications, where literal equivalence is insufficient.

5 Experimental Framework

This section outlines the experimental setup used
to evaluate the effectiveness of mBART and NLLB-
200 in translating English—Nepali medical texts.
We describe the datasets, model initialization,
domain-specific training strategy, and runtime en-
vironment.
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5.1 Role of LLMs in the System

Multilingual LLMs are central to this system. Their
contextual representation power, multilingual pre-
training, and domain adaptation capacity make
them ideal for low-resource, high-risk applications
such as medical NMT.

Unlike traditional statistical or phrase-based sys-
tems, these models can generalize across domains
due to their pre-training on diverse corpora. Fine-
tuning allows for specialization without architec-
tural changes, enabling improved translation flu-
ency and terminology consistency across clinical
documents.

5.2 Domain-Specific Data Integration

Both mBART and NLLB-200 were initially trained
for general-purpose multilingual translation and do
not include medical-specific supervision. To bridge
this gap, we fine-tuned each model using curated
bilingual English—-Nepali medical texts. These in-
clude:

¢ Health education materials,
* Doctor—patient dialogue samples,
* Domain-specific FAQs from “NepaliHealth.”

To enhance lexical and syntactic robustness,
we also incorporated back-translated data using
Google Translate and Gemini, following strategies
proposed by Yang et al. (2024).

5.3 Dataset Overview

The training dataset consisted of approximately
25K sentence pairs in the medical domain, 10K
synthetic pairs from back-translation, and a vali-
dation/test set of 2,000 pairs manually reviewed.
All data were formatted in “JSONL” with fields
en and ne. Encoding inconsistencies were cor-
rected by normalization. Sentence distributions
were inspected to ensure that no subdomain was
overrepresented.



5.4 LLM Configuration

The models were instantiated using the Hugging
Face Transformers library: 1) mBART that initial-
ized with facebook/mbart-large-50, and
2) NLLB-200 that initially tested with the 600M
variant; later scaled to the 3.3B model for final eval-
uations. Language codes were explicitly specified.
No modifications were made to the architectures or
tokenizers beyond model-specific preprocessing.

5.5 Training Environment

Training was performed on NVIDIA A100 GPUs
(80GB memory) using mixed-precision FP16. Dy-
namic padding was enabled via Hugging Face’s
DataCollatorForSeg2Sedq.

5.6 Evaluation Interface

BLEU and CHRF++ were calculated using
sacrebleu. BERTScore used XLM-RoBERTa,
and COMET used multilingual pre-trained weights.
Each model output was evaluated at the sentence
level and aggregated across the test set. In addition,
we implemented confusion analysis to examine the
reliability of the model in domain-specific terms
and in hallucination cases. The metrics were cross-
referenced with semantic metrics (COMET and
BERTScore) to detect safe but inaccurate transla-
tions.

6 Results Analysis and Discussion

We evaluate mBART and NLLB-200 in English—
Nepali medical translation using surface-level and
semantic metrics. This section presents quantitative
results, sentence-level analyses, and model-specific
error profiles, with a focus on translation reliability
in clinical contexts.

6.1 Quantitative Evaluation

All results in this section are reported using the
final 3.3B-parameter version of NLLB-200, unless
otherwise noted. Table 2 presents a comprehensive
comparison between NLLB-200 and mBART on
several metrics. NLLB-200 outperforms mBART
on all fronts, with significant margins in semantic
alignment (COMET and BERTScore) and fluency
(perplexity).

These results confirm NLLB-200’s stronger
preservation of both lexical content and seman-
tic meaning under domain-specific constraints. In
particular, lower perplexity indicates better model
calibration and reduced hallucination.
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Metric NLLB-200 mBART
BLEU 65.70 60.12
CHRF++ 82.81 78.34
METEOR 0.780 0.742
BERTScore (F1) 0.968 0.956
COMET 0.830 0.800
Perplexity 1.84 3.25

Table 2: Comparison of translation performance across
evaluation metrics.

Human references and prediction generated by
the Nepali translation model are provided in Fig-
ure 1. These examples qualitatively evaluate the
translation performances of a given NLLB model
in the medical domain. From what can be seen,
the model usually only captures the general mean-
ing, with somewhat minor rephrasings. These
variations, which are often semantically accept-
able, have been put into perspective where domain-
specific nuances or idiomatic expressions may still
be improved.

6.2 Lexical Patterns

Figure 2 illustrates the BLEU score distribution
across the test set. NLLB-200 shows a denser
concentration in the high-BLEU region, indicat-
ing fewer low-quality outputs and better handling
of lexical irregularities.

In contrast, mBART’s BLEU distribution shows
a longer tail, suggesting higher lexical variance
and occasional drops in fidelity, particularly with
uncommon medical expressions.

6.3 Semantic Fidelity

Figure 3 compares sentence-level COMET and
BLEU scores. NLLB-200 maintains a higher
COMET even for sentences with moderate BLEU,
demonstrating robust paraphrastic fluency and se-
mantic retention.

This supports the idea that exact lexical over-
lap (as measured by BLEU) can misrepresent true
translation quality in the medical domain, where
synonyms and reformulations are common.

6.4 Medical Term Accuracy

We performed a confusion matrix analysis to clas-
sify translations at the term level. Figure 4 shows
that NLLB-200 consistently exhibits fewer false
positives, especially in symptom and diagnostic
terms.



Source Reference | Prediction

(EN) (NE) (NE)
[NLLB-
200]

What does | 9RGen! Ryt

a stuffy | AThells o | TRt ok

nose mean? ﬂglﬁ@? CoR A

Is it safe | gar ufafd | Tfaemr

to consume | THTGRIHAT FaifthT daq

caffeine FaTfth ™ gdaa

during preg- | JUHNT T | IASIEE?

nancy? giaa ?

I have tin- | 8% gt | &Y  Geraht

gling in my | ffem X | offar 3

toes and | fSisiant fSrstent

the tip of | gWAT e el

my tongue.| FHSH S| h | TS Sl &

Can  you | dUTE HEA T | dUT§ Hed T4

help? THES? | GHg?

Figure 1: Examples of English medical source sentences
with human reference translations and NLLB-200 out-
puts. These examples illustrate NLLB-200’s semantic
fidelity and fluency in domain-specific contexts, com-
plementing the aggregate metric-based evaluation.

mBART occasionally inserts plausible but incor-
rect terms (e.g., mistranslation of “anesthesia” as
“dizziness’’), while NLLB-200 is more conserva-
tive, prioritizing precision even at the cost of minor
recall loss.

6.5 Fluency and Hallucination

Perplexity scores highlight notable differences in
fluency confidence. NLLB-200 achieves a lower
average perplexity (1.84 vs 3.25), indicating higher
consistency and fewer hallucinated or malformed
outputs. The qualitative review confirms this:
mBART more frequently mixes source language
tokens or drops critical medical terms.

In addition, hallucinated words in the mBART
output often hybridize English and Nepali mor-
phemes, suggesting inadequate domain ground-
ing. NLLB-200 occasionally omits low-frequency
terms, but rarely generates novel or fictitious
phrases, aligning with safer deployment goals in
clinical translation.

53
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Figure 2: Distribution of sentence-level BLEU scores
across the test set, showing that NLLB-200 produces
consistently high-quality outputs with fewer low-BLEU
outliers compared to mBART.
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Figure 3: Sentence-level comparison of COMET and
BLEU scores for NLLB-200, highlighting cases where
high semantic adequacy (COMET) is achieved even
when surface-level lexical overlap (BLEU) is moderate.

7 Ethical Considerations

Deploying MT in clinical settings introduces seri-
ous ethical and practical responsibilities. In this
section, we address potential risks related to trans-
lation safety, hallucination, data privacy, computa-
tional cost, and fairness.

7.1 Translation Risk

In the medical domain, minor translation errors can
lead to critical misinterpretations. Standard met-
rics such as BLEU and METEOR assign equal
weight to all tokens, but in clinical texts, spe-
cific terms—e.g., medications, procedures, or diag-
noses—carry disproportionately high importance.
For instance, mistranslating “complete resection”
as “c-section” in a surgical context reverses clinical
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Figure 4: Confusion matrix of domain-specific medical
terms translated by mBART and NLLB-200, indicating
that NLLB-200 achieves higher accuracy with fewer
false substitutions in critical terminology.

intent, yet results in minimal BLEU penalty (Shor
et al., 2023).

Our error analysis (see Figures 2, 4) confirms
that high lexical scores do not guarantee safe trans-
lations. Some model outputs passed surface-level
metrics while introducing clinically unacceptable
substitutions or omissions. Although NLLB-200
exhibited better reliability, both models showed vul-
nerability to hallucination—fluent but fabricated
terms—which are especially dangerous in health-
care.

To mitigate this, we advocate for human-in-the-
loop workflows with uncertainty-driven flagging,
where low-confidence segments are highlighted for
clinician review. As Gaona et al. (2023) note, even
trained post-editors may overlook errors in fluent
MT outputs. Interactive review interfaces and term-
specific alerts are essential safeguards.

7.2 Computational Cost

Fine-tuning NLLB-200 (3.3B parameters) in medi-
cal texts required 18 hours of A100 GPU compute.
Such resource demands may be prohibitive in low-
resource clinical settings, where infrastructure is
limited. In addition, inference through large LLMs
may be infeasible in rural clinics lacking stable
electricity or Internet.

Compression techniques such as 8-bit quanti-
zation and knowledge distillation offer potential
solutions but require careful calibration to preserve
translation fidelity. Beyond the feasibility of de-
ployment, there are ethical concerns related to en-
vironmental impact. As Bender et al. (2021) argue,
large-scale model training incurs significant carbon

54

and financial costs that disproportionately burden
under-resourced communities. We support trans-
parent reporting of resource use and the develop-
ment of greener MT workflows, including training
on renewable-powered infrastructure and reusing
fine-tuned checkpoints where possible.

7.3 Bias and Fairness

Language models can propagate or amplify biases
embedded in training data. In clinical NMT, such
biases can result in demographic misrepresenta-
tions or dialectal exclusion. For example, certain
dialects or regional expressions in Nepali may be
poorly translated, disadvantaging minority speak-
ers. Although we did not conduct an exhaustive
bias audit, future work should include demographic
fairness evaluation, dialect sensitivity analysis, and
gender representation audits. Bias-aware training
strategies and lexicon-level interventions are rec-
ommended for deployment-ready systems. We also
emphasize that privacy is non-negotiable in clinical
Natural Language Processing (NLP). Any cloud-
based translation pipeline must ensure end-to-end
encryption, no logging of sensitive information,
and compliance with relevant healthcare data regu-
lations.

7.4 Human-Centered MT Deployment

Any clinical translation system must be embedded
in a socio-technical feedback loop. Inspired by
Gaona et al. (2023), we suggest systems that: 1)
Surface low-confidence tokens for human correc-
tion, 2) Provide term-level explanations or align-
ments, and 3) Allow feedback from domain experts
to be integrated into future model updates. Partici-
patory design is critical: translators, clinicians, and
local health workers should be involved in testing
and refinement, particularly for underrepresented
linguistic communities.

8 Conclusions and Future Work

This paper presented a domain-adapted NMT
framework for English—Nepali medical texts, using
two state-of-the-art multilingual language models:
mBART and NLLB-200. Our experiments show
that NLLB-200 significantly outperforms mBART
on multiple evaluation metrics, achieving higher
scores on BLEU, CHRF++, METEOR, COMET,
and BERTScore, along with significantly lower per-
plexity. These results suggest that NLLB-200 is
better suited for clinical translation tasks in low-



resource settings, offering improved preservation
of medical terminology and contextual fluency.

Our detailed error analysis revealed that tradi-
tional surface metrics such as BLEU and METEOR
often do not capture clinically important semantic
differences. In contrast, COMET and BERTScore
provided better correlation with human judgments,
though even these metrics occasionally overlooked
critical omissions or paraphrastic errors. We ob-
served that mBART tends to hallucinate or sub-
stitute medical terms, while NLLB-200 exhibits
more conservative translation behavior, with fewer
false positives but occasional under-generation of
rare terminology. These findings highlight a key
trade-off in clinical NMT: balancing lexical preci-
sion with semantic adequacy under domain-specific
constraints. Although large-scale models such
as NLLB-200 show strong promise, their deploy-
ment in real-world healthcare contexts remains non-
trivial. The computational demands of training and
inference, as well as the risks of opaque model
behavior, raise important ethical, logistical, and
usability concerns. In practical deployment scenar-
ios, clinicians must be able to trust and interpret
the model’s output. We advocate for the integra-
tion of uncertainty estimation, confidence scoring,
and human-in-the-loop editing tools into clinical
MT interfaces. Visualization of model attention
or translation risk zones could further improve ex-
plainability and safety.

Future work will explore several promising di-
rections. First, our objective is to compress NLLB-
200 via quantization and distillation to enable of-
fline or on-device use in rural clinics. Second, we
plan to expand this pipeline to additional South
Asian languages and medical subdomains, using
the multilingual pre-training of NLLB. Third, we
envision building interactive translation systems
that incorporate clinician feedback in real time,
using corrective supervision to refine the model’s
behavior dynamically. Finally, we will investigate
clinically grounded evaluation frameworks that bet-
ter account for terminology importance and contex-
tual integrity, including task-specific metrics such
as Clinical-BERTScore.
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