Reasoning as Supportive Context for Machine Translation: A Case Study
on Hindi to Bengali Language Pair

Kshetrimayum Boynao Singh!?; Saksham Singh'; Partha Pakray?, Asif Ekbal'
Department of Computer Science and Engineering
Indian Institute of Technology Patna, India
2National Institute of Technology Silchar, India
{boynfrancis, meetsakshamsingh, pakraypartha, asif.ekbal}@gmail.com

Abstract

We investigate whether reasoning infor-
mation can enhance machine translation
when incorporated as supportive context
during training and inference. Using Hindi-
Bengali translation as a case study, we de-
fine five reasoning components: Key Terms,
Syntactic, Semantic, Pragmatic, and Para-
phrase. We conduct a complete ablation
across all 31 possible combinations us-
ing Gemma-3-1B-Instruct and evaluate on
multi-domain benchmark with BLEU, chrF,
and TER. Evaluation results show that rea-
soning effectiveness depends on its type and
composition rather than quantity. Combin-
ing multiple heterogeneous signals causes
objective diffusion, degrading performance.
The compact Semantic and Paraphrase com-
bination proves optimal, and providing it
during inference yields 23.86 BLEU com-
pared to 22.12 from standard fine-tuning
a +1.74 BLEU gain across eight domains.
These findings demonstrate that targeted se-
mantic guidance consistently and meaning-
fully improves the compact translation mod-
els.

1 Introduction

Neural machine translation (MT) has advanced
substantially with multilingual pretraining and
instruction-tuned language models. However, trans-
lation quality remains uneven across many language
pairs, especially when model capacity is limited.
This is true even for related Indic languages, such as
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Figure 1: Overview of our reasoning-augmented MT method-
ology for Hindi-Bengali translation

Hindi and Bengali, where lexical overlap coexists
with differences in script, morphology, register, and
domain-specific usage.

Recent work has shown that reasoning signals can
improve performance on tasks, such as arithmetic,
logical inference, and commonsense reasoning (He
et al., 2020). These findings have motivated the
use of reasoning-oriented supervision in a broader
range of natural language processing (NLP) prob-
lems. However, most prior work studies settings in
which intermediate reasoning is either directly use-
ful for the final prediction or is explicitly provided
during inference (Lee et al., 2025) (Ghazaryan et al.,
2025). Machine translation differs in an important
way: the goal is not to generate reasoning traces,
but to produce a fluent target sentence that faithfully
preserves the meaning of the source. This raises
a natural question: can reasoning information im-
prove machine translation when it is used only as
supportive context 7 On the one hand, such informa-
tion may clarify sentence meaning and foreground
semantically important content. On the other hand,
it may increase input complexity, introduce noisy
supervision, or create a difference between training
and inference conditions.



To study this, we investigate reasoning as support-
ive context for Hindi—Bengali translation. During
fine-tuning, the model learns from structured rea-
soning annotations paired with parallel data, and
at inference, it uses both source text and reason-
ing context to generate translations. We define five
components: Key Terms, Syntactic, Semantic, Prag-
matic, and Paraphrase, and perform ablations over
all non-empty combinations, yielding 31 reasoning-
based models alongside a standard baseline. All
models are fine-tuned from Gemma-3-1B-Instruct
and evaluated using BLEU, chrF, and TER (Pap-
ineni et al., 2002).

Results show that reasoning impact varies across
setups; adding more components does not en-
sure better performance. Effectiveness depends
on composition, not quantity. A compact Seman-
tic+Paraphrase combination performs best and re-
mains stable, indicating targeted reasoning is bene-
ficial.

2 Related Work
2.1 Reasoning in Large Language Models

Recent advances in large language models
(LLMs)(Zhu et al., 2024; He et al., 2024) have
sparked growing interest in reasoning-oriented
(Nguyen and Xu, 2025) supervision. Studies on
chain-of-thought (Wang et al., 2025; Jiang et al.,
2025) prompting, tree of thoughts (Yao et al.,
2023), and related reasoning strategies (Fan et al.,
2025), such as self-consistency and least-to-most
prompting show that models can achieve significant
gains on tasks, such as arithmetic reasoning,
commonsense inference (Liu et al., 2023), and
symbolic problem (Gaur and Saunshi, 2023)
solving. In these settings, reasoning steps help
models structure their internal representations
(Dabre et al., 2023) and guide (Jiang et al., 2025)
the generation of correct outputs. However, most
of this work focuses on tasks where reasoning
is directly part of the solution process. Machine
translation differs from these scenarios because
the final output is a fluent sentence rather than
an explicit reasoning trace, making it unclear
whether reasoning supervision transfers effectively
to translation tasks.

2.2 Machine Translation for Indic Languages

Neural machine translation for the Indic languages
has improved through multilingual pretrained mod-
els (Bala Das et al., 2023; Singh et al., 2025a;

Singh et al., 2026a), larger parallel datasets and
dedicated benchmarking efforts. These systems
have enhanced cross-lingual transfer (Singh et al.,
2023) and improved translation quality across sev-
eral South Asian languages. Nevertheless, many
approaches rely on large-scale models and mul-
tilingual training pipelines (Verma et al., 2025).
Closely related language pairs, such as Hindi and
Bengali, still pose meaningful challenges due to
differences in script, morphological structure, and
domain-specific language use. As a result, transla-
tion accuracy depends not only on lexical similarity
but also on reliable semantic interpretation.

2.3 Translation Support Beyond Parallel Data

Several studies have investigated enriching trans-
lation models with additional forms of guidance
beyond plain parallel data. These approaches in-
clude terminology constraints, syntactic annota-
tions, alignment information (Chen et al., 2017)
domain labels (Yan et al., 2018; Singh et al., 2026b),
and paraphrastic variants. Such signals aim to help
models preserve technical terminology (Gao et al.,
2025), resolve structural ambiguity and capture al-
ternative expressions of the same meaning. How-
ever, combining multiple support signals reflects nu-
anced interactions rather than cumulative improve-
ments (Singh et al., 2025b). Auxiliary information
may overlap in function and influence the model’s
attention, shaping how effectively the central trans-
lation objective is emphasized.

2.4 Research Gaps in Reasoning for MT

Despite growing interest in reasoning supervision,
its role in MT remains underexplored. Existing
work rarely examines whether reasoning-style infor-
mation can improve translation when used during
training time, as well as inference time, and how
the translation empowers. Furthermore, examining
which path of reasoning signals are beneficial for
translation and how different forms of the other sup-
portive information interact when combined. This
work addresses these gaps by decomposing reason-
ing into multiple linguistic components and con-
ducting a complete combinational ablation study.
By evaluating all the reasoning subsets, we identify
which forms of reasoning supports and improve the
translation quality, and which combinations degrade
it, as well as which reasoning section is required
during the inference time in order to improve trans-
lation capabilities.



3 Dataset

3.1 Parallel Corpus

We conduct experiments on a Hindi-Bengali paral-
lel corpus spanning eight domains, viz. Agriculture,
Tourism, Governance, Climate, Healthcare, Science
and Technology, Judiciary, and Education. After
filtering for sentence quality and annotation com-
pleteness, the final training set contains 36,040 sen-
tence pairs, and the test set contains 2,000 sentence
pairs. The test set supports both overall and domain-
wise evaluation, with 200 examples for each domain
except Education, which contains 600 examples.
The training corpus contains 771,621 Hindi to-
kens and 603,131 Bengali tokens, with average sen-
tence lengths of 21.4 and 16.7 tokens, respectively.
Bengali also shows higher lexical diversity, with
61,284 unique word types compared to 45,170 in
Hindi. The test set follows a similar pattern, con-
taining 41,027 Hindi tokens and 32,061 Bengali to-
kens. Overall, the corpus provides a diverse bench-
mark for evaluating translation quality across do-
mains with different linguistic characteristics, rang-
ing from technical and descriptive text to formal
institutional and instructional language.

3.2 Data Filtering and Quality Considerations

Before training, we filter the corpus to remove noisy
or misaligned sentence pairs. This process enforces
basic quality constraints, such as reasonable sen-
tence length, alignment consistency, and valid rea-
soning annotations. Examples with incomplete,
empty, or malformed reasoning fields are excluded.
These steps reduce training noise and improve the
reliability of the subsequent ablation analysis.

3.3 Reasoning Annotation Pipeline

We generate structured reasoning annotations for
each training sentence using Llama-4-Scout-17B-
16E-Instruct. To leverage its stronger reasoning abil-
ity in English, each Hindi—Bengali sentence pair is
first mapped through an intermediate Hindi—English
translation, from which reasoning annotations are
produced and then adapted back into Hindi and Ben-
gali. To ensure scalability and consistency, the rea-
soning context is systematically transferred using
Google Translate. The resulting annotations are
designed to provide supportive contextual signals
for translation rather than exhaustive linguistic anal-
ysis. For each sentence pair, the pipeline generates
five reasoning components: Key terms (R;), Syn-
tactic (R2), Semantic (R3), Pragmatics (R,4), and

Paraphrase (R5). When applicable, annotations are
produced for both Hindi and Bengali to maintain
cross-lingual alignment. Structurally inconsistent
annotations are filtered before training, yielding sta-
ble and uniform inputs for all 31 reasoning-based
ablation configurations.

3.4 Reasoning Components

The five reasoning components capture complemen-
tary types of translation-relevant information.

R;: Key terms identify important content words,
explain their role in context, and clarify ambiguous
expressions.

Ry: Syntactic information describes grammat-
ical structure, including dependencies, modifiers,
and clause boundaries, to support preservation of
compositional meaning.

R3: Semantic reasoning captures the core mean-
ing of a sentence by identifying entities, actions,
and their relations.

R,4: Pragmatics models discourse-level cues,
such as speaker intent, tone, and contextual depen-
dence beyond literal sentence meaning.

Rs5: Paraphrase provides semantically equiva-

lent reformulations with different lexical or syntac-
tic realizations while preserving the original mean-
ing.
These components differ not only in function but
also in length. As shown in Table 1, Syntactic and
Key Terms are the most verbose annotations, aver-
aging more than 80 tokens per instance, whereas Se-
mantic and Paraphrase are substantially more com-
pact, averaging 45 and 24 tokens, respectively. This
variation allows us to study both the effect of rea-
soning type and the effect of reasoning scale on
translation performance.

4 Methodology

Our goal is to examine whether structured reasoning
can serve as supportive context for machine transla-
tion, and how its presence or absence at inference
time affects performance. To this end, we adopt a
three-phase methodology: reasoning augmentation
using Llama-4-Scout-17B-16E-Instruct, an exhaus-
tive ablation study on google/gemma-3-1b-it, and an
evaluation of inference settings to determine which
reasoning configuration best improves translation
quality.



Training data Sentences Tokens Vocabulary # Characters Avg Tokens/Sent
Hindi (S) 36,040 771,621 45,170 4,008,578 214
Bengali (T) 36,040 603,131 61,284 3,930,184 16.7
Hindi Key-terms (R1) 36,040 2,946,267 48,260 15,414,987 81.7
Bengali Key-terms (R1) 36,040 2,226,749 90,354 16,424,124 61.8
Hindi Syntactic (R2) 36,040 3,077,551 66,757 14,149,631 85.4
Bengali Syntactic (R2) 36,040 2,487,377 110,260 8,353,154 69.0
Hindi Semantic (R3) 36,040 1,628,938 28,499 4,506,294 452
Bengali Semantic (R3) 36,040 1,194,331 48,063 14,561,377 33.1
Hindi Pragmatics (124) 36,040 2,675,864 32,384 16,420,421 74.2
Bengali Pragmatics (R4) 36,040 2,001,633 49,014 7,986,367 55.5
Hindi Paraphrase (Rs) 36,040 857,822 24,545 13,794,926 23.8
Bengali Paraphrase (Rs) 36,040 633,695 43,157 4,342,617 17.6

Table 1: Training corpus statistics for the Hindi-Bengali parallel data and the five reasoning components on both sides

Domain (Sentence) Language Tokens
Agriculture (200) Bliggl i g:gig
Tourism (200) Blglngiili ;g%g
Governance (200) Bl-elilng(:aili 2&?(9)
Climate (200) Bl'elli:‘giih gz(z)gg
Healthcare (200) BPEI;';TH ;t:(l);tz
Science_Technology (200) B‘:L"g(:h ‘3‘:; l ;
Judiciary (200) BP;I;II 1 431: i ? é
Education (600) Blglrgl i 19 %;:173]3
Overall (2000) Bfili]r;ih 431 é géz

Table 2: Domain-wise and overall statistics of the Hindi-
Bengali test set, including sentence counts and token counts
for Hindi and Bengali

4.1 Problem Formulation

Let x denote a Hindi source sentence and y its
Bengali translation. In standard machine trans-
lation, the model learns the conditional mapping
p(y | x). We extend this setting by augmenting
the input with structured reasoning. Let R =
{R1, Ro, R3, R4, R5} denote the five reasoning
components. For any subset S C R, the model
is trained on the inputs formed by concatenating
2 with the reasoning components in .S, while the
target remains the translation .

We evaluate under two inference paradigms:

Zero-Reasoning Inference: Evaluation under
p(y | =), where reasoning is not provided at test
time. This isolates the effect of training-time expo-
sure to reasoning.
Reasoning Guided Inference: Evaluation under
p(y | @, Soptimal), Where the best reasoning subset
is identified during ablation study and is provided
along with the source during testing.

4.2 Base Model and Reasoning Pipeline

We use Gemma-3-1B-Instruct as the translation
backbone, as it is compact enough for auxiliary con-

text to meaningfully affect translation behavior. All
reasoning components (R; to R5) for both training
and test data are generated using Llama-4-Scout-
17B-16E-Instruct. Reasoning is first produced in
English and then translated into Hindi and Bengali
to maintain structural consistency. To avoid target
leakage, test-time reasoning in Guided Inference is
generated strictly from the Hindi source sentence,
without access to the gold Bengali translation.

4.3 Structured Training Format

Each training instance is formatted as a prompt con-
taining the Hindi source sentence, the selected rea-
soning components in Hindi and Bengali, and an
instruction to generate only the Bengali translation.
The loss is applied only to the translation output, en-
suring that the model is not trained to reproduce the
reasoning itself. To identify which reasoning sig-
nals are useful, we perform a complete ablation over
all non-empty combinations of the five components
using LoRA. This results in 2° — 1 = 31 reasoning-
conditioned models, along with a standard source-
target finetuning. All 31 models are trained under
identical settings: 1 epoch, learning rate 1 x 10™4
with cosine scheduling, batch size 4, and gradient
accumulation over 16 steps, yielding an effective
batch size of 64. We use paged_adamw_8bit op-
timizer (Kingma and Ba, 2017) in bfloat16 pre-
cision. During this phase, evaluation is conducted
using Zero-Reasoning Inference to identify the op-
timal subset Soptimal-

4.4 Full Parameter Fine-Tuning and Inference
Evaluation

After identifying the optimal combination (R3 +
Rs), we perform full parameter fine-tuning to eval-
uate the effect of training-inference alignment more
rigorously. We consider three setups:

1. Standard Finetune: Full fine-tuning on



source-target pairs only, evaluated under zero-
reasoning inference.

2. Normal Inference: Full fine-tuning with R3 +
Rs during training, but evaluation without rea-
soning inference. This measures the penalty
caused by reasoning when is not provided at
during the inference time.

3. Guided Inference: Full fine-tuning with R3 +
Rs5 during training, and evaluation with the
same R3 + Ry context at test time. This re-
moves the difference between training and test-
ing and measures the full benefit of reasoning-
augmented translation.

5 Results

Our evaluation proceeds in two stages. First, we con-
duct an exhaustive LoRA ablation study to assess
the effect of reasoning complexity and identify the
most effective supportive context. As a reference
point, the original baseline Gemma-3-1B-Instruct
model without task-specific fine-tuning achieves
4.99 BLEU, 28.87 chrF, and 137.41 TER on the test
set, underscoring the need for task-specific adapta-
tion. Second, we evaluate full-parameter fine-tuning
to examine how performance changes when reason-
ing is not provided at test time versus when itis. The
complete results for all 31 reasoning configurations
are presented in Table 3.

5.1 Phase 1: Ablation Study and the Role of
Semantic Guidance

The Phase 1 ablation results show that the transla-
tion quality depends more on the type of reasoning
than on the amount of reasoning added. Standard
LoRA fine-tuning on source-target pairs achieves the
best score of 17.55 BLEU, but performance does
not improve monotonically as more reasoning com-
ponents are introduced across °C to °Cs. Instead,
larger and more heterogeneous combinations often
reduce performance, with the full five-component
setting (°Cs) dropping to 11.64 BLEU and most
four-component settings (°Cy) remaining below 15
BLEU points. This suggests that excessive reason-
ing can dilute the core translation objective and bur-
den a compact model with unnecessary context. In
contrast, compact semantic guidance proves more
effective. Among single-component settings, Se-
mantic reasoning (R3) performs the best with 16.58
BLEU, while among pairwise settings, R3 + Rs
achieves the highest score of 16.91 BLEU, show-
ing that meaning-focused support and paraphrastic

Group Model BLEU chrF TER|
Baseline Gemma-3-1B-Instruct 4.99 28.87 13741
R (Key terms) 16.13 4737 7157

R2 (Syntactic) 1477  45.31 74.13

5C, LoRa R3 (Semantic) 16.58 48.03  70.23
R4 (Pragmatics) 1445 4336  75.36

Rs (Paraphrase) 1527 44.64 74.08

Ri+R> 15.03 45.88 74.15

Ri+R3 14.91 44.41 75.40

Ri+R4 13.30  40.25  79.89

Ri+Rs 1494  44.62 74.50

5 Ra+R3 1554  46.64 72.30
G2 LoRa Ro+Ry 1486 4535 7346
R2+Rs 1589 47.07 71.39

R3+R4 1588 4732  71.70

R3+Rs5 1691 4892  69.50

R4+Rs5 1572 4692  70.73

R1+R2+R3 15.70 46.82 71.36

Ri+R2+Ry4 1442 4457 7476

Ri1+R2+Rs 1526 4566 72.70

Ri1+R3+R4 13.72 4497 7557

50, LoR Ri1+R3+Rs 1578 4696 72.03
3 LoRa Ri+R4+Rs 1442 4427 7576
Ro+R3+R4 1542 4631 7224

Ro+R3+Rs 1552 4652 71.62

Ro+Ra+R5 15.09 4564 7295

R3+Ra+R5 1585 48.09 71.72

Ri1+R2+R3+Ry4 1445 4475 7557

Ri+R2+R3+R5 13.91 42.61 75.57

5C4 LoRa R1+R2+Ra+R5 13.98 4417  76.69
R1+R3+Rs+R5 13.95 4348 76.65

Ro+R3+R4+R5 1495 45.65 73.58

5Cs LoRa Gemma all R, to Rs 11.64 3835 84.13
SFT Finetune with LoRa 17.55 50.00 6741
Full Finetune 22,12 56.06 60.51

Standard Inference 2226  55.54 61.61

Full FT Rs+R5  Royooning Inference ~ 23.86  57.57  58.55

Table 3: Translation performance metrics for all 31 LoRA
reasoning ablation configurations and the full-parameter fine-
tuning setups. The results demonstrate that the Guided Infer-
ence approach using the Rz + Rs context yields the highest
overall performance.

reformulation help translation more than heavier
reasoning combinations.

5.2 Phase 2: Training-Inference Alignment

We next evaluate the best subset, R3 + Rj5, under
full-parameter fine-tuning. As shown in Table 3,
the standard full fine-tuning reaches 22.12 BLEU.
When the model is trained with R3 + Rs5 but evalu-
ated without reasoning, performance increases only
slightly to 22.26 BLEU points. This small gain
suggests a difference in training and testing: the
model learns under reasoning-augmented inputs but
cannot fully exploit that information when it is re-
moved at test time. When the same R3+ R5 context
is provided during inference, performance rises to
23.86 BLEU, with corresponding gains in chrF and
TER. This result shows that reasoning is most effec-
tive when training and inference conditions remain
aligned.



Model Configuration Agri. Tour. Gov. Clim. Health Sci&T Judic. Educ. Overall
LoRA: R3 Only 15.06 727 12.06 1470 1590 22.00 13.66 20.72 16.58
LoRA: Rs + Rs 1520 7.82 11.87 1492 1632 23.03 1330 21.18 1691
LoRA: R3 + R4 + Rs 1489 7.50 1229 1399 14.84 2043 1258 20.16 15.85
LoRA: Ry + Rs + R4+ Rs 1259 7.07 10.67 14.03 1437 1920 11.52 19.18 1495
LoRA: All 5 10.12 512 8.63 11.20 11.08 19.05 7.08 14.72 11.64
Full SFT: Standard Finetune 19.92 1287 17.44 2195 19.18 2485 18.19 2827 2212
Full SFT: R3 4+ Rs (Normal Test) 20.20 1226 17.73 1990 19.68 2631 19.60 28.13 22.26
Full SFT: R3 + Rs (Guided Inference) 21.86 15.32 20.32 21.16 20.73 30.50 19.12 29.12 23.86

Table 4: Domain-wise BLEU scores across 8 distinct evaluation domains. Guided Inference demonstrates broad robustness,
yielding significant improvements in highly technical domains like Science & Technology and Governance

5.3 Domain-Wise Analysis

We further evaluate performance across eight do-
mains, as shown in Table 4. The guided inference
setup with R3 4+ Ry improves over the standard full
fine-tuning in nearly all the domains. The largest
gains appear in Science & Technology (24.85 to
30.50 BLEU), Governance (17.44 to 20.32 BLEU),
and Tourism (12.87 to 15.32 BLEU). Although, Cli-
mate domain shows a small drop relative to the fine-
tune, the overall trend indicates that compact se-
mantic support improves robustness across diverse
domains, especially in technically demanding set-
tings.

6 Discussion

6.1 Aligning Context with Translation

The contrast across reasoning configurations reveals
an important trade-off in context-augmented trans-
lation. For compact models, adding large amount of
heterogeneous reasoning can weaken performance
instead of improving it. We refer to this effect as
objective diffusion: the model must allocate limited
capacity to processing multiple forms of auxiliary
context, which can distract from the core translation
objective. In contrast, the strong performance of
Rs3+ Rs highlights the value of semantic anchoring.
Semantic reasoning (R3) helps the model focus on
the core meaning of the source sentence, while Para-
phrase (R%5) provides a meaning-preserving refor-
mulation that supports flexible generation. Because
both the components operate at the level of semantic
preservation, they align more directly with the goal
of translation than broader and more heterogeneous
reasoning combinations.

6.2 The Role of Guided Inference

Our results also show that training-inference align-
ment is critical in reasoning-augmented MT. When

a model is trained with reasoning-rich inputs but
evaluated without reasoning, the benefit is limited.
This suggests that the model learns to rely on the
additional semantic structure during training, and
removing it at test time creates a difference. Reason-
ing guided inference addresses this issue by supply-
ing source-derived reasoning during testing, thereby
preserving the input structure seen in training. Un-
der this setup, performance improves from 22.12
BLEU to 23.86 BLEU. This gain indicates that rea-
soning is most effective not as an isolated training
signal, but as a consistent form of supportive context
available throughout the translation process.

7 Conclusion

In this paper, we study whether structured reason-
ing can improve machine translation when used as
supportive context for Hindi—Bengali translation.
Through a complete 31-model ablation studies, we
found that reasoning is not uniformly beneficial:
large heterogeneous combination often degrade per-
formance, whereas compact semantic guidance is
more effective. In particular, the combination of
Semantic and Paraphrase (R3 + R5) emerged as the
strongest configuration. Our full-parameter experi-
ments further showed that the benefit of reasoning
depends on training-inference alignment. When rea-
soning is used during training but removed at test
time, gains remain small. When the same R3 + Rj5
context is also provided during inference, perfor-
mance rises from 22.12 BLEU to 23.86 BLEU
points, with improvements across multiple domains.
Overall, our findings suggest that reasoning can ben-
efit compact translation models when it is seman-
tically focused, source-grounded, and used consis-
tently across training and inference. More broadly,
the results highlight that the effectiveness of sup-
portive context depends not on its quantity, but on
how closely it aligns with the translation objective.
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A Appendix

B Hardware, Software, and
Reproducibility

All experiments were conducted on a high-
performance computing server equipped with two
NVIDIA A100 GPUs, each with 80GB of memory,
enabling efficient large-scale training and inference.
The computational environment was configured us-
ing Python 3.13.2, along with PyTorch 2.7.1 and
Transformers 4.57.3 for model implementation and
experimentation. These libraries ensured compati-
bility with modern large language model architec-
tures and optimized GPU acceleration.

To maintain consistency across experiments, we
used fixed configurations for model loading, batch-
ing, and decoding strategies. We also experimented
with a validation set during training; however, the
scores remained nearly identical to training without
it. Therefore, the final model was trained without a
validation set to fully utilize the available training
data. The inference process was optimized through
batch processing and parallel execution for efficient
GPU utilization. Additionally, external API-based
components used for reasoning generation were
managed through multiple API keys and a load-
balanced request mechanism to ensure stability and
scalability.

For reproducibility, we maintained detailed con-
figurations, cached intermediate outputs such as rea-
soning annotations, and fixed key parameters wher-
ever applicable. We will publicly release the com-
plete codebase, including pre-processing scripts,
inference pipelines, and configuration files, to sup-
port replication and further research. To support
reproducibility, all code and datasets are publicly
available on GitHub' and our research group web-

page.’

'https://github.com/helloboyn/RSCAMT
"https://ai-nlp-ml.github.io/resources.html



Reasoning Generation Prompt

<|begin_of_text|><|start_header_id|>system<|end_header_id|>
You are an expert linguistic analyst. Analyze the given Hindi sentence and generate
5 types of reasoning.

Return ONLY one valid JSON object with exactly these keys:
"key_terms", "syntactic", "semantic", "pragmatic", "paraphrase"

Strict output rules for every value:

- Do NOT start with phrases like "The sentence", "This sentence means", or similar.
- Each value must be a single clean sentence or phrase.

- Do not add explanations outside JSON.

- Do not mention that you are analyzing.

- Avoid redundancy, filler, and obvious restatements.

- If a field is not applicable, return an empty string "".

"key_terms": "Identify the most important content words (nouns, verbs, key entities,
domain-specific terms). Focus only on meaningful lexical units essential for translation.
Avoid full sentence repetition.",

"syntactic": "Analyze the syntactic structure using linguistic terms: grammatical
— relations,

subject-object-verb roles, modifiers, clause structure, and word order.

Do not start with words like 'sentence' or 'phrase'.",

"semantic": "Provide a precise one-sentence semantic interpretation. Capture the exact
< meaning,
resolve ambiguity, and ensure the intended sense of words is clear.",

"pragmatic": "Analyze contextual and pragmatic aspects in one sentence: tone, intent,
— formality,
audience, domain, and any implied meaning or communicative purpose.",

"paraphrase": "Generate a semantically equivalent paraphrase in one sentence, improving
— clarity
and reducing ambiguity while preserving exact meaning."

}

<|eot_id|><|start_header_id|>user<|end_header_id|>

Sentence: "{INPUT_SENTENCE}"

Return valid JSON only.

<|leot_id|>

Table 5: Prompt used for generating structured linguistic reasoning from Hindi sentences. The prompt instructs the model to
produce five components; key terms, syntactic structure, semantic interpretation, pragmatic context, and paraphrase used to
enhance translation quality



Output Sample 1: Qualitative Comparison of Reasoning-Augmented Translation Models
Source: ZUE & o % IR, FreHed Fi YT Aeai- fohehe TS (THRAST) T ST T
Target: 79I A1ST o, elfeiEneais aferfe cr it arss (aw i3 ey ) g e =7 |
R3 LORA: QU (o7 IR o7, et @foafims oo il arse (axfifen) fo anem zoafee |
R3R5 LORA: 28R (03 ARIK 79, THArawid &feafsms oo 6l arge (axfiien) fcn anem zrafes |
R3R4R5 LORA: 597 (@14 td, A= il ares (awffer) - g o e srfe |
R2R3R4R5 LORA: 799 ¥R o, Mt afeafl3ms woaw ertab ars (i) e arew =1 |
ALL 5 LORA: R (@3 3919 #i7, B @fszilSie % chlorides ofer 7 aréres (awfifer) o aem =1
FULL FT SFT: 7934 4RI 914, 7 Qferif3e (e et sy (asiien) fog e afes |
FULL FT R3RS:
NORMAL TEST: 79[(<< 4RIte< o<, afeffime afsafsm werfin rtad arsres (anfifer) g
GUIDED TEST: 755« ¥Rt o/, efefNfEmes afeafli crm fetet arse (aufifer) fHor anew =

Table 6: The source sentence states that “After lunch, the delegation was taken to the historic Melbourne Cricket Ground (MCG)”
R3R4RS5 LoRA shows clear linguistic errors, including incorrect formations such as “3fsrem FIfRf@” and the non-Bengali
word “TI[CE”. The Full FT SFT output contains inappropriate lexical choice (“WelltaI%”), reducing naturalness. In Normal Test,
“HeAaI” is mistransliterated as “CNeAfA”, while the Guided Test correctly produces “CGIeTCRIN”, improving accuracy. Additionally,
the Guided output uses proper case marking (“2fSff&%s1t2) and construction (“FIG Tmew 27”), though it slightly alters voice.
Overall, the Guided Test yields the most linguistically accurate and natural Bengali translation.

Output Sample 2: Qualitative Comparison of Reasoning-Augmented Translation Models
Source: T&T, U T UER HIURIM fAfiies Tt T TR FSid IFR aie T BT & 2
Target: =5 (<, SHIGIR (65 ST FCoita=H fHfbe a1fs Taw Som afgre e ditea sgiRe™ 3 |
R3 LORA: SIfi(ss, U6 e 2ewid Seofita=a hicse aife TRt ks sfis@ i wifkicg ame |
R3R5 LORA: S, U7 e ST Fofitae HfNioe aife T fizere i1 ea@ wifkicg e |
R3R4R5 LORA: S5, UsTd We SANeqR Seofita== fmfNese aife Tt Fage 3 |
R2R3R4R5 LORA: SH(, U T AN SCAE e mersleed $91 fere Aeid J0ed Tg (79 |
ALL 5 LORA: S, UTd e UTaR ShiuReM ferfiies aidt aria $oia f&fer snffesa came e |

FULL FT SFT: 933011, AR (60 21eTa Seofite=i= Hhiee ase e aférs sMeig Feee Ig (T |

FULL FT R3RS5:
NORMAL TEST: €33 5C5, gk (606 SA1STF FCofita== Tiebe 191 Thie Sof afere Ao s g 77 |

GUIDED TEST: 432 ST, #lgk (55 o1 Feofia= fafsehe afe witg Sz afére s e sgRem 3 |

Table 7: The source sentence states that “Meanwhile, Punjab State Power Corporation Limited takes care of the Ranjit Sagar
Dam on the Ravi River.” The reference translation expresses this meaning using a formal and contextually appropriate predicate,
“OgIIYI F(I”. Among the reasoning-based variants, R3 LoRA and R3R5 LoRA preserve the main entities and the overall
meaning reasonably well, but their use of “nifcg ICACR” is slightly less precise than the reference and weakens the locative
relation. In contrast, R3R4R5 LoRA, R2R3R4R5 LoRA, and All 5 LoRA show noticeable semantic degradation, including
omission or distortion of key content words and reduced adequacy. The Full FT SFT and Full FT R3RS normal outputs recover
most of the source content, but the phrase “Ig (" is less suitable for describing institutional oversight. Overall, the Full FT
R3R5 Guided Test output is closest to the reference “TifS” over “AIRA”, as it best preserves the entities, relation, and formal
administrative tone of the source sentence.



