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Abstract

Medical large language models hold promise
for reducing healthcare disparities, yet Hindi
remains severely underrepresented. While
medical LLMs excel in high-resource lan-
guages, their performance degrades sharply
in Hindi, particularly on Indian systems of
medicine. We argue that robust cross-lingual
medical transfer requires Hindi reasoning. To
this end, we introduce HiMed, a Hindi reason-
ing medical corpus and benchmark suite cov-
ering both Western and Indian medicine. We
further propose HiMed-8B, a Hindi-form med-
ical reasoning LLM, through the design of de-
caying scaffolding reward. Extensive experi-
ments demonstrate improvement in Hindi med-
ical reasoning performance and a reduction
in the English-Hindi accuracy gap. Ablation
studies validate the contribution of each train-
ing stage and reward component. All code,
data, and weights are available.

1 Introduction

Large language models (LLMs) have revolution-
ized medical applications, demonstrating strong
performance in high-resource languages (Wang
et al., 2025a; Lawrence et al., 2024). Medical
decision-making is inherently reasoning-centric:
life-critical judgments require causal analysis and
factual consistency (Xu et al., 2024). Recent stud-
ies further show that strengthening reasoning ca-
pabilities of medical LLMs can improve decision
accuracy (Chen et al., 2025; Wu et al., 2025a), un-
derscoring the importance of reasoning.

Beyond accuracy, medical reasoning LLMs also
have the potential to reduce healthcare disparities
by providing scalable clinical expertise to the un-
derserved across languages (Chinta et al., 2025;
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d’Elia et al., 2022). However, crossing linguis-
tic boundaries introduces an additional challenge:
models must not only transfer reasoning compe-
tence, but also align with the linguistic structures
and the medical paradigms of the target language
(Veselovsky et al., 2026; Sakai et al., 2026).

This challenge is acute when general-purpose
models are deployed cross-lingually, as pilot eval-
uation indicates a hallucination risk. India’s med-
ical ecosystem spans Western and Indian systems
of medicine (Chandra and Patwardhan, 2018). The
latter comprise seven officially recognized sys-
tems: Ayurveda, Yoga, Naturopathy, Unani, Sid-
dha, Sowa-Rigpa, and Homoeopathy (Ministry of
Ayush, Government of India, 2024). As many
concepts in Indian systems of medicine lack En-
glish equivalents (Leguizamon, 2005; Nesari et al.,
2025), Hindi medical reasoning benefits from op-
erating directly within Hindi representations, mak-
ing Hindi reasoning necessary.

In this work, we address Hindi medical rea-
soning at the method and data levels. We pro-
pose Decaying Scaffolding Reward Reinforce-
ment Learning, which progressively shifts opti-
mization from reasoning behavior to task-optimal
objectives. To support this design, we introduce
HiMed, a Hindi medical corpus and benchmark
suite covering both Western and Indian systems
of medicine. Experiments with LLaMA-3.1-8B-
Instruct (Llama Team, 2024) yield the HiMed-8B
model, which consistently improves across bench-
marks, while ablations validate each training stage
and reward component. Figure 1 provides an
overview of the training and evaluation pipeline.

Overall, this work identifies Hindi reasoning as
a first-class objective and provides both the data
foundation and training methodology. By jointly
addressing a series of challenges, our study offers a
systematic and extensible framework for adapting
general-purpose LLMs to linguistically and cultur-
ally specialized medical domains.
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HiMed Overview: Incentivizing Hindi Medical Reasoning via Decaying Scaffolding Reward
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Figure 1: Overview of HiMed and the training framework.

2 Background and Motivations

This section motivates Hindi medical reasoning
from three progressively stronger angles. We first
empirically characterize the English-Hindi medi-
cal reasoning gap through a pilot evaluation. We
then ask whether this gap can be resolved by
translation-based pipelines, and show that transla-
tion is insufficient. Finally, we further examine
why Hindi medical reasoning remains challenging
by identifying two additional bottlenecks at both
the data and the algorithm levels.

2.1 English-Hindi Reasoning Gap

Evaluation Setup. Prior work has reported sub-
stantial cross-lingual degradation and poor align-
ment with Indian medical knowledge in LLMs (Jin
et al., 2024; Qiu et al., 2024; Zhou et al., 2025;
Wang et al., 2025b; Devane et al., 2025). To
empirically characterize these gaps, we conduct
a pilot evaluation on two representative medical
benchmarks reflecting distinct medical paradigms:
(i) the medical subsets of MMLU-Pro represent-
ing Western medicine, and (ii) RET, an Indian
medical examination focusing on Indian systems
of medicine. We evaluate GPT-40 (Hurst et al.,
2024), HuatuoGPT-01-8B (Chen et al., 2025), and
LLaMA3-8B-UltraMedical (Zhang et al., 2024) on
both benchmarks in English and Hindi. A denotes
the accuracy drop from English to Hindi.

Benchmark GPT-40  HuaTUOGPT-01  ULTRAMEDICAL
MMLU-Pro-En  60.7% 64.7% 61.3%
MMLU-Pro-Hi  50.7% 41.3% 34.0%
MMLU-Pro-A  10.0% 23.4% 27.3%
RET-En 88.0% 38.0% 52.0%
RET-Hi 70.0% 26.0% 28.0%
RET-A 18.0% 12.0% 24.0%

Table 1: Pilot evaluation of cross-lingual performance.

Results. As shown in Table 1, all evaluated
models exhibit substantial English—Hindi accuracy
drops. On MMLU-Pro, the drops show that even
Western medical knowledge does not transfer ro-
bustly from English to Hindi. The degradation
remains severe for Indian systems of medicine:
on RET, open-source models fall to near-random
Hindi performance despite relatively stronger En-
glish results. These observations suggest that med-
ical reasoning acquired through English-centric
training does not consistently generalize to Hindi.

Findings 1. LLMs exhibit a clear English—Hindi
performance gap in Western and Indian medicine.

Implication. This performance gap could point
to a deeper limitation: models may produce fluent
Hindi outputs without reasoning in Hindi. Prior
work further shows that cross-lingual reasoning de-
grades without native-language reasoning supervi-
sion (Chan et al., 2026; Barua et al., 2025; Chai
et al., 2025). These observations suggest treating
Hindi reasoning as a first-class objective.
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Resource Reference Type Language Size Western Med. Indian Med. CoT
MedMCQA (Pal et al., 2022) Corpus/Benchmark English 193K Yes No Yes
BioASQ-QA (Krithara et al., 2023) Corpus/Benchmark English 5K Yes No No
PubMedQA (Jin et al., 2019) Corpus/Benchmark English 273K Yes No No
MedNLI (Romanov and Shivade, 2018) Corpus/Benchmark English 14K Yes No No
AyurParam (Nauman et al., 2025) Corpus/Benchmark Hi + En 4.76M No Yes No
ReasonMed (Sun et al., 2025) Corpus English 1.11M Yes No Yes
MedReason (Wu et al., 2025a) Corpus English 32K Yes No Yes
Indiclnstruct (Gala et al., 2024) Corpus Hi + En 404K No No No
UltraMedical (Zhang et al., 2024) Corpus English 410K Yes No No
Al4Bharat-IndicQA (Al4Bharat, 2024) Corpus Indic 18K No No No
XLingHealth (CLAWS Lab, 2024) Corpus Hi + En 15K Yes No No
MILU-cleaned (Murthyrudra, 2025) Corpus Indic 74K Yes No No
AyurGenixAl (kagglekirti123, 2025) Corpus English 15K No Yes No
Multilingual Healthcare (Bagga, 2025) Corpus Hi + En 4K Yes No No
MedQA-USMLE (Jin et al., 2021) Benchmark English 1K Yes No -
MMLU-Pro-Med (Wang et al., 2024b) Benchmark English IK Yes No -
HLE (Center for Al Safety et al., 2026) Benchmark English 2K Yes No -
HealthBench (Arora et al., 2025) Benchmark English 5K Yes No -
GPQA-med (Rein et al., 2023) Benchmark English 0.2K Yes No -
MedXpertQA (Zuo et al., 2025) Benchmark English 2K Yes No -
BhashaBench-Ayur (Devane et al., 2025) Benchmark Hi + En 14K No Yes -
HiMed-West Corpus - Corpus Hindi 116K Yes No Yes
HiMed-Trad Corpus - Corpus Hindi 286K No Yes Yes
HiMed-West Bench - Benchmark Hindi 2K Yes No -
HiMed-Trad Bench - Benchmark Hindi 6K No Yes -

Table 2: Comparison of existing medical corpora and benchmarks.

2.2 Why Hindi Translation Fails

Translation can fail for two distinct reasons. At
the linguistic level, terminology-dense medical
content is vulnerable to semantic distortion. At
the conceptual level, Indian medical reasoning is
grounded in cultural knowledge that is not faith-
fully recoverable through English reasoning.

2.2.1 Reason I: Translation Hallucination

Evaluation setup. Following the observed Hindi
reasoning gap, a natural approach is to rely on
translation-based pipelines, which translate Hindi
inputs into English for reasoning and back into
Hindi for delivery. However, such methods rely on
translation quality and introduce potential risk, es-
pecially in terminology-dense Hindi medical con-
texts. To quantify this risk, we ask GPT-4o to trans-
late 50 medical sentences into Hindi and ask ex-
perts conducting professional post-editing.

Case I: Translation Hallucination

English Source.

A 15-year-old African-American male with a BMI of
22 is brought to his physician by his mother to address
concerns about a change in his dietary habits.

GPT Translation.

& 15 aNT ATRIHT T HAT GRS 2T -
= fSar BMI 22 &, IHE! HATAT 36 3HG TATE=T
AEdt § IRad & a H 4ar s7ad #3 & (0 396
w7 fafhcas & T A e |

(A 15-year-old African trypanosomal infectious dis-
ease male with a BMI of 22 is brought by his mother
to his body physician in order to express concern about
a change in his dietary habits.)

Findings 2. LLM-based translation can intro-
duce semantic hallucinations in terminology-
dense Hindi medical content.

Results and implication. We find that 19 out
of 50 translated sentences contain translation-
induced semantic hallucinations. The above exam-
ple shows how translation-induced hallucinations
can silently corrupt the original semantics. Conse-
quently, Hindi medical LLMs must support Hindi
reasoning, allowing valid semantic structures to be
formed directly in the target language.

2.2.2 Reason II: Cultural Grounding

Hindi reasoning reflects the reality of medical
practice in India, where Western and Indian sys-
tems of medicine coexist (Chandra and Patward-
han, 2018; Chaturvedi et al., 2023; Ministry of
Ayush, Government of India, 2024). Medical rea-
soning is shaped by language. Prior work shows
that language-concordant care improves safety and
effectiveness (Molina and Kasper, 2019; Reaume
et al., 2025). Moreover, many core concepts in
Indian systems of medicine lack faithful English
equivalents. Existing medical LLMs are predom-
inantly shaped by English-centric training data
(Pfohl et al., 2024), which limits their ability to
reason over Indian systems of medicine in a con-
ceptually faithful manner. Hindi reasoning is not a
linguistic preference, but a prerequisite for faithful
medical reasoning in the Indian context.

Findings 3. Medical reasoning in Indian systems
relies on linguistic and cultural grounding that is
not preserved under English-centric reasoning.
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2.3 Why Hindi Reasoning Is Challenging

Beyond the failure of translation-based approaches,
developing effective Hindi medical reasoning mod-
els introduces two fundamental bottlenecks: a data
bottleneck and an algorithm bottleneck.

Data bottleneck. As summarized in Table 2, ex-
isting medical corpora and benchmarks provide
limited support for Hindi medical reasoning. Most
resources are either English-only or lack cover-
age of Indian systems of medicine. Consequently,
models lack sufficient training signals to learn
Hindi medical reasoning behaviors.

Algorithm bottleneck. Under accuracy-only re-
inforcement learning objectives, task-level accu-
racy provides no supervision on reasoning form:
minimal answer-driven rationales and detailed
Hindi symptom-to-mechanism reasoning yield
identical rewards despite differing substantially.

Case II: Reasoning Styles

Question.

T T H O §@T, T&T 7 AHST AT TR T T

QAT T & | S99 ST e =T 2

(A patient presents with high fever, neck stiffness, and

photophobia. What is the most likely diagnosis?)

(A) H'E?FWET{FR’ (Brain tumor)

(B) Hf=tr=fe® (Meningitis)

(C) faett (Epilepsy) (D) l:l'l?lﬁ? (Migraine)

Reasoning A: Direct English conclusion.

The correct answer is (B), as these symptoms are consis-

tent with meningitis.

Reasoning B: Hindi symptom-to-mechanism.

T TET AT ITET H AHRST & ST &
fohel o &, T e LTI F ST 36 GTe & T qee-

T HIETA AT TG T ATdT & | 5T T&I0IT T ST

faseT (B) A=wTgfca T AT |@TAT & |

(High fever and neck stiffness indicate inflammation

of the meninges, while photophobia results from in-

creased neurological sensitivity caused by this inflamma-

tion. The combination of these symptoms is consistent

with option (B), meningitis.)

Findings 4. Accuracy-only objectives fail to elicit
Hindi reasoning form.

Implication. Accuracy-based objectives provide
no gradient signal against answer-driven or En-
glish rationales, allowing models to converge to
objective-equivalent but linguistically misaligned
reasoning patterns. Together, Findings 2, 3, and 4
show that Hindi medical reasoning requires both
additional data and training objectives that explic-
itly shape reasoning behavior. This motivates the
decaying scaffolding reward and data engineering
pipelines introduced in the following section.

3 Methodology

Section 2 suggests that Hindi medical reasoning
cannot be reduced to translation, and that accuracy-
only learning fails to prefer Hindi reasoning behav-
ior. Our method therefore addresses the problem
with objective design and data construction.

3.1 Hindi Reasoning Objective

We define Hindi reasoning as a behavioral objec-
tive: under Hindi prompts, the model should or-
ganize rationales primarily in Hindi, regardless of
final answer correctness. We use language form as
a lightweight proxy for this objective:
1 1 lyl

R™ = wl ; I[y; is a Hindi token] , )
where y denotes the generated sequence. R'"
mirrors educational scaffolding (Vygotsky, 1978):
supportive structure shapes language form early in
training and is gradually withdrawn, allowing the
final policy to be governed by task-optimal accu-
racy. We validate the effectiveness of this proxy
through downstream accuracy and human evalua-
tions in Sections 4.2 and 4.3, and Appendix H.

3.2 Decaying Scaffolding Reward
Reinforcement Learning (DSR-RL)

Overview. We propose Decaying Scaffolding
Reward Reinforcement Learning (DSR-RL),
which optimizes the model policy 7y (y | =) using
two complementary rewards. For each prompt
x, we sample a group of K candidate responses
{y;}X | from the current policy. To address the
lack of supervision over reasoning form under
accuracy-only objectives, DSR-RL introduces
R to explicitly guide Hindi reasoning behavior
along with R*“. A time-dependent coefficient
A(T) controls the relative influence of the two
rewards, enabling early behavioral guidance
without constraining the final task-optimal policy.

Task-optimal reward: reasoning accuracy.
Each sampled response y; receives a discrete accu-
racy reward based on the reasoning behavior and
the correctness of the final answer:

R €{0,0.1,1}, 2

where 0, 0.1, and 1 denote responses without rea-
soning, responses with reasoning but incorrect an-
swers, and responses with reasoning and correct
answers respectively, following prior work (Luong
et al., 2024; Chen et al., 2025).
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Auxiliary scaffolding reward: reasoning lan-
guage form. To encourage Hindi-form reason-
ing, we define a language-form reward to the entire
generated sequence as

lyil

= |y|ZH[yi,t is a Hindi token] € [0,1]. (3)
@ t=1

lan __ 1

7

For each reward type k € {acc,lan}, we compute

a group-relative advantage within {y; }X:
Dk k k
Ry = Ry — mean; ¢, 4K (RJ) . “)
Rk
Rt = LI . ©)
Stdjeyyx (Rj) 7 Enorm
The advantage is broadcast to the token level:

A¥, = RF, Wt ke {acc,lan}. (6)
Optimization objectives. At each token position
(i,t), we compute the likelihood ratio

Ti,t(e) — Tre(y’iyt | ‘rayi,<t) (7)

Treold (yi,t | z, y’i,<t) ’
Using the clipped operator
C(r, A) = min (TA7 clip(r, 1 — &ciip, 1 + £ciip) A)7 )

we define the objective for each reward type as

N
g % 3 |.771\ Soc(ra0),35). o
i=1 171 ¢

N
i= t

where m;; € {0,1} is a token-level mask that
equals O for English medical terms and 1 otherwise,
leveraging principled code-mixing (Li et al., 2025).
To prevent excessive policy drift, we include a KL
regularization term:

KL=+ i ﬁ 5 Drara(c | i)l | Bi).
11
Final objective. The overall reinforcement learn-
ing objective is defined as
(1) = (1=A(1) F*+ A1) J™ ~
with the corresponding loss
Zosr(T) = = (7). (13)

Policy optimization is performed using Group Rel-
ative Policy Optimization (Shao et al., 2024). Here,
A(7) € [0, 1] follows a cosine decreasing function
over training iterations, so that auxiliary scaffold-
ing reward dominates early optimization, while
task-optimal reward governs the final policy.

BKL, (12)

3.3 Implementations

We implement the proposed DSR-RL objective via
a three-stage training procedure, which progres-
sively prepares the model for reinforcement learn-
ing and stabilizes Hindi medical reasoning.

Stage I: language adaptation via SFT (LA).
The first stage focuses on adapting the model to
generate medically grounded Hindi text. This stage
stabilizes basic vocabulary and medical expres-
sions, providing a language-aligned initialization
for subsequent reasoning-oriented training. Each
training example consists of a short factual re-
sponse without explicit reasoning.

Stage II: reasoning cold-start via SFT (RC).
With language generation stabilized, the second
stage initializes structured medical reasoning. This
stage provides a cold-start that shapes the model’s
reasoning behavior. Each training example con-
sists of an explicit chain-of-thought followed by
a final answer. For both Stage I and Stage II,
we optimize the model using standard supervised
fine-tuning with a token-averaged negative log-
likelihood. We apply teacher forcing and compute
losses only on model output tokens. Sequences
longer than the maximum length are truncated, and
padding tokens are ignored via attention masks.

Stage III: DSR-RL. We perform reinforcement
learning according to the design described in Sec-
tion 3.2, with the reference model initialized from
the checkpoint obtained at the end of Stage II.

3.4 Data Engineering

Overview. We design the HiMed dual data en-
gineering pipelines to construct high-quality rea-
soning data under two settings: culture-grounded
Hindi reasoning for traditional Indian medicine,
and terminology-faithful reasoning for Western
medicine. Accordingly, HiMed comprises two
components: HiMed-Trad and HiMed-West.

3.4.1 HiMed-Trad

Objective and feature. HiMed-Trad is designed
to support culture-grounded Hindi reasoning for
traditional Indian medicine. It is constructed
through a unified OCR-based pipeline tailored for
real-world Hindi medical scans. A defining feature
of HiMed-Trad is its comprehensive coverage of
all seven officially recognized Indian systems of
medicine, enabling broad and representative sup-
port for culturally grounded medical reasoning.
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Data construction pipeline. Raw medical
documents are first digitized using DeepSeek-
OCR (Wei et al., 2025) and undergo systematic
cleaning and segment reconstruction to recover
coherent medical passages. We apply LLM-based
filtering and calibration, which remove ambiguous
content and correct OCR-level artifacts while
preserving source fidelity. The resulting high-
confidence passages are then converted into MCQ,
QA, or dialogue-style instances, with medical
rationales that are grounded in the original text.

Evaluation safety and statistics. HiMed-Trad is
divided into two disjoint components: a training
corpus and a benchmark. To ensure reliable evalu-
ation, we enforce a strict passage-level split, where
all instances derived from the same source passage
are treated as an indivisible unit and assigned ex-
clusively to either the corpus or the benchmark, re-
sulting in zero overlap. Dataset statistics are sum-
marized in Table 3, with the full taxonomy and
source references provided in Appendix D.4.

System Corpus Size Bench Size
Ayurveda 105,397 1000
Yoga 8,499 1000
Naturopathy 20,735 1000
Sowa-Rigpa 119 10
Homoeopathy 130,751 1000
Unani 18,536 1000
Siddha 2,620 1000
Total 286,657 6,010

Table 3: Composition of HiMed-Trad.

3.4.2 HiMed-West

Objective and feature. HiMed-West is designed
to support terminology-faithful Hindi reasoning
for Western medicine. It focuses on accurate han-
dling of standardized medical terminology. To this
end, we construct a high-fidelity English—Hindi
medical lexicon for the translation pipeline.

Data construction pipeline. We adopt a lexicon-
guided translation pipeline that combines deter-
ministic terminology injection with machine trans-
lation. A high-coverage bilingual lexicon is con-
structed by consolidating authoritative medical
glossaries with manual review. During translation,
English medical terms are first aligned with lexi-
con entries and preserved, followed by translation
using NLLB-200-3.3B (Costa-jussa et al., 2022).
To facilitate inspection and evaluation, translated
medical terms are paired with their original En-
glish forms in parentheses. A category-stratified

subset of data is translated into Hindi, enabling
mixed-language training. We conduct expert au-
dits under a unified rubric to ensure translation fi-
delity. Compared with NLLB-only and GPT-40
pipelines, the lexicon-guided NLLB approach pro-
duces significantly fewer errors and does not ex-
hibit hallucinations in our evaluation.

Evaluation safety and statistics. All translated
training corpora are strictly disjoint from translated
benchmarks to prevent leakage. Data sources and
statistics are summarized in Table 4. GPQA-med
refers to the Organic Chemistry, Molecular Biol-
ogy, and Genetics subsets of GPQA. HiMed-West
Exam is derived from NEET-UG, a national under-
graduate medical entrance examination in India.

Source Released Size Translated Size
HiMed-West Corpus 116,859 -
MedMCQA 182,822 91,411
Huatuo-o1 Corpus 19,704 9,852
MedReason 32,682 15,596
HiMed-West Bench 2,254 -
MMLU-Pro-Biology 717 717
MMLU-Pro-Health 818 818
GPQA-med 249 249
HiMed-West Exam 470 -

Table 4: Composition of HiMed-West.

3.4.3 Data Quality

We enforce quality control through multiple expert-
audited stages. In the OCR pipeline for HiMed-
Trad, two domain experts independently reviewed
200 sampled segments using medical correctness,
semantic completeness, Hindi readability, and
OCR fidelity as criteria, with 98.0% judged ac-
ceptable. For LLM-driven instruction generation,
another expert audit of 200 sampled instances
measured source fidelity, medical soundness, and
Hindi naturalness, yielding a 99.5% acceptance
rate above the calibrated threshold. In the trans-
lation pipeline for HiMed-West, bilingual review-
ers audited the lexicon construction and transla-
tion pipeline under terminological fidelity, seman-
tic equivalence, format preservation, and linguistic
adequacy, and the final pipeline achieved a 97.0%
acceptance rate. Disagreements in all audits are
conservatively treated as rejections. All data are
constructed from publicly available or properly li-
censed textbooks, examination papers, and official
documents, with no patient records or personal
health information involved. We release the result-
ing resources only under license-compatible set-
tings, and provide details in Appendix C-E.
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Model MMLU-Pro-Bi MMLU-Pro-He GPQA-med HM-W Exam HM-T Average

En Hi A En Hi A En Hi A En Hi A Hi En Hi A
Baseline Models and Our Model
GPT-40 619 556 63 579 470 109 418 305 113 781 785 -04 62.0 599 547 52
UltraMedical-8B 66.8 41.7 25.1 56.1 263 29.8 333 209 124 547 402 145 45.1 527 348 179
MedReason-8B 658 437 221 587 276 31.1 273 297 -24 532 413 119 472 513 379 134
HuatuoGPT-01-8B 71.0 49.1 219 593 276 31.7 378 329 49 59.1 428 163 56.1 56.8 41.7 15.1
Qwen?2.5-7B-Instruct 73.1 418 313 544 203 341 289 197 92 620 415 205 53.3 546 353 193
Qwen?2.5-14B-Instruct 777 519 258 621 260 36.1 333 265 68 714 460 254 53.2 61.1 40.7 204
CURE-Med-7B 658 379 279 440 208 232 277 197 80 658 458 20.0 44.7 508 338 17.0
Aya-23-8B 49.1 31.1 180 280 148 132 124 104 20 386 294 92 46.6 320 265 55
AyurParam 8.6 7.5 1.1 1.2 12.1 09 382 438 -56 27.1 286 ~-15 29.8 213 244 -3
LLaMA-3.1-8B-Instruct 66.7 435 232 526 197 329 313 225 88 526 343 183 51.0 508 342 16.6
HiMed-8B (ours) 699 538 16.1 578 325 253 386 369 1.7 587 466 12.1 76.0 563 492 7.1
Training Stage Ablation
w/ LA only 68.1 470 21.1 544 236 308 337 277 6.0 534 383 151 70.0 524 413  11.1
w/ RC only 683 462 22.1 531 247 284 349 269 80 528 396 132 70.3 523 415 108
w/ DSR-RL only 66.7 420 247 505 198 307 289 193 96 484 350 134 51.3 48.6 335 151
w/o LA 69.0 414 27.6 512 291 221 361 345 1.6 579 423 15.6 74.1 53.6 443 93
w/o RC 693 467 22,6 517 193 324 361 337 24 516 341 175 69.3 522  40.6 11.6
w/o DSR-RL 69.5 497 198 564 276 288 353 309 44 562 426 13.6 74.9 544 451 93
w/o DSR-RL, full-data SFT ~ 69.6  50.0 19.6 564 27.8 286 357 31.7 40 560 428 132 74.9 544 454 9.0
Reward Ablation
wilo R 704 513 19.1 586 302 284 386 321 65 590 447 143 75.1 56.7 46.7 10.0
w/ binary R*¢ 69.0 520 170 564 300 264 373 353 20 574 445 129 74.6 550 473 7.7
w/ binary R 669 47.6 193 535 242 293 349 301 48 543 389 154 72.5 524 427 9.7
w/ constant reward ratio 67.5 49.0 185 538 254 284 361 325 36 540 396 144 72.0 529 437 92
w/ linear decay 69.6 53.1 165 572 315 257 382 361 21 58.1 455 126 75.5 558 483 75

Table 5: Unified evaluation across medical reasoning benchmarks. Accuracy (%) is reported.

Within Baseline

Models and Our Model segment, bold highlights the best scores, and underlining indicates the second-best. HM-W
and HM-T are short for HiMed-West and HiMed-Trad respectively. “w/0” and “w/” denote “without” and “with”.

4 Experiments

4.1 Experimental Setup

Model and training setup. HiMed-8B is ini-
tialized from LLaMA-3.1-8B-Instruct for compa-
rability with prior medical LLMs with the same
backbone (e.g., UltraMedical-8B, MedReason-8B,
HuatuoGPT-01-8B). NLLB is excluded as it tar-
gets translation, not reasoning. Training is con-
ducted on a single node equipped with 8 NVIDIA
H200 GPUs. Across all stages, the model is
trained for approximately 56 hours, including 2
hours for LA, 15 hours for RC, and 39 hours for
DSR-RL. Approximately 30% of the supervision
is non-MCQ, providing diverse reasoning signals.
Table 6 summarizes the training data composition.
Details of training are in Appendix G.

Dataset LA RC DSR-RL
HiMed-West 46.5K 52K 10K
HiMed-Trad 102K 102K 10K
GSM8K - 8K -
DailyDialog 11K - -
Persona-Chat 17K - -

Table 6: Composition of training data.

Evaluation benchmarks. We evaluate models
on multiple medical benchmarks under the zero-
shot setting. Western medicine is assessed with
MMLU-Pro-Biology, MMLU-Pro-Health, GPQA-
med, and HiMed-West Exam in both English
and Hindi. These benchmarks cover complemen-
tary aspects of biomedical and clinical reasoning.
Indian systems of medicine are evaluated with
HiMed-Trad Bench in Hindi, which targets rea-
soning over concepts and practices specific to the
seven Indian systems of medicine.

Evaluation protocol and metrics. Evaluations
use a multiple-choice format. In the LA stage,
greedy decoding is applied with a multi-class clas-
sification head. For all baselines and the RC and
DSR-RL stages, responses are decoded through a
robust answer-extraction procedure with progres-
sively relaxed matching, ranging from strict pat-
tern detection to similarity-based selection. This
procedure is designed to handle variation in re-
sponse format, ensuring fair evaluation. We ap-
ply the same prompts and extraction pipeline to all
models within each benchmark. We report accu-
racy and accuracy drop A = En — Hi. Results are
averaged over three runs to mitigate randomness.
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4.2 Main Results

Overall performance. Table 5 reports results
across Western and Indian medical reasoning
benchmarks. HiMed-8B consistently outperforms
open-source baselines in Hindi and substantially
narrows the English-Hindi accuracy gap relative
to LLaMA-3.1-8B-Instruct, indicating improved
cross-lingual transfer. These gains do not come at
the cost of English performance: HiMed-8B also
improves over the base model in English, as sup-
ported by both accuracy results and the human eval-
uation in Appendix H.1. Overall, the proposed
framework improves cross-lingual reasoning while
better aligning model behavior with Hindi medical
usage and domain knowledge.

Comparison with GPT-40. GPT-4o0 still ex-
hibits a non-trivial English—Hindi gap, suggesting
that model scale alone is insufficient to close the
Hindi medical reasoning gap. On HiMed-Trad
Bench, HiMed-8B achieves the best performance,
surpassing both open-source baselines and GPT-
4o. This result indicates that targeted training on
Indian systems of medicine can enable an open 8B
model to outperform a larger closed-source model
in this culturally grounded subdomain.

Open-ended evaluation. To assess whether im-
provements extend beyond MCQ accuracy, two
Hindi-proficient medical experts evaluate 500
open-ended medical questions on accuray and 1-
5 Likert scale across three dimensions. As shown
in Table 7, HiMed-8B consistently outperforms the
base model, with inter-annotator Pearson agree-
ment above 0.91 on all dimensions. Details are

provided in Appendix H.2.
Dimension Base 8B HiMed-8B IAA r
Accuracy 0.189 0.304 0.953
Medical faithfulness 3.020 3.966 0.922
Reasoning coherence ~ 3.072 3.924 0.918
Hindi nativeness 2.956 3.842 0.977

Table 7: Open-ended human evaluation.

4.3 Ablation Study

Stage-level contribution. We ablate each train-
ing stage and reward component in DSR-RL. As
shown in Table 5, the HiMed corpus accounts for
about 73% of the Hindi-side gain over the base
model, while DSR-RL contributes the remaining
27%. Replacing DSR-RL with SFT on the same

RL-stage data yields weaker performance, indicat-
ing that the gains arise from the optimization pro-
cedure rather than data volume alone.

Reward component analysis. Removing any
training stage or replacing R'2" with a sparse binary
signal degrades Hindi performance, showing that
temporal annealing and the two reward terms are
complementary. The results further indicate that
language-form scaffolding is more effective when
gradually withdrawn than kept fixed or sparse.

Human evaluation. To test whether gains reflect
more than surface Hindi token substitution, two
medical experts conduct blind pairwise compar-
isons between HiMed-8B and an otherwise iden-
tical RL variant trained without the language-form
reward. HiMed-8B is preferred in 67.4% of non-tie
cases. Annotators report that preferred responses
more often express symptom-to-mechanism rea-
soning directly in Hindi, rather than English-style
rationales wrapped in Hindi tokens. Details are
provided in Appendix H.3. Together, three human
evaluations provide complementary evidence that
the gains correspond to improved Hindi reasoning
rather than surface-level language matching.

Failure analysis. A taxonomy-based analysis on
the full HiMed-Trad Bench shows that 88.6% of
HiMed-8B’s residual failures are knowledge or rea-
soning errors, while language-mixing failures oc-
cur zero times. This pattern suggests that scaf-
folding with annealing effectively removes surface-
level Hindi-form failures. Details are provided
in Appendix I. These results indicate that the
language-form scaffolding reward induces qualita-
tively different reasoning behavior.

4.4 Effectiveness of Scaffolding Reward

We analyze the training dynamics of the two re-
wards used in DSR-RL, together with their cor-
responding test metrics. As shown in Figure 2,
both rewards increase throughout training, and the
corresponding test metrics show similar upward
trends. In particular, the consistent rise of R'" and
test Hindi proportion indicates that the model pro-
gressively produces reasoning chains with higher
proportions of Hindi. Meanwhile, the improve-
ment of R*° and test accuracy suggests that over-
all reasoning quality is also enhanced. These re-
sults confirm that the training-time reward dynam-
ics translate into genuine test-time improvements
rather than on-policy reward inflation.
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Figure 2: Training dynamics of rewards.

4.5 Reliability of the Accuracy Reward Model

We fine-tune LLaMA-3.2-3B-Instruct on a bilin-
gual medical reasoning dataset as an accuracy ver-
ifier. The probability of the True class from the
softmax over binary logits is used as the confidence
score. A prediction is classified as True if its confi-
dence score exceeds a predefined threshold. On the
test set, the verifier achieves 0.969 precision and
0.936 recall. To assess reliability, we use GPT-5 to
generate 300 challenging cases by either reversing
key logical relations or slightly modifying numer-
ical values. The verifier attains 82.3% accuracy
on this set. Comparing verifier judgments with
two medical experts on 300 randomly sampled re-
sponses yields 96.7% exact agreement. Details of
the the reward model are in Appendix G.1.

5 Related Work

We briefly situate our work within the broader liter-
ature and defer a comprehensive discussion to Ap-
pendix B. Existing resources for medical language
modeling remain predominantly English-centric,
with Hindi coverage largely limited to small-scale
or translated subsets (Narayanan et al., 2024). Gen-
eral biomedical corpora and benchmarks, includ-
ing MedMCQA, PubMedQA, MedNLI, MedQA-
USMLE, and MMLU-Pro-Med, have supported
progress in medical reasoning but provide limited
native Hindi supervision and little coverage of In-
dian medical systems (Pal et al., 2022; Jin et al.,
2019; Romanov and Shivade, 2018; Jin et al., 2021;
Hendrycks et al., 2021; Wang et al., 2024b). Mul-
tilingual resources improve Indic-language cover-
age, but are typically not specialized for Hindi med-
ical reasoning or rely on translated English-centric
data (Gala et al., 2024; Khan et al., 2024; Jin et al.,
2024; Verma et al., 2025).

Prior research has investigated cultural align-
ment (Li et al., 2024; Pham et al., 2025), reasoning
enhancement (Creswell et al., 2023; Liang et al.,
2024), reward modeling (Lightman et al., 2024;
Ma et al., 2023), and large-scale English medical
reasoning LLMs (Chen et al., 2025; Singhal et al.,
2023b; Zhang et al., 2024). However, these di-
rections rarely address the combined requirements
of native Hindi reasoning, medical pluralism, and
explicit CoT supervision. Closer to our setting,
AyurParam (Nauman et al., 2025) targets Ayurveda
alone with bilingual dialogue supervision but nei-
ther releases its training corpus nor includes ex-
plicit Col rationales. BhashaBench-Ayur (De-
vane et al., 2025) evaluates Ayurveda in Indic lan-
guages, but does not cover the broader AYUSH
spectrum. Concurrent multilingual reasoning ap-
proaches likewise rely on language curricula, trans-
lation, distillation, or English-anchored reasoning
schemas (Li et al., 2025), rather than explicitly
shaping target-language reasoning behavior.

HiMed differs along three dimensions: it pro-
vides an open Hindi corpus with native Col span-
ning both Western medicine and all seven Indian
systems of medicine, treats Hindi reasoning as a be-
havioral objective rather than a by-product of trans-
lation or instruction transfer, and shapes it through
a decaying scaffolding reward design that jointly
encourages and balances accuracy, Hindi rationale
generation, and format compliance.

6 Conclusion

In summary, this work identifies Hindi medical rea-
soning as a critical yet underexplored requirement
for medical LLMs and introduces HiMed, the first
large-scale Hindi medical corpus and benchmark
suite with native rationales. Building on this foun-
dation, we propose a three-stage adaptation frame-
work centered on Decaying Scaffolding Reward
Reinforcement Learning, which yields a concrete
instantiation in the form of HiMed-8B. Extensive
experiments show that HiMed-8B consistently im-
proves Hindi medical reasoning performance as
measured by downstream accuracy, expert prefer-
ence, and open-ended evaluation across four di-
mensions, validating the effectiveness of the pro-
posed data and training design. More broadly, our
study provides a practical pathway for adapting
LLMs to linguistically and culturally specialized
medical domains, highlighting a scalable direction
toward equitable medical LLMs.
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Limitations

This work has several limitations that warrant fur-
ther investigation, particularly with respect to data
coverage, model scalability, and real-world appli-
cability, which we outline below. These limita-
tions also highlight important and underexplored
directions for future work.

First, while HiMed substantially expands cover-
age of Hindi medical reasoning, it does not exhaus-
tively represent the full diversity of clinical sce-
narios or regional variations across India. Certain
subdomains, rare conditions, and informal or col-
loquial clinical expressions may remain underrep-
resented. In addition, the distribution of training
data may introduce biases toward more commonly
documented medical language. Future work could
improve coverage through more diverse and region-
ally grounded data sources.

Second, the proposed training framework is in-
stantiated on a single model scale (LLaMA-3.1-8B-
Instruct). Although our results demonstrate consis-
tent improvements and narrowed gaps at this scale,
it remains unclear how these gains transfer to larger
or smaller models. Future work is needed to eval-
uate scalability, as well as generalization to other
low-resource languages beyond Hindi. Extending
the framework to larger models and additional lan-
guages remains an important direction.

Third, while we emphasize Hindi reasoning and
cross-lingual alignment, our evaluation primarily
focuses on benchmark-style settings. Real-world
clinical interactions may involve more complex,
ambiguous, or multi-turn scenarios that are not
fully captured in our current evaluation setup. Eval-
uating in more realistic and interactive clinical set-
tings is an important next step.

Finally, despite the encouraging improvements,
our approach does not eliminate the need for clin-
ical expertise, human oversight, or system-level
safety mechanisms. HiMed-8B might still pro-
duce inaccurate, incomplete, or culturally inappro-
priate responses, particularly for uncommon or un-
derspecified cases. Performance on educational
materials concerning Indian systems of medicine
should not be interpreted as evidence of clinical
validity or therapeutic effectiveness. As with other
medical language models, HiMed-8B is intended
for academic research and evaluation purposes
only and should not be used for autonomous diag-
nosis, treatment recommendation, or other safety-
critical clinical decision-making.

Ethical Considerations

Despite its advanced reasoning capabilities,
HiMed-8B may still produce inaccurate outputs.
It is therefore not suitable for deployment in
real-world clinical settings. We restrict its use
to research and evaluation purposes and do not
support applications in clinical decision-making or
other safety-critical scenarios. Users bear ethical
responsibility for respecting these limitations and
for avoiding inappropriate use. Performance on
benchmarks related to Indian systems of medicine
reflects consistency with standardized curricula
and examinations.

We acknowledge that medical knowledge and
practice are culturally situated. By including both
Western medicine and Indian systems of medicine,
our goal is to model how medical knowledge and
reasoning are expressed across distinct linguis-
tic, educational, and institutional contexts. Per-
formance on content related to Indian systems of
medicine reflects consistency with the source mate-
rials and standardized curricula used in this study.
The inclusion of traditional medical content does
not constitute clinical recommendation.

All datasets are derived from publicly available
or licensed sources, including examination materi-
als and textbooks. All our data construction pro-
cesses comply with ethical standards. No patient
records or identifiable individual data are used.
Our original code is released under the Apache
2.0 License, and our originally created dataset an-
notations are released under the CC BY 4.0 Li-
cense. Third-party source materials remain sub-
ject to their original licenses and terms of use; ma-
terials that cannot be redistributed are provided
through source pointers only. All software pack-
ages are provided in the accompanying repository.

Human annotation and questionnaire proce-
dures involved eight adult bilingual participants
from Indian and China, recruited through institu-
tional channels. All participants were proficient
in Hindi and English. Before participation, they
received written task instructions, were informed
that their anonymized responses and judgments
would be used for academic research, and provided
informed consent. They were compensated at a
rate of 400-500 CNY per hour, which exceeded
the applicable local professional wage. No direct
personal identifiers were retained, and all results
are reported only in aggregate.
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Appendix
A Pilot Evaluation

We randomly sampled 150 test instances from
both MMLU-Pro and RET and translated them
into Hindi to enable a controlled English—Hindi
comparison with identical content, following Ap-
pendix E. For MMLU-Pro, only the biology and
health subsets were included. RET consists of
100 questions from the 2023 AIAPGET exam,
evenly covering four disciplines, and 50 ques-
tions from BNYS First Year, Part II examinations.
All RET items were standardized as multiple-
choice questions prior to translation and evalu-
ation. GPT-40 was prompted to output a sin-
gle option. HuatuoGPT-01-8B and LLaMA3-8B-
UltraMedical were deployed locally, with predic-
tions determined by the highest-probability option,
following their default inference interfaces to avoid
confounding prompt engineering. Accuracy is re-
ported as the number of correct predictions out of
150 instances, and A denotes the English-to-Hindi
accuracy drop. All evaluations were conducted in
a zero-shot setting with single-run results.

B Related Work

Corpora. The dual nature of the Hindi medi-
cal ecosystem (Chandra and Patwardhan, 2018)
imposes three requirements for training Hindi
medical reasoning LLMs: Hindi coverage, in-
clusion of Indian medicine, and Col supervi-
sion. No existing corpus satisfies all three.
MedMCQA (Pal et al.,, 2022), though sourced
from NEET PG and AIIMS exams, is predomi-
nantly English and focused on Western medicine.
Other biomedical resources, including UltraMed-
ical (Zhang et al., 2024), BioASQ-QA (Krithara
et al.,, 2023), PubMedQA (Jin et al., 2019),
MedNLI (Romanov and Shivade, 2018), Reason-
Med (Sun et al., 2025), and MedReason (Wu
et al., 2025a), are also exclusively English. Mul-
tilingual corpora such as Indiclnstruct (Gala
et al., 2024), Al4Bharat-IndicNLP (Kunchukut-
tan et al., 2020), AI4Bharat-IndicQA (Al4Bharat,
2024), IndicLLM-Suite (Khan et al., 2024),
XLingHealth (Jin et al., 2024; CLAWS Lab,
2024), and MILU-cleaned (Verma et al., 2025;
Murthyrudra, 2025) include Hindi but lack med-
ical specialization or rely on translated data.
AyurGenixAl (kagglekirti123, 2025) covers In-
dian medicine yet remains largely English, while
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the Multilingual Healthcare Text Dataset (Bagga,
2025) provides diverse content without QA or
MCQ structure. Furthermore, general-purpose di-
alogue datasets is insufficient (Zhang et al., 2018;
Li et al., 2017). Overall, no corpus jointly sup-
ports Hindi, both Western and Indian medicine,
and high-quality CoT supervision, leaving a criti-
cal gap for downstream training.

Benchmarks. Benchmarks impose similar re-
quirements of Hindi coverage and inclusion of In-
dian medicine. Native Hindi evaluation is cru-
cial to avoid translation bias and information
loss (Jin et al., 2024; Qiu et al., 2024; Wang
et al., 2024a). However, few existing benchmarks
meet these criteria. MedQA-USMLE (Jin et al.,
2021), MMLU-Pro-Med (Hendrycks et al., 2021;
Wang et al., 2024b), HLE-med (Center for Al
Safety et al., 2026), and HealthBench (Arora et al.,
2025) are entirely English-based. This limitation
extends to advanced biomedical reasoning bench-
marks such as GPQA-med (Rein et al., 2023) and
MedXpertQA (Zuo et al., 2025). BhashaBench-
Ayur (Devane et al., 2025) consists primarily
of OCR outputs from examinations, but focuses
merely on Ayurveda, leaving a huge gap on other
streams. Overall, existing benchmarks remain
English-centric and do not support comprehensive
evaluation across systems.

Cultural alignment. Prior work addresses cul-
tural grounding via region-specific data curation
and instruction tuning (Li et al., 2024; Pham
et al., 2025), or principle-based alignment (Bai
et al., 2022b), alongside culture-aware bench-
marks (Wang et al., 2024c; Karinshak et al., 2024).
However, these efforts primarily target value as-
sessment and remain largely English-centric. Cul-
turally aligned medical reasoning in Hindi, partic-
ularly across both Western and Indian medical sys-
tems, remains underexplored.

Reasoning enhancement. Many techniques
have been proposed to improve reasoning, includ-
ing chain-of-thought prompting (Wei et al., 2022),
self-consistency (Wang et al., 2023), verifier-
guided decoding (Creswell et al., 2023), debate
frameworks (Liang et al., 2024), and process su-
pervision (Lightman et al., 2024). These methods
improve accuracy on reasoning tasks, but none
explicitly addresses the linguistic and cultural
fidelity required for Hindi medical reasoning.

Reward modeling. Reward modeling for LLM
alignment can be grouped into three paradigms:
(1) outcome reward models, which score final an-
swers or preferences and underpin RLHF (Ouyang
et al., 2022); (2) process reward models (PRMs),
which provide rubric or step-level evaluation for
reasoning (Lightman et al., 2024; Xiao et al.,
2026) and have been integrated into RL (Ma et al.,
2023); and (3) LLM-as-a-Judge, which replaces
human annotation with strong LLM evaluators for
both evaluation and reward generation in RLHF
or RLAIF (Zhu et al., 2025; Liu et al., 2023; Bai
et al., 2022a; Cobbe et al., 2021; Chen et al., 2024).
Multi-objective optimization has been explored
in mathematical and biomedical reasoning (Shao
et al., 2024; Wang et al., 2025a), typically via re-
ward combination or structured trade-offs, while
distributionally robust optimization (Rahimian and
Mehrotra, 2019) addresses reward imbalance by
optimizing worst-case performance. Despite these
rapid advances, medical reward modeling remains
largely accuracy-centric, with limited considera-
tion of language nativeness or cultural fidelity.

Medical Reasoning LLMs. Recent work has
advanced medical reasoning in LLMs through
domain-adapted models such as Med-PaLM2,
BioGPT, PMC-LLaMA, BioMistral, CURE-Med,
AyurParam and HuatuoGPT-ol (Luo et al., 2022;
Singhal et al., 2023b; Wu et al., 2024; Chen
et al., 2025; Labrak et al., 2024; Onyame et al.,
2026; Nauman et al., 2025), achieving strong
performance on benchmarks including USMLE,
MedQA, and MMLU (Jin et al., 2021; Hendrycks
et al., 2021; Wang et al., 2024b). These improve-
ments largely stem from three directions: instruc-
tion tuning on curated or synthetic medical QA
data (Jin et al., 2021), reasoning modeling via
Chain-of-Thought or structured diagnostic prompt-
ing (Wei et al.,, 2022), and preference tuning
through preference learning to enhance plausibility
and consistency (Chen et al., 2025). Some general-
purpose LLMs also exhibit medical reasoning ca-
pabilities (Qwen et al., 2024; Aryabumi et al.,
2024).However, existing systems remain predom-
inantly English-centric, with reasoning paradigms
grounded in Western clinical practice, and limited
exploration of cross-lingual medical reasoning.

Cross-Lingual Transfer. Cross-lingual transfer
in LLMs is typically achieved through three com-
ponents: language adaptation, instruction trans-
fer, and representation alignment. Language-
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adaptive pre-training (LAPT) improves target-
language competence via continued pre-training,
often combined with vocabulary expansion (Cui
et al., 2023) or adapter-based embedding learn-
ing (Han et al., 2025). Instruction-following and
reasoning are transferred through multilingual in-
struction data, cross-lingual in-context learning,
translation-based methods, and distillation (Wu
et al., 2025b). Preference alignment has also been
extended to multilingual settings by transferring
preferences from English-aligned models using im-
plicit rewards or modified DPO on translation-
augmented data (Yang et al., 2025; Lee et al.,
2025). Finally, representation analyses indicate
that middle layers are relatively language-agnostic,
motivating explicit middle-layer alignment during
fine-tuning (Liu and Niehues, 2025).

Cultural Grounding. Clinical reasoning in
Hindi-speaking regions is shaped by both lin-
guistic variation and India’s institutionalized
medical pluralism. While Western clinical
practice typically follows a single-paradigm
biomedical workflow, healthcare in North and
Central India operates within a pluralistic system
where biomedicine coexists with traditions (e.g.,
Ayurveda, Yoga and Naturopathy, Unani, Siddha,
Sowa-Rigpa, Homeopathy). This pluralism is
structurally embedded in governance, service
delivery, and care-seeking, and has been identified
as central to India’s pathway toward Univer-
sal Health Coverage (Chaturvedi et al., 2023).
Empirical evidence further shows substantial
tradition utilization in outpatient care (Rudra et al.,
2017), supported by policy-level institutionaliza-
tion (Nesari et al., 2025), with qualitative studies
highlighting its role in enabling multi-therapy
care-seeking (Mallick, 2016). This pluralistic ecol-
ogy entails differences in knowledge organization
and reasoning. Indian systems of medicine follow
distinct epistemological frameworks not reducible
to English biomedical terminology (Nesari et al.,
2025), and prior work identifies enduring con-
ceptual divergences from Western biomedicine
in framing health, illness, and mind-body rela-
tions (Leguizamon, 2005). Consequently, faithful
clinical reasoning requires operating within the
source conceptual system. English-centric rea-
soning may instead normalize patient narratives
into biomedical categories, obscuring clinically
relevant choices when patients seek traditional
care (Mallick, 2016; Rudra et al., 2017).

C Data Sources

This section summarizes the data sources used
to construct HiMed, including representative
books, official documents, and examination pa-
pers. The resources span seven Indian systems of
medicine: Ayurveda, Homoeopathy, Yoga, Natur-
opathy, Unani, Siddha, and Sowa-Rigpa.

Ayurveda. Pulse Diagnosis; Aahar Chikitsa;
Anubhut Yog; Journal of Ayurveda Case Reports;
Essential Drugs List — Ayurveda; Charak Samhita;
Charaka Samhita (Vol. II); Ayurvedic Stan-
dard Treatment Guidelines; Rasaraja Mahodadhi;
Complete Treatment (Ashtanga Hridayam); Sci-
entific Basis for Ayurvedic Therapies; Sidhparik-
shapadati Part I; Sushruta Sambhita; Ayurvedic
Home Remedies; Agada Tantra (Visha Chikitsa);
Sushruta Samhita (Sharira Sthana); A Garland
of Nectar for Health; Practical Science of Wild
Medicinal Herbs.

Homoeopathy. Homoeopathic Treatment;
Homeopathic Materia Medica (with Repertory);
Homeopathic Family Medicine;  Illustrated
Description of Homeopathic Medicines; Ho-
moeopathy Chikitsa; Lectures on Homoeopathic
Philosophy;  Saral Homoeopathic Chikitsa;
Homeopathy in Animal Diseases; and Saral
Homeopathic Ilaj.

Other Systems. Yoga: Yoga Therapy; The Yoga
Sutras; Indications of Drugs; The Secrets of Yoga.
Naturopathy: Beneficial for Sexual Health; Why
Naturopathy; A New Treatment for Diseases: New
Science of Healing; Ankh-Ka: The Art of Natur-
opathy; Upwash Chikitsa; Health and Hydrother-
apy. Unani: Fundamental Principles of Unani
Medicine; Unani Chikitsasar. Siddha: Proven
Wild Medicinal Herbs; Proven Remedies (Part I).
Sowa-Rigpa: Position of Sowa-Rigpa System in
Nepalese Buddhist Tradition.

Exams. We use publicly available national and
university-level examination papers, including
NEET-UG (2018, 2020, 2021, 2023, 2024),
AIAPGET (Ayurveda, Unani, Siddha), BHU RET
(Swasthavritta, Yoga), and BNYS First Year, Part
IT (University of Patanjali, Dec 2023), covering
both Western and Indian systems of medicine.
NEET and AIAPGET materials were obtained
from the National Testing Agency.! Others were
obtained from respective university portals.

"https://nta.ac.in
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D HiMed-Trad Construction

D.1 OCR Process

We construct HiMed-Trad via a multi-stage OCR
pipeline. Merging operations are applied only to
non-exam sources, as exam data are already pro-
vided at question level. Full prompts are provided
in the accompanying repository.

OCR and preprocessing. Raw PDFs are con-
verted into high-resolution page images, and text
is extracted using DeepSeek-OCR. Outputs are
retained as raw MultiMarkdown without man-
ual correction to preserve structural artifacts. A
basic cleaning procedure normalizes punctuation
and whitespace, while retaining page indices and
source identifiers for traceability.

Segment reconstruction. To address OCR frag-
mentation, adjacent text fragments are merged
using embedding-based cosine similarity with
all-MiniLM-L6-v2 (Hearst, 1997; Reimers and
Gurevych, 2019; Wang et al., 2020). Fragments
above a threshold are merged, while headings and
lists are preserved. Each merged segment is stored
with its corresponding page span.

LLM-based filtering and merging. Each seg-
ment is classified by GPT-40 along four dimen-
sions: Hindi validity, medical relevance, refer-
ential ambiguity, and structural role. Non-Hindi
segments are removed. Ambiguous segments
are iteratively merged with preceding context un-
til ambiguity is resolved. Only segments sat-
isfying Hindi=True, Medical=True, Ambigu-
ity=False, Heading=False are retained.

Calibration and quality scoring. Accepted seg-
ments are aligned with page images and cor-
rected for OCR errors using GPT-4o, restricted
to character-level fixes without altering mean-
ing. A second LLM pass assigns quality labels
(NO_PROBLEM, POSSIBLE_ISSUE, DEFI-
NITE_ ISSUE), and only NO__ PROBLEM seg-
ments are retained for next stages.

Manual inspection. To validate pipeline reliabil-
ity, two domain experts independently review 200
randomly sampled segments from the retained out-
puts. Annotators have formal training in medicine
or biomedical sciences and are proficient in Hindi
medical terminology. Each segment is evaluated
along four criteria: (i) medical correctness, i.e.,

factual consistency with standard medical knowl-
edge; (ii) semantic completeness, i.e., whether
the segment is self-contained; (iii) coherence and
readability, i.e., whether the text is understand-
able in Hindi; and (iv) OCR fidelity, i.e., whether
the content faithfully reflects the source with only
minor tolerable errors. Annotators assign a bi-
nary decision, and disagreements are conserva-
tively marked as rejection. Across all inspected
samples, 98.0% are judged acceptable, indicating
high data quality. Annotators are compensated at
500 CNY per hour, exceeding local translator wage
standards, with a total cost of 2,000 CNY for this
stage. Figure 3 shows the inspection Ul, where
scanned pages and OCR outputs are displayed side-
by-side.

Please calibrate Fuar Hferde H¥

W e
e o, i o T e
AR

SR S R A g a1 e wa § ok g
o S & I, it g o i ot @ wwon A,
Bl g aott #

it
R e A @ w2, 5 aw @
Qe i o - 1 e A A G-

Figure 3: OCR manual inspection UI.

D.2 Instruction Pool

The instruction pool defines a standardized set of
medical question templates used to guide instruc-
tion generation. It serves as an intermediate layer
between raw medical passages and downstream
data generation, bridging the unstructured source
content with the structured instruction formats.

Method. The pool is constructed from high-
quality medical QA datasets, including Health-
Bench (Arora et al., 2025), HealthSearchQA (Sing-
hal et al., 2023a), MedMCQA (Pal et al., 2022),
MedReason (Wu et al.,, 2025a), and Reason-
Med (Sun et al., 2025). To integrate heteroge-
neous sources, GPT-40 abstracts shared intents
into standardized instructions. We adopt a five-
type taxonomy (Ely et al., 1999; Ben Abacha and
Demner-Fushman, 2019; Demner-Fushman and
Lin, 2007) to categorize medical questions into Di-
agnosis, Treatment, Etiology, Prognosis, and Med-
ical Knowledge, corresponding to core clinical in-
formation needs. Instructions are further gener-
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Branch Raw Cleaned Merged Filtered Calibrated Final
Ayurveda 75,164 46,040 32,420 14,424 9,085 9,054
Yoga 11,582 5,698 3,090 1,922 844 839
Naturopathy 17,683 7,200 3,799 2,218 1,527 1,451
Sowa-Rigpa 68 57 37 21 10 10
Homoeopathy 64,752 39,953 18,400 12,673 9,316 9,226
Unani 6,447 5,148 2,900 2,477 1,487 1,486
Siddha 3,125 2,122 1,385 671 465 453

Table 8: Number of Hindi medical segments after each OCR stage.

alized using placeholder variables derived from
SNOMED CT (SNOMED International, n.d.), en-
abling consistent abstraction. To capture realistic
user queries, we conduct a bilingual survey on how
individuals formulate health-related questions.

Manual inspection. To ensure instruction qual-
ity, two domain experts independently review all
retained instructions. Annotators have medical
or biomedical training and are proficient in Hindi
medical terminology. Each instruction is evaluated
along two criteria: (i) clarity, i.e., whether the in-
tent is well-defined and unambiguous, and (ii) exe-
cutability, i.e., whether the instruction can be rea-
sonably answered using medical reasoning with-
out requiring external context. Annotators assign
binary decisions and disagreements are conserva-
tively marked as rejection. Only 61% of all instruc-
tions are retained. Annotators are compensated at
500 CNY per hour, exceeding local professional
wage standards, with a total cost of 1,000 CNY for
this stage. This process ensures that the instruc-
tion pool is non-duplicative and suitable for down-
stream generation. Table 9 summarizes instruction
counts by category and source.

Category Former Work  Questionnaire  Total
Diagnosis 24 7 31
Etiology 22 7 29
Prognosis 26 6 32
Treatment 26 6 32
Med. Know. 26 7 33
Total 124 33 157

Table 9: Instruction statistics.

D.3 LLM-Driven Data Generation

We construct HiMed-Trad via a staged pipeline
that converts OCR-derived passages into struc-
tured instruction data, guided by instruction pool.

Stage I: labeling. Each passage is assigned one
or more intent categories and instance formats us-
ing GPT-40. Multi-label passages are expanded

into atomic entries via the Cartesian product of cat-
egory and format for simplicity.

Stage I1: template-guided generation. Foreach
entry, we sample an instruction template from a
predefined pool and include few-shot exemplars
as style references. Given (text, category, format,
template), an LLM generates instruction instances.
We enforce structured outputs and apply automatic
validators to filter malformed generations.

Stage III: quality filtering. Generated instances
are evaluated by an LLM-based quality rater along
four dimensions: contextual grounding, medical
correctness, reasoning clarity, and Hindi language
quality. Each dimension is scored in a range of
[0, 1], and instances with an average score below
0.725 are discarded. This threshold is calibrated
via a pilot study with domain experts.

Manual inspection. We conduct a targeted au-
dit to validate the reliability of automatic filtering.
A total of 200 samples are randomly drawn across
subjects, formats, and passage types. Two domain
experts independently evaluate each instance based
on (i) semantic fidelity to the source passage, (ii)
medical soundness, and (iii) linguistic naturalness
in Hindi. Instances are marked as pass only if all
criteria are satisfied. Disagreements are conserva-
tively treated as failure. Across all inspected sam-
ples, 99.5% of instances are deemed acceptable, in-
dicating strong agreement between automated fil-
tering and human judgment. Annotators are com-
pensated at 500 CNY per hour, exceeding local pro-
fessional wage standards, with a total cost of 3,000
CNY. Table 10 summarizes corpus scale of each
format in HiMed-Trad.

Format Count
QA instances 93,859
MCQ instances 102,494
Dialogue instances 96,314

Table 10: Format statistics of HiMed-Trad.
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D.4 HiMed-Trad Taxonomy

Overview. In this section, we provide the taxon-
omy reference of HiMed-Trad Corpus and Bench
from seven different streams of Indian systems of
Medicine.

Ayurveda. We reference the historical overview
(Jaiswal and Williams, 2017) with materials from
Directorate of AYUSH (Comptroller and Auditor
General of India, 2024).

Yoga. We rely on evidence from clinical and
quality-of-life studies (Woodyard, 2011), and the
Common Yoga Protocol periodically issued by the
Ministry of Ayush (Ministry of Ayush and Morarji
Desai National Institute of Yoga, 2025).

Naturopathy. We include parliamentary records
describing its principal modalities, the Central
Council for Research in Yoga and Naturopathy, and
WHO'’s training benchmarks (Ministry of Ayush,
Government of India, 2023; Central Council for
Research in Yoga and Naturopathy, n.d.; World
Health Organization, 2010).

Sowa-Rigpa. Sowa-Rigpa is represented by the
National Institute of Sowa-Rigpa, the Ministry
of Ayush, and pharmacopoeial initiatives by
PCIM&H (National Institute of Sowa-Rigpa, n.d.;
Ministry of Ayush, Government of India, 2024;
Central Council for Research in Ayurvedic Sci-
ences (CCRAS), n.d.; Pharmacopoeia Commis-
sion for Indian Medicine and Homoeopathy, n.d.).

Homoeopathy. We cite the National Commis-
sion for Homoeopathy Act (Parliament of India,
2020) and institutional sources (Central Council
for Research in Homoeopathy (CCRH), n.d.; Na-
tional Institute of Homoeopathy, Kolkata, n.d.).

Unani. Unani medicine is documented through
the Ministry of Ayush, CCRUM, NIUM, and offi-
cial pharmacopoeial and formulary materials (Min-
istry of Ayush, Government of India, 2024; Central
Council for Research in Unani Medicine, n.d.; Na-
tional Institute of Unani Medicine (NIUM), Ben-
galuru, n.d.).

Siddha. Siddha is covered through the Ministry
of Ayush, the National Institute of Siddha (Min-
istry of Ayush, Government of India, 2024; Na-
tional Institute of Siddha, Chennai, n.d.).

E HiMed-West Construction

We construct HiMed-West via a lexicon-guided
translation pipeline designed to ensure terminolog-
ical fidelity while preserving benchmark structure.
Full prompts are provided in the repository.

E.1 Lexicon Construction

To guarantee domain-specific precision and natural
expression, we build a high-fidelity English—Hindi
medical lexicon from both authoritative resources
and corpus-driven augmentation.

Authoritative sources. The lexicon is initial-
ized from multiple official and educational re-
sources, including Dictionary of Medicine (Gupta
and Kapoor, 1955), and the NYSED Chemistry
Glossary (The State Education Department and
The University of the State of New York, 2018),
which together provide standardized terminology
and serve as the primary reference.

Digitization and augmentation. Scanned vol-
umes are digitized using DeepSeek-OCR with min-
imal normalization to preserve structural cues. To
improve coverage of long-tail terms, we further ex-
tract medical entities from the MedReason corpus.

Manual correction and consolidation. Two
professional bilingual annotators perform OCR
correction and translation, focusing on mixed-
script and character-level errors, while translations
follow deterministic one-to-one mappings with pri-
ority given to CSTT standards, yielding a final lex-
icon of 45,902 term pairs, with 62% from authori-
tative sources and 38 %o from corpus augmentation.

Manual inspection. Trained Hindi—English
medical translators performed conservative OCR
correction and translation without paraphrasing.
They evaluated each entry for OCR fidelity and
terminological accuracy and excluded ambiguous
cases. Annotators were compensated at 400 CNY
per hour, above the applicable local professional
rate, for a total cost of 30,000 CNY.

E.2 Translation Pipeline

We propose a lexicon-guided hybrid pipeline that
combines rule-based terminology injection with
neural machine translation to ensure both domain
fidelity and structural consistency.

Lexicon-guided translation. Medical terms are
first matched and replaced with standardized Hindi
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equivalents from the lexicon, producing a code-
mixed intermediate that constrains translation, af-
ter which translation is performed using NLLB-
200-3.3B (Costa-jussa et al., 2022), while retaining
original English terms in parentheses.

Format-aware processing. To preserve bench-
mark structure, we adopt an adaptive pipeline:
structured MCQs are parsed into components and
translated while preserving labels and ordering,
whereas unstructured inputs are translated directly.

Manual comparison inspection. We compare
three translation pipelines on the same 50 sen-
tences. NLLB+lexicon yields the fewest required
fixes and eliminates hallucinations, outperforming
both baselines, as shown in Table 11.

Maetric GPT-40 NLLB NLLB+Lexicon
Need Fix 23 11 2
Hallucination 19 3 0

Table 11: Manual audit results.

Error analysis. We analyze 19 problematic
cases and identify four main failure modes. Trans-
lation errors are primarily driven by incorrect con-
cept mapping rather than surface fluency, high-
lighting the importance of lexicon-guided con-
straints in medical translation settings.

Error category Count  Rate
Incorrect medical terminology 10/19  52.6%
Literal but clinically inappropriate ~ 9/19  47.4%
Semantic hallucination 7/19 36.8%
Grammatical only 1/19 5.3%

Table 12: Error typology.

Manual final inspection. To validate the reli-
ability of the translation pipeline, two bilingual
reviewers independently audit sampled instances.
Each instance is evaluated along four criteria: (i)
terminological fidelity, (ii) semantic equivalence,
(iii) format preservation, and (iv) linguistic ade-
quacy. Annotators assign a binary decision. In-
stances are accepted only if all criteria are satis-
fied, and disagreements are conservatively rejected.
Across an additional audit of 200 samples, the
pipeline achieves a 97.0% acceptance rate. Anno-
tators are compensated at 500 CNY per hour, with
total costs of 3,000 and 4,000 CNY across the two
audit stages.

F Data Decontamination and Examples

Decontamination. To ensure that benchmark
performance reflects genuine generalization rather
than memorization, we apply multi-level decon-
tamination. First, source-level separation is en-
forced by construction: all books and official doc-
uments used for corpus generation are strictly dis-
joint from examination papers used for benchmark-
ing, with no source appearing in both splits. Sec-
ond, at the passage level, all data derived from
the same OCR passage are assigned exclusively
to either the training corpus or the benchmark,
preventing partial overlap. Third, for translated
benchmarks, both original questions and their
translated or paraphrased variants are explicitly ex-
cluded from training data construction, ensuring
no indirect exposure during training.

Examples. To provide readers with an intuitive
sense of the data format and content in HiMed-
Trad Corpus, we present three representative ex-
amples covering MCQ, QA, and Dialogue settings.
These examples illustrate how traditional medical
knowledge is organized into different instruction-
following formats while preserving metadata such
as subject, system, source, and question identifier.

HiMed-Trad Corpus Example: MCQ

question_number: 00200005012
subject: diagnosis

type: MCQ

system: Ayurveda

source: HiMed-trad

question:
UF IR Sfheas s T &  w § e -
ST ET T I A9 | §9 g F g5y ey Fr ar
qHAT e 2

A. AT AT faaw & fifsa &

B. TATT & AT 7 6 AT &

C. I af =91 F Nifed aT ahar &

D. YT &7 T AT AT

E. TR 1% & fewr-Faert & 9o 98t &2 &1

answer: C

cot:

AT, TIAY, AT TS EF AT qI~=T9T & qHT TSl i
T T Hehe &I & | T ATST 4T &l ITef SEl aldl &,
T T/ =TT &7 G AT AT Gl & | G6T Ry
faser

HiMed-Trad Corpus Example: QA

question_number: 00200005022
subject: diagnosis

type: QA

system: Ayurveda

source: HiMed-trad

question:
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U WA 3T U JYIT &7 S@dT & fSEar arsr v
i &, ST AT TST dl AT SIET BIaT & | 7S &l
AW & 3T a8 AFES W77 § & | I 6 T @r
TTRTT T Fefe famr v i = ?

answer:

FETT AT @TAT R |

cot:

AT T T ST 4T, 6% a7 92T fiF I 9T 8w
7, fory =r & g & gefaa ger 8 | o9 g5 e
AT W & 9T ST &1 7, ar §9 af=aid &
2 T Hehe JHT STET & | SAHET 39T S @ &
qfed AT 7 77 Ty Farear a1

HiMed-Trad Corpus Example: Dialogue

question_number: 00200005032
subject: diagnosis

type: Dialogue

system: Ayurveda

source: HiMed-trad

question:

User: ﬁ%@ﬁ?ﬁ?ﬁﬁﬁﬁ'ﬁ?ﬁw% AT
I FE AW S(FT T TANT & ATa9[E G T4T 5T |
FT T SfRedT & ATST & 57 [ it feurfea &r
e argsars?

Assistant: TR fafewear & a1ST &1 airarr e -
T & o e STaT &, S SAfaT & ATSt i 91
T TRT &I TERIT ST THHT AT & |

User: 39T ATET T S & 39 T o9 T80T T Iof 2T
T 0T &7 ST T 6T T GahaT & 2

Assistant: &f, If% ATST #T 6T &1 faeqga T &
AT I ST -AT-AGT-A - T =TT & e T Tar
TFHEAT JET & |

User: T 7= [ TN & AT Gl AGIIHAT 5T
ATl & ATST & I8 17 & T6T 95 a6 BT TG 7
answer:

FYF & ST ST E F QIS T 6 AT & ATST
Fir faferse STt T WoTsl 9T A9 a+ & |

cot:

TCHTC ST o AT, LTI oAdh SNATH 3 % & q17-
T F ATST & ATAT S FET TEF 3T qH faawfad

&T el &, S TAT i TS &t 5= o e J&r
T T ET S |

G Training Details

In this section, we provide details of training, in-
cluding the verifier model and different training
stages of HiMed-8B. For more details, please refer
to the GitHub repository.

G.1 Reward Model Training Details

We use Llama-3.2-3B-Instruct as the base model.
Training data includes 10k Huatuo-ol English in-
stances and 10k translated Hindi instances, as well
as MedReason, 7.5k English and 7.5k Hindi. We
generate Chain-of-Thought outputs using LLaMA-
3.1-8B-Instruct and obtain supervision labels via
GPT-5 by comparing generated and reference rea-
soning traces for semantic equivalence. Two medi-
cal experts independently annotate 300 sampled re-
sponses, assessing factual and medical correctness
of final answers. Annotations are binary, with em-
phasis on correctness. Equivalent medical formu-
lations are accepted as well. Annotators are com-
pensated at 500 CNY per hour, higher than the av-
erage, totaling 3,000 CNY.

G.2 SFT Training Details

We perform supervised fine-tuning for both lan-
guage adaptation (LA) and reasoning cold-start
(RC) using a Llama-3 chat template. Training
loss is computed only on assistant tokens, mask-
ing prompts with -100. We apply EOS-based dy-
namic padding without introducing additional pad
tokens, and truncate sequences to 4096 tokens for
LA and 1536 tokens for RC. Training uses Accel-
erate and DeepSpeed with bf16 precision and gra-
dient checkpointing, optimized with AdamW and
a cosine learning rate schedule with linear warmup.
Model selection is based on EMA-smoothed train-
ing loss. Table 13 summarizes the hyperparame-
ters used in both LA and RC.

Structure. We organize both the training cor-
pus and benchmarks using a consistent data for-
mat. Each training instance is associated with a
stable identifier, a single medical intent category,
and one instruction format, and includes a ques-
tion, its corresponding answer, and a reasoning ra-
tionale, all instantiated from predefined templates
and grounded in the same source passage. Bench-
mark items follow a lighter format, containing only
an identifier, the question text, and the gold answer.

2422

Hyperparameter LA RC
Max sequence length 4096 1536
Micro batch size 32 8
Gradient accumulation steps 1 2
Global batch size 256 128
Optimizer AdamW  AdamW
Learning rate Se-6 le-6
Weight decay 0.01 0.01
Warmup ratio 0.03 0.03
LR scheduler cosine cosine
Epochs 3 10
Padding strategy EOS EOS
EMA decay 0.9 0.9

Table 13: LA and RC hyperparameter settings.



G.3 DSR-RL Training Details

We adapt the GRPO implementation from the
trl framework for reinforcement learning training.
Our setup includes (i) a task-optimal reward ver-
ifier that has been validated through reliability
testing, and (ii) a token-level auxiliary scaffold-
ing reward to provide suitable low-resource lan-
guage form. For LLaMA-3.1-8B-Instruct, we in-
ject LoRA adapters into the projection modules
q_proj, k_proj, v_proj, o_proj, gate_ proj,
up_ proj, and down__proj in every decoder block
for training. The DSR-RL training hyperparame-
ters are summarized in Table 14, which yielded the
best validation performance in our experiments.

RL-Hyperparameter Settings
Batch Size 8
Learning Rate Se-6
LoRA_r 16
LoRA_alpha 32
LoRA_dropout 0.05

Task-optimal reward threshold 0.5

Reward Start Ratio 0.1:0.9
Reward End Ratio 0.9:0.1
Annealing Strategy cosine
GRPO_clip 0.2
KL_beta 0.001
GRPO_num_generations 8

Table 14: DSR-RL hyperparameter settings.

H Human Evaluation

H.1 Evaluating English Medical Reasoning

Setup. We sample 100 English instances and
compare HiMed-8B with base model. Two bilin-
gual experts independently assess whether (i) rea-
soning remains English, (ii) Hindi token insertion
or code-mixing occurs, (iii) Hindi-influenced syn-
tax appears, and (iv) reasoning quality degrades.
Annotators are compensated at hourly 500 CNY,
totaling 2,000 CNY.

Findings. HiMed-8B preserves fluent and fully
native English reasoning. No Hindi token inser-
tion, Hinglish patterns, or syntactic interference
are observed, and no degradation in reasoning qual-
ity is identified. These findings align well with
quantitative results in Table 5.

Case study. We provide a representative exam-
ple showing that HiMed-8B produces fluent En-
glish reasoning and improves correctness over the
base model, as shown below.

Case III: English Reasoning Quality

Question.
In reference to a segment of DNA, which of the fol-
lowing molecules contains the fewest number of nu-
cleotides?

Options.

A: the tRNA transcript from the original DNA

B: a single strand of the original DNA segment after a
substitution mutation

I: a single strand of complementary DNA (cDNA) made
from the original DNA

J: a single strand of the original DNA segment after a
point mutation

Ground Truth. I.

Base Model (LLaMA-3.1-8B-Instruct).

“To determine which molecule contains the fewest num-
ber of nucleotides, ... the fewest number of nucleotides
would be in a single strand of the original DNA segment
after a deletion mutation (G).”

HiMed-8B.
“Alright, let’s break this down briefly. ... A processed
mRNA has introns removed, so it is shorter than the orig-
inal gene region. cDNA is made by reverse-transcribing
that processed mRNA, ... the best general answer is still
the molecule derived from the already-spliced transcript.
. Answer: I a single strand of complementary DNA
(¢cDNA) made from the original DNA.”

H.2 Evaluating Open-ended Medical
Reasoning

Setup. We construct 500 open-ended questions
by rewriting MCQs from five benchmarks. For
bilingual benchmarks, we include balanced En-
glish and Hindi samples. We compare HiMed-8B
with LLaMA-3.1-8B-Instruct.

Protocol. Two Hindi-proficient medical experts
evaluate responses along four dimensions: accu-
racy, medical faithfulness (1-5 scale), reasoning
coherence (1-5 scale), and Hindi nativeness (1-5
scale). Annotators are compensated at 500 CNY
per hour, totaling 8,000 CNY. Inter-annotator
agreement is high (0.953, 0.922, 0.918, 0.977).

Results. HiMed-8B consistently outperforms
the base model across all dimensions, achieving
higher scores in accuracy (0.304 vs. 0.189),
medical faithfulness (3.966 vs. 3.020), reasoning
coherence (3.924 vs. 3.072), and Hindi native-
ness (3.842 vs. 2.956). These results indicate
improvements beyond MCQ-style answering.

H.3 Evaluating Hindi Medical Reasoning

Setup. We compare two RL variants initialized
from the same Stage-II checkpoint: (i) HiMed-8B
(with scaffolding reward) and (ii) RL w/o Scaffold-
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ing. All other training settings are identical. We
sample 200 prompts covering both Western and In-
dian medicine. Model outputs are anonymized.

Annotators. Two medically trained annotators
with native Hindi proficiency independently eval-
uate responses. Annotators are blinded to model
identity and compensated at 500 CNY per hour, to-
taling 4,000 CNY.

Evaluation protocol. Annotators perform blind
pairwise comparison using the question: which re-
sponse exhibits more native Hindi medical reason-
ing? Judgments focus on reasoning organization
rather than fluency, including: (i) Hindi-based rea-
soning structure, (ii) symptom-mechanism link-
age, (iii) avoidance of English-centric reasoning
patterns, (iv) coherence, and (v) faithfulness to the
prompt. Annotators do not judge factual correct-
ness or penalize principled code-mixing.

Results. Preferences are computed on non-tie
cases. HiMed-8B is preferred in 64.5% and
64.7% of cases by the two annotators. Using
agreement-based aggregation, HiMed-8B is pre-
ferred in 67.4% of non-tie cases, with a tie rate
of 32.5%. Inter-annotator agreement (x = 0.61)
indicates substantial agreement. A two-sided bino-
mial test confirms statistical significance. These
results demonstrate that language scaffolding im-
proves native Hindi medical reasoning.

I Failure Analysis on HiMed-Trad Bench

To better understand the residual gap on Indian sys-
tems of medicine, we conduct a structured failure
analysis on the full HiMed-Trad Bench. We first
define a six-category failure-mode taxonomy that
covers the typical error pathways for Hindi medical
reasoning, summarized in Table 15. We then run
HiMed-8B on all 6,010 questions of the HiMed-
Trad Bench and ask GPT-5 to classify each of the
1,442 failures into F1-F6, with the option to intro-
duce a new category if none fit.

Mode Description
F1 Truncated reasoning
F2 Wrong terminology mapping
F3 Logical reasoning error
F4 Missing knowledge
F5 Language-mixing failure
F6 Cultural-context misalignment

Table 15: Failure-mode taxonomy.

Failure-mode distribution. Table 16 reports the
distribution across all 1,442 failures. F4 dominates
at 79.6%, while F5 is observed exactly zero times.

Mode Count  Share
F4 Missing knowledge 1,148 79.6%
F3 Logical reasoning error 130 9.0%
F2 Wrong terminology mapping 102 7.1%
F6 Cultural-context misalignment 32 2.2%
F1 Truncated reasoning 25 1.7%
Answer-format mismatch* 5 0.3%
F5 Language-mixing failure 0 0.0%

Table 16: Failure-mode distribution on HiMed-Trad
Bench. *Newly introduced during classification.

Per-system failure rate. Table 17 reports fail-
ure rates by AYUSH system, with Yoga and Unani
showing the highest rates.

System Failures / Total  Rate
Yoga 387 /1000 38.7%
Unani 286/ 1000 28.6%
Ayurveda 223 /1000 22.3%
Siddha 199 /1000 19.9%
Naturopathy 180 /1000 18.0%
Homoeopathy 167 /1000 16.7%
Sowa-Rigpa 0/10 0.0%

Table 17: Per-system failure rate.

Findings. Three observations follow. First, the
residual gap is overwhelmingly a knowledge or
reasoning issue rather than a language-form issue:
F4 and F3 jointly account for 88.6% of failures,
while F5 is observed zero times. This directly sup-
ports the claim that the scaffolding-with-annealing
reward has effectively eliminated surface-level
Hindi-form failures, and what remains is medi-
cal knowledge coverage. Second, failures concen-
trate in Yoga and Unani, where authoritative train-
ing corpora are sparser and more philosophically
heterogeneous than the corresponding bench ques-
tions. Third, F2 and F6 are small but non-trivial
residual modes, both natural targets for cross-
paradigm reasoning supervision in future work.

J Prompts and Questionnaire

Prompt: LL.M-as-a-Judge Merging

You are a classification tool. Analyze the following text
and output exactly 4 lines:

is_hindi: True/False
is_medical: True/False
has_ambiguity: True/False
is_title_or_heading: True/False

Definitions:
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¢ is_hindi: True if text is primarily Hindi in Devana-
gari.

* is_medical: True if it contains medical knowledge
(Western/Indian).

* has_ambiguity: True only if the text contains a
strong, clearly identifiable, critical referential am-
biguity that satisfies all conditions below.

Conditions for has_ambiguity=True:

1. The ambiguity concerns a key subject/objec-
t/symptom/treatment/causal relation and blocks
correct medical interpretation.

2. The ambiguous element cannot be resolved from
the text itself, even with generous natural-language
inference.

3. The ambiguity spans the entire text (the text never
provides enough information to clarify the refer-
ent).

4. It is not a normal omission/abbreviation/vague-
ness/stylistic shortening/common medical phras-

ing.

5. Itis not a minor unclear phrase that does not affect
the main meaning.

If the text is understandable overall (even with minor un-
clear parts), then has_ambiguity must be False.

Rules:
¢ Output only the 4 lines above.
* No explanations.
* Use Python-style booleans: True/False.

Text:
{text}

Prompt: LLLM Calibration

{text}
Page image:

{image}

Prompt: LLM-as-a-Judge Scoring

You are an OCR post-correction assistant.

You are given OCR text that may span one or more
scanned pages. You are also given all corresponding
page images.

Picture:

* The corresponding page images are attached as im-
age files.

Rules:

¢ Only correct characters, punctuation, spacing, and
diacritics.

* Do not add new content or delete meaningful con-
tent.

¢ Do not translate.

¢ Output only the corrected text.

OCR text:

You are an OCR text quality evaluator.

Your main goal is to determine whether the text contains
serious, meaning-breaking OCR corruption. Default to
NO_PROBLEM unless there is clear evidence of major
corruption.

Classification rules:

1. NO_PROBLEM:

e The text is readable, understandable, and
mostly coherent.

* Minor typos, spacing issues, missing matras,
imperfect Hindi, or small artifacts are not
major OCR problems.

¢ If a normal Hindi reader can infer the mean-
ing easily, choose NO_PROBLEM.

2. POSSIBLE_ISSUE:

* One or two suspicious fragments may be
OCR errors, but overall meaning is still un-
derstandable.

3. DEFINITE_ISSUE:

* The text is seriously corrupted (broken
words, incomplete fragments, nonsense se-
quences) and the meaning cannot be recov-
ered.

Output format:

e Line 1: exactly one of NO_PROBLEM / POSSI-
BLE_ISSUE / DEFINITE_ISSUE

* Line 2: a short English explanation

Do not output Markdown, JSON, or extra text.

Text to evaluate:
{text}

Prompt: Forming Instruction
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You are a professional medical Al data scientist, profi-
cient in multilingual processing. Your task is to analyze
medical records and accurately extract the core medical
consultation intent. You need to generate standardized
outputs in three formats based on the complexity of each
case and perform semantic deduplication on instructions
sharing the same core intent.

Processing Steps and Requirements

1. Information Analysis and Intent Extraction

* Carefully read all information points pro-
vided by the user, such as symptoms, history,
test indicators, doctor’s advice, demograph-
ics, and location.

* Identify and distill the user’s core medical
consultation intent.




2. Standardized Output Generation

* Based on question complexity, generate
Instruction in one of the following formats:

— A. Conversation Summary Format

(multiple user utterances):
Use a narrative summary: “In the con-
versation, the user provided [Informa-
tion 1], [Information 2], ..., ultimately
asking [Core Question].”

— B. QA Standard Format (one user
question):

Use a direct professional question with
placeholders (e.g., [symptom], [dis-
ease], [procedure]).

— C.MCQ Format (requires choice):
Ask in second person and list options
(A/B/C]/...), using placeholders (e.g.,
[option]).

3. Intent Classification

e Assign one primary label:
Treatment, Etiology,
Medical Knowledge.

Diagnosis,
Prognosis, or

4. Semantic Deduplication

¢ Identify instructions with identical core in-
tent and retain only the clearest, most stan-
dard one for each group.

5. Output Format

¢ Return a Markdown table with columns:
Instruction, Category, Form.

Final Output: Return the Markdown table only.

Prompt:
Generation

Template-Guided Instruction

Role

You are an expert question writer for traditional
medicine.

Your task is to generate high-quality instruction-style
data (QA, MCQ), or Dialogue) grounded in traditional
medicine texts, using predefined templates and optional
few-shot exemplars. Ignore all the possible names or
personal identifiers.

Input
For each generation instance, you are given:

* text: source paragraph

* subject: medical subject

* type: one of ["TMCQ”,”QA”,”Dialogue”|
* template: a compatible instruction template

¢ few-shot: optional few-shot exemplars

Templates are NOT selected by another model. Instead,
for each (subject, type) pair, a compatible template is
randomly sampled to reduce selection bias and increase
diversity.

Overall Generation Procedure
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1. Select the given template and follow its structure
strictly.

2. Generate three difficulty levels: EASY,
MEDIUM, and HARD.

3. Ensure all outputs are self-contained, grounded in
the source text, and consistent with traditional
medicine.

4. Produce structured outputs that satisfy the
required schema.

Malformed generations (e.g., missing MCQ options,
schema violations, or empty rationales when required)
will be automatically rejected.

Few-Shot Style References

The following few-shot blocks are provided as style
references only (do NOT copy sentences verbatim):

« MCQ_FEW_SHOT {...}
- QA_FEW_SHOT {...}

« DIALOGUE_FEW_SHOT {...}

Difficulty Specification

For each instruction type, you MUST generate all three
difficulty levels in the following fixed order: EASY,
MEDIUM, HARD.

* EASY: single fact, no scenario, no reasoning
required.

* MEDIUM: two-step reasoning, combining about
two points; brief scenario optional.

* HARD: three to five-step reasoning; a realistic
scenario is REQUIRED and must be grounded in
traditional medicine.

Type-Specific Instructions
(A)MCQ

Generate THREE multiple-choice questions
(EASY, MEDIUM, HARD).

» Each question MUST have exactly five options:
A,B.,C,D,E.

* There must be ONE correct option.

¢ Provide:

— the correct option letter
— aclear reasoning

* MCQ is NOT a dialogue:

— Do NOT use ”"User:” or ”Assistant:”
— Do NOT create multi-turn conversations

» Each item must be a single, self-contained
question.

* Avoid any mention of text, paragraph, or
source.




(B) QA

* Generate THREE short-answer questions
(EASY, MEDIUM, HARD).

¢ Each item MUST consist of:

— one direct question
— one concise correct answer
— reasoning

* QA is NOT a dialogue:

— NO ”User:” or ”Assistant:” labels
— NO multi-turn format

* Avoid any mention of text, paragraph, or
source.

(C) Dialogue

* Generate THREE multi-turn dialogues (EASY,
MEDIUM, HARD).

» Each dialogue MUST:

— include two or more turns

— contain explicit User: and Assistant:
labels

— end with a question from the User

¢ Provide:

— the dialogue (up to the final user question)
— the correct answer
— reasoning

* The scenario must clearly belong to traditional
medicine.

Output Format

Return ONLY the following structure (no explanations,
no markdown):

<EASY><qg>...</g><a>...</a><cot>...</cot>
<MEDIUM> ...
<HARD> ...

¢ MCQ: <g> must include options A. B. C. D.
E.

* QA: must be a single direct question (no
dialogue)

* Dialogue: must include multi-turn
User:/Assistant: format

If the task is absolutely impossible, return: <FAIL>.

Prompt: Data Quality Rater

You are an expert data quality rater for a medical
Q-A-CoT dataset in traditional medicine.

You will be given one JSON object with fields:
* text: source paragraph (in Hindi)

¢ subject: one of

[’diagnosis”,”
” N

knowledge”,

etiology”,”medical

prognosis”,”treatment”|

* type: one of ["MCQ”,”QA”,”Dialogue”]
* question: generated question

* answer: generated answer

* cot: chain-of-thought reasoning

You must evaluate the question/answer/cot on four
dimensions, each scored from 0.00 to 1.00:

1. grounded_in_context:

* Score 1.00 if all information in
question/answer/cot is directly derivable from the
source text

* Score lower if there is any hallucinated
information or external knowledge not present in
the text

* Score 0.00 if the content is completely unrelated
to the source text

2. medical_correctness:

¢ Score 1.00 if the medical information is correct
according to the source text

¢ Score lower if there are minor inaccuracies or
misinterpretations

¢ Score 0.00 if the medical information is incorrect
or contradicts the source text

3. reasoning_clarity:

* Score 1.00 if the reasoning steps are logical, clear,
and well-structured

* Score lower if reasoning is somewhat unclear or
has minor logical gaps

* Score 0.00 if reasoning is illogical, confusing, or
missing

4. language_quality:

* Score 1.00 if the Hindi language is fluent, natural,
and grammatically correct

* Score lower if there are minor grammatical errors
or awkward phrasing

* Score 0.00 if the language is severely broken or
incomprehensible

Return ONLY a JSON object with 4 float scores in
[0.00, 1.00]:

{
”grounded__in__context”: 0.00,
”medical__correctness”: 0.00,
“reasoning_ clarity”: 0.00,
”language_quality”: 0.00

}

Do NOT add any explanations or extra keys. Return
only the JSON object.
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Questionnaire

We are a research team developing Al to better answer
health-related questions. Please share a few questions
you might ask a doctor or an Al assistant.

E Ud WIS &1 & ST SqTe 96T AT & a8av
AT I & (AT Al (& e gafaan) fasfaa &0 =
¥ AT AT UH I AT & AT AT UF Sae? ar
AL T8I § 75 d&d & |

1. Imagine you wake up feeling unwell. You have
sudden blurred vision in your left eye. You decide
to message a doctor or areliable Al health assistant
for advice.

How would you describe your symptoms to a doc-
tor or Al to get help with diagnosis?

FIAT R 2T THT HEGT A 5T IS
| T T AT H TS AT TS I
T & | AT qATE & (AT STFe? IT U fqvaa-
T Al 1T T8 S J8S 0T T BT
FAEN

fre & "qeg O & AT =T steew ar Al &
ST LTI e FATUIT 2

2. After your recent physical examination at your
company/school, you received your report, which
showed that several indicators (e.g., white blood
cells, blood pressure) were beyond the normal
range. You are worried. If you want to ask the
doctor/Al why your results are abnormal and what
might be causing these changes, what would you
say?

AT I /eT 7 BT &1 H §8 SATE ST &
T TaT AT Rare faetr, e w8 s =
T AT (S I8 & RITARTT &l ST 3T
TEFAETT) AT ST & a7 970 70 | 377 &
foer & 1 afe T steer 3T ALE o8 TAT I8
F fo o ST & IR0 ST =1 E ST
W%wwg‘mﬁ%ﬁww
5

3. If you unfortunately contract chikungunya, a
mosquito-borne viral disease, which causes per-
sistent fever, and you are very worried that you
may not live long or have serious long-term effects,
what would you ask the doctor?

i 3T AT & FRIFET g9 (UF 79T aT-
IO FT I H A1 T &, e aan gEw
AT &, AV AT TG (HTT & (o Fal ST 7T
FH T /T ST AT I S al{eeh AT T &, ar
T ST F FT THI 7

K Use of AI Assistance

Al assistants were used in a limited capacity during
the preparation of this manuscript. Specifically,
large language models were employed to support
improvements in clarity and readability of portions
of the English text. Research models (GPT-4o,
GPT-5, and LLaMA-3.1-8B-Instruct) were used

for data construction, labeling, challenge-set gen-
eration, and error classification. All substantive as-
pects of the work, including research conception,
methodological design, experimental setup, imple-
mentation, evaluation, and interpretation of results,
were carried out by the authors.

L Latin-Script Transliterations of the
Case Studies

This section provides Latin-script transliterations
of the Hindi passages in the two case studies.

L.1 Case I: Translation Hallucination

Hindi translation. T& 15 a¥id TR &0-
AT GRTHIS AT 7&Y fS9ar BMI 22 &,
I ATAT 39 396 T Aedr § TRa-
= & W 7 a1 &=aq w0 & (A I9& F
Ffecas & T ATar & |

Latin-script transliteration. Ek 15-varsiya
afrikan dripanosoma sankramanaj rog purus
jiska BMI 22 hai, uski mata use uske pathya-
sambandh1 adatom mem parivartan ke bare mem
cinta vyakt karne ke liye uske kaya cikitsak ke pas
latt haim.

L.2 Case II: Reasoning Styles

Question in Hindi. Qﬁ'@l’lﬁ'ﬁ'aﬁw,ﬂé?ﬁ'
HHST AW HI & ST I 4T 7 | T T6T-
faa femr T ?

Latin-script transliteration. Ek rogi mem tez
bukhar, gardan mem akaran aur prakas se dar paya
gaya hai. Sabse sambhavit nidan kya hai?

Answer options.

(A) Hﬁ?l’QTE?ER' (mastisk tyumar; Brain tumor)
(B) afa=rsfes (meninjaitis; Meningitis)

(C) Tt (mirgt; Epilepsy)

(D) H QII\?H (maigren; Migraine)

Hindi reasoning. é@rg@m AT T H RS
qIETSHTaI AT GoTT & Ghd < &, AR -
FIE T ST EH GO & ®EOT AT Ia-9-
FAT TG | BIAT & | ST AU & HATST (qheT
(B) Af=amTsfeq & A @TAT & |

Latin-script transliteration. Tez bukhar aur
gardan mem akaran mastiskavaran ki siijan ka
sanket dete haim, jabki prakas se dar is siijjan ke
karan tantrikiya samvedanasilata barhne se hota
hai. In laksanom ka samyojan vikalp (B) menin-
jaitis se mel khata hai.
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