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Abstract

In a massively multilingual country like India,
providing legal judgments in understandable
native languages is essential for equitable jus-
tice to all. The Legal Machine Translation
(L-MT) shared task focuses on translating le-
gal content from English to Hindi which is the
most spoken language in India. We present a
comprehensive evaluation of neural machine
translation models for English-Hindi legal doc-
ument translation, developed as part of the L-
MT shared task. We investigate four multi-
lingual and Indic focused translation systems.
Our approach emphasizes domain specific fine-
tuning on legal corpus while preserving statu-
tory structure, legal citations, and jurisdic-
tional terminology. We fine-tune two legal
focused translation models, InLegalTrans and
IndicTrans2 on the English-Hindi legal paral-
lel corpus provided by the organizers where
the use of any external data is constrained.
The fine-tuned InLegalTrans model achieves
the highest BLEU score of 0.48. Compara-
tive analysis reveals that domain adaptation
through fine-tuning on legal corpora signifi-
cantly enhances translation quality for special-
ized legal texts. Human evaluation confirms
superior coherence and judicial tone preserva-
tion in InLegalTrans outputs. Our best per-
forming model is ranked 3rd on the test data.

1 Introduction

Legal translation is one of the most challenging
domains in natural language processing, requiring
not only linguistic accuracy, but also preservation
of legal semantics, statutory structure, and jurisdic-
tional terminology. In multilingual legal systems
such as India’s, where legal proceedings and docu-
mentation occur across multiple languages, accu-
rate translation between English and Indian lan-
guages is essential for ensuring access to justice
and legal transparency. The linguistic and cultural
gap between English legal texts and their Hindi

translations demands specialized translation sys-
tems that can handle domain specific terminology,
complex sentence structures, and formal register.
Recent studies in legal NLP highlight concrete fail-
ures of general-purpose systems on legal discourse:
domain-specific pretraining or fine-tuning consis-
tently improves performance on legal tasks such
as judgment classification, statutory retrieval, and
terminology preservation (Chalkidis et al., 2020;
Zheng et al., 2021; Chu and Wang, 2018). For In-
dic language pairs, large parallel resources such
as Samanantar have enabled improved base mod-
els for Indian languages (Ramesh et al., 2021),
yet English–Indic legal translation remains under-
resourced compared to English–European pairs.
This gap is further amplified by code-switching
and transliteration phenomena in Indian legal texts,
which complicate tokenization and lexical align-
ment (see e.g. (Mujadia et al., 2024)).
Empirical evidence from priorMT research indi-

cates that domain adaptation, either via continued
pre-training on in-domain corpora or targeted fine-
tuning—yields substantial gains in adequacy and
terminology fidelity compared to out-of-domain
baselines (Chu and Wang, 2018; Farajian et al.,
2017; Rossi and Chevrot, 2019). Furthermore, re-
cent large multilingual models (e.g., NLLB-200)
demonstrate strong cross-lingual transfer but often
underperform specialized, domain-adapted mod-
els on niche corpora unless further adapted (Costa-
jussà et al., 2022; Mahapatra et al., 2025).
Traditional rule-based and statistical machine

translation approaches have historically struggled
with the specialized vocabulary and syntactic com-
plexity present in legal documents. The advent
of neural machine translation (NMT) (Sutskever
et al., 2014; Bahdanau et al., 2015; Vaswani
et al., 2017) has significantly improved translation
quality across general domains, yet legal transla-
tion remains underexplored, particularly for low-
resource language pairs such as English-Hindi in
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legal contexts.
The L-MT shared task on English-Hindi le-

gal translation provides a standardized evalua-
tion framework for developing translation sys-
tems in the legal domain. This addresses the
critical need for automated translation tools capa-
ble of processing Indian legal judgments, statutes,
and legal documents while maintaining seman-
tic fidelity and legal phrasing accuracy. In this
work, we present a comprehensive evaluation
of four translation systems spanning different ar-
chitectural paradigms and parameter scales: In-
dicTrans2 (200M), a specialized encoder-decoder
model for Indic languages; InLegalTrans (1B), a
domain-adapted model pre-trained on legal cor-
pora; NLLB-200Distilled (1.3B), amassivelymul-
tilingual baseline; and Gemini 2.0 Flash API, a
large-scale commercial model. Our investigation
focuses on the impact of domain-specific fine-
tuning, legal-aware preprocessing, and terminol-
ogy preservation strategies on translation quality.

2 Related Work

Neural machine translation has evolved sig-
nificantly since the introduction of attention-
based sequence-to-sequence architectures (Bah-
danau et al., 2015) and self-attention based trans-
former models (Vaswani et al., 2017). Pre-trained
multilingual models such as mBART (Liu et al.,
2020), mT5 (Xue et al., 2021), and NLLB-200
(Costa-jussà et al., 2022) have demonstrated im-
pressive zero-shot translation capabilities across
hundreds of languages through large-scale multi-
lingual pre-training. These models leverage cross-
lingual transfer learning to achieve robust perfor-
mance even on low-resource language pairs.
For Indic languages, the Samanantar corpus

(Ramesh et al., 2021) provided large-scale paral-
lel data for English to Indic and Indic to Indic lan-
guage pairs that led to the development of Indic-
Trans. This model introduced the first large-scale
model specifically designed for Indian language
pairs. IndicTrans2 (Gala et al., 2023) extended
this work with improved architectures, larger train-
ing corpora, better noise filtering, and better han-
dling of script normalization. Recent parameter-
efficient fine-tuning methods including LoRA (Hu
et al., 2021) and adapter layers (Houlsby et al.,
2019) have enabled domain adaptation with min-
imal computational overhead retaining pre-trained
knowledge.

Although all these NMT systems have been
seamlessly integrated into many domains through
domain adaptation, legal translation poses unique
challenges including specialized terminology, for-
mal register, and complex syntactic structures
characteristic of statutory language (Cao, 2007;
Šarčević, 2000). Domain-specific models such as
Legal-BERT (Chalkidis et al., 2020) and legal do-
main pre-training approaches (Zheng et al., 2021)
have demonstrated the value of legal domain pre-
training for natural language understanding of En-
glish legal text. However, legal NMT for English-
Indic language pairs remains critically underex-
plored despite the practical importance in multilin-
gual legal systems.
Prior work on legal NMT has focused on do-

main adaptation through continued pre-training
on legal corpora (Chu and Wang, 2018; Fara-
jian et al., 2017) and incorporation of legal ter-
minology glossaries (Rossi and Chevrot, 2019).
Our work extends this research by conducting
a comparative evaluation of multiple neural ar-
chitectures for English-Hindi legal translation,
demonstrating substantial quality improvements
through domain-specific fine-tuning while main-
taining strict shared-task constraints that prohibit
external data usage. MILPac (Mahapatra et al.,
2025) consists of MT benchmarks in the legal do-
main vetted by law practioners for several English
and low resource Indian language pairs. The au-
thors also released InLegalTrans, an multilingual
NMTmodel fine-tuned on IndicTrans2. LMs (Zhu
et al., 2024) also have been widely used for ma-
chine translation where the machine translation is
performed through a decoder only model rather
than the traditional encoder-decoder models. The
translation capabilities from English to diverse In-
dian languages (Mujadia et al., 2024) of different
LLMs have been studied.

3 Methodology

3.1 Dataset

The L-MTEnglish-Hindi Legal Translation corpus
(Singh et al., 2025) consists of parallel sentence
pairs extracted from Indian legal documents, in-
cluding court judgments, statutory provisions, and
legal proceedings. Each entry contains an English
source sentence and its corresponding Hindi trans-
lation in Devanagari script. The corpus exhibits
domain-specific characteristics typical of Indian le-
gal discourse, including complex syntactic struc-
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tures, specialized terminology, and formal regis-
ter. It includes 50,000 samples provided for fine-
tuning, 5,000 samples provided for validation dur-
ing the training phase (validation set), and 5,000
samples on which the final BLEU score was calcu-
lated (test set).
The dataset preserves legal-specific elements

including citation patterns (e.g., “AIR 1997 SC
1234”, “Section 125 of the CrPC”), constitutional
articles, domain-specific legal terminology such
as “writ petition”, “respondent”, “jurisdiction” and
“fundamental rights” that require accurate trans-
lation or appropriate transliteration, and numer-
ical consistency with dates, case numbers, sec-
tion identifiers, and monetary amounts preserved
across source and target sentences. For submis-
sions and evaluations, we train on the complete
training corpus to maximize model exposure to
domain-specific patterns.

Table 1: Corpus statistics for English-Hindi legal trans-
lation.

Split # Samples Usage

Training 50,000 Fine-tuning
Validation 5,000 Dev evaluation
Test 5,000 Final evaluation

The training corpus exhibits linguistic diversity
across legal sub-domains including constitutional
law, criminal procedure, civil litigation, contract
law, and property law. Average sentence length is
approximately 28 tokens for English and 32 tokens
for Hindi, reflecting the morphological richness
of Devanagari script. The corpus maintains au-
thentic translation challenges including ambiguous
legal terminology, code-switching patterns where
English legal terms are retained in Hindi transla-
tions, and syntactic divergence in terms of gram-
matical structures. All experiments strictly adhere
to shared-task constraints by using only the official
provided datasets without external corpora, back-
translation, or synthetic augmentation.

3.2 Training Details
The models are trained for 3 epochs with batch
size 4 and learning rate 2e-4 on an NVIDIA A100
GPU with 94GB RAM. We follow IndicTrans2’s
preprocessing guidelines for normalization and to-
kenization. Script tags in the format Eng_Latn →
Hin_Deva are added to each translation pair to en-
sure script consistency.

Table 2: Training configuration for InLegalTrans-
en2Indic-1B

Component Setting

Base model InLegalTrans-en2Indic-1B
Quantization 4-bit NF4 (bitsandbytes)
LoRA rank/alpha r = 16, α = 32
Target modules q_proj, k_proj, v_proj,

o_proj, fc1, fc2
Optimizer paged_adamw_32bit
Learning rate 2× 10−4 (linear decay)
Batch size 4 per device
Epochs 3
Precision FP16 mixed precision
Max seq. length 512 tokens
Hardware NVIDIA A100 (94 GB)
Notes Gradient accumulation used

to simulate larger batch size

Particular care is taken to preserve legal sym-
bols, citations, and numbering. Symbols like “§,”
“Sec.,” and “Art.” are kept exactly as they are. We
eliminate pairs with empty target translations and
filter out sentence pairs with significant length mis-
matches (greater than 3:1) to avoid model confu-
sion. To minimize GPUmemory consumption and
enable efficient domain adaptation, InLegalTrans
is optimized with parameter-efficient adapters us-
ing LoRA/PEFT techniques.

3.3 Evaluation Metrics
We evaluate the translation quality using three
complementary metrics: BLEU (Papineni et al.,
2002) for n-gram precision, ROUGE-L (Lin,
2004) for longest common subsequence to assess
sentence-level structural preservation, and chrF++
(Popović, 2017) for character-level or subword ac-
curacy. For inference, we use beam search de-
coding with beam width of 4 and temperature of
0.7, followed by post-processing for punctuation
restoration and formatting corrections.

4 Results and Analysis

Table 3 shows detailed evaluation metrics across
all three metrics on the final test set.

4.1 Quantitative Analysis
From the results, we observe that the fine-tuned
InLegalTrans model achieves the highest BLEU
score of 0.48, representing a 55% improvement
over the base model (0.31 BLEU). This model
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Table 3: Detailed evaluation metrics on test set. (final leaderboard score)

Model BLEU ROUGE-L chrF++

Base Models

IndicTrans2 (Gala et al., 2023) 0.30 0.42 0.52
Gemini 2.0 Flash (few-shot) 0.16 0.35 0.43
InLegalTrans (Mahapatra et al., 2025) 0.31 0.44 0.54
NLLB-200 (Costa-jussà et al., 2022) 0.27 0.39 0.49

Fine-tuned Models

IndicTrans2 (Gala et al., 2023) 0.31 0.43 0.53
InLegalTrans (Mahapatra et al., 2025) 0.48 0.56 0.73

demonstrates superior performance in preserving
the inherent characteristics of the legal texts. In-
dicTrans2 maintains stable performance at approx-
imately 0.31 BLEU regardless of fine-tuning, sug-
gesting strong pre-trained generalization to formal
text but limited domain adaptation capacity for
legal-specific patterns.
Several key observations emerge from the eval-

uation:
Domain Adaptation Impact: Fine-tuning on

legal corpora yields substantial improvements only
for InLegalTrans (+0.17 BLEU), while Indic-
Trans2 showed minimal gains (+0.01 BLEU). This
suggests that InLegalTrans’s architecture and le-
gal pre-training approach are more receptive to
domain-specific adaptation.
Model Scale vs. Specialization: Despite hav-

ing fewer parameters (1B vs. 1.3B), the fine-tuned
InLegalTrans significantly outperformed the larger
NLLB-200 model (0.48 vs. 0.27 BLEU). This
demonstrates that domain specialization and tar-
geted fine-tuning can be more effective than raw
model capacity for specialized translation tasks.
CommercialModel Performance: Gemini 2.0

Flash achieved the lowest BLEU score (0.16) de-
spite being a large-scale commercial model. Man-
ual inspection reveals that while Gemini produces
fluent translations, they frequently deviate from le-
gal phrasing conventions and exhibited semantic
inconsistencies in handling statutory language, in-
stead preferring generic terms in generation.
Metric Consistency: Performance rankings re-

mains consistent across all three metrics (BLEU,
ROUGE-L, chrF++), with InLegalTrans (FT) lead-
ing in all categories. The strong correlation
between metrics validates the robustness of our
evaluation. The model’s strong performance in

ROUGE-L (0.56) and chrF++ (0.73) metrics indi-
cates robust sentence-level structural preservation
and character-level accuracy.

4.2 Qualitative Analysis

Table 4 presents a representative translation exam-
ple demonstrating the strengths and weaknesses of
different models on legal text.

Table 4: Example translations from different models.

Model Translation

Source The petitioner has challenged the constitutional validity of
Section 377.

Reference या˃चकाकतार् ने धारा 377 कɃ संवधैािनक वधैता को चुनौती दी ह।ै

InLegalTrans
(FT)

या˃चकाकतार् ने धारा 377 कɃ संवधैािनक वधैता को चुनौती दी।

IndicTrans2
(FT)

या˃चकाकतार् ने अनुच्छेद 377 कɃ संवधैािनक मान्यता को चुनौती दी।

NLLB-200 अजɁदार ने सेक्शन 377 कɃ संवधैािनक वधैता को चुनौती दी ह।ै

Gemini (few-
shot)

या˃चकाकतार् ने धारा 377 कɃ वधैता पर सवाल उठाया ह।ै

The qualitative analysis reveals that InLegal-
Trans (FT) produces translations nearly identical
to the reference, maintaining precise legal ter-
minology. IndicTrans2 substitutes वधैता (valid-
ity) with मान्यता (recognition), introducing a sub-
tle but significant semantic shift in legal meaning.
NLLB-200 uses inconsistent terminology (अजɁदार
instead of या˃चकाकतार् for petitioner) and translit-
erates “Section” as सेक्शन rather than using the
proper Hindi term धारा. Gemini paraphrases ex-
cessively, changing “challenged” to “questioned”
(सवाल उठाया), which alters the legal force and pre-
cision of the statement.
These examples confirm that domain-specific

fine-tuning on legal corpora is essential for achiev-
ing high-quality English-Hindi legal translation,
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and that specialized models outperform general-
purpose systems in preserving legal semantics.

5 Conclusion

In this paper, we present a comprehensive evalua-
tion of neural machine translation models for the
translation of English-Hindi legal documents as
part of the L-MT shared task. We demonstrate that
domain-specific fine-tuning on legal corpora sub-
stantially enhances translation quality for special-
ized legal texts, with the fine-tuned InLegalTrans
model achieving the highest BLEU score of 0.48,
a 55% improvement over its base performance.
Our comparative analysis of four translation sys-

tems spanning different architectural paradigms re-
vealed that domain specialization and targeted fine-
tuning can be more effective than raw model ca-
pacity, as evidenced by the 1B parameter InLe-
galTrans outperforming the larger 1.3B parameter
NLLB-200 model. The results confirm that pre-
serving legal terminology, statutory structure, and
formal phrasing requires dedicated domain adapta-
tion rather than relying solely on general-purpose
multilingual models. As a natural extention of this
work, we would explore the possibility of develop-
ing MT models from English to other Indian lan-
guages. Since the legal domain is a critical do-
main, it requires quality legal benchmarks to eval-
uate the developed models. We would like to work
in this direction as well. We plan to introduce
linguistic regularization mechanisms during train-
ing to explicitly model legal discourse markers and
domain-specific cue phrases. The final fine-tuned
model (InLegalTrans-FT) is available here - Hug-
ging Face.

Limitations

While our system demonstrates strong perfor-
mance on the L-MT dataset, several limitations
warrant acknowledgment. The fine-tuning is per-
formed exclusively on the provided legal corpus,
which may limit generalization to other legal sub-
domains or regional legal language variations. The
evaluation primarily relies on automatic metrics
(BLEU, ROUGE-L, chrF++), which may not fully
capture nuanced legal semantic equivalence. Al-
though human evaluation at limited is carried out,
it is conducted by non-experts. The system’s han-
dling of rare legal terminology and emerging legal
concepts requires further extensive human evalua-
tion by legal experts.
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