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Abstract

Deploying Large Language Models (LLMs) in
healthcare requires robust performance across
two complementary dimensions - diagnostic
reasoning: the convergent, evidence-driven
task of inferring a patient’s condition from
clinical data to produce a diagnosis, and
clinical healthcare reasoning: the broader,
navigational judgment required to communi-
cate, plan, and adapt across multi-turn clin-
ical interactions where a single correct an-
swer may not exist. Recent benchmarks such
as HealthBench and MedXpertQA reveal per-
sistent weaknesses in both areas, exposing
failures in complex diagnostic scenarios and
limitations in contextual, patient-centered di-
alogue. We introduce a sequential training
framework that targets these facets using syn-
thetic data and rubric-based reinforcement
learning. First, we improve diagnostic reason-
ing using MedBullets-derived questions with
rule- and rubric-guided Reinforcement Learn-
ing (RL). We then shift to clinical reasoning
by generating 5.3k synthetic multi-turn scenar-
ios, each paired with multi-dimensional rubrics
to comprehensively assess the response. This
approach yields over 10% improvement on
MedXpertQA, and our 30B model achieves
50.1% accuracy on HealthBench-Hard, sur-
passing proprietary baselines including GPT-5
(thinking). Our results show that targeted syn-
thetic datasets and rubric-based training can
systematically improve both diagnostic and in-
teractive clinical reasoning in medical LLMs.

1 Introduction

The growing deployment of LLMs in healthcare
places stringent demands on their ability to rea-
son reliably in real-world clinical settings, beyond
performance on exam-style medical benchmarks.
While prior work (Internet, 2025), (Chen et al.,
2024b), (Liu et al., 2025)) has largely focused on re-
inforcement learning (RL) with verifiable rewards

* Equal contribution

for well-posed, single-answer examination ques-
tions, authentic clinical interactions involve multi-
ple, interdependent dimensions such as accuracy,
completeness, contextual awareness, and communi-
cation quality, rendering binary evaluation signals
insufficient (Shool et al., 2025). Recent challenging
benchmarks, including HealthBench-Hard (Arora
et al., 2025) and Healthbench-Professional (Hicks
et al., 2026), highlight substantial gaps in current
LLMs’ clinical reasoning abilities, underscoring
the need for training and evaluation paradigms that
better reflect the complexity of clinical decision-
making.

Recent works have explored rubric-based RL us-
ing subjective evaluation criteria. Baichuan-M2
(Team et al., 2025) constructs synthetic clinical
conversations from de-identified, publicly available
data and employs a clinical evaluator to generate
corresponding rubrics, which are then used to train
a Qwen3-32B model via RL. Their study primarily
targets diagnostic scenarios, with limited cover-
age of themes such as emergency referrals, global
health, etc and the resulting rubrics emphasize accu-
racy and communication quality while largely omit-
ting dimensions such as context-seeking, complete-
ness, and instruction following. II-Medical-8B (In-
ternet, 2025) applies RL to hard medical questions
but does not incorporate multi-dimensional rubrics
for evaluation. Currently, no existing dataset re-
flects the distribution of real-world, day-to-day
clinical conversations between users and language
models, apart from Healthbench. Very few studies
have systematically used multi-dimensional rubrics
to guide reinforcement learning for medical reason-
ing tasks, as most approaches train models to op-
timize only for the correctness of the final answer
rather than the quality of the underlying reasoning
process.

To address this challenge, we propose a
sequential-training framework for improving di-
agnostic reasoning and clinical healthcare rea-
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soning using synthetic data curation and multi-
dimensional rubric generation that provides dense
and informative training signals for RL in medical
settings.

We introduce a novel training approach for diag-
nostic reasoning. In this setting, we first employ a
simple rule-based reinforcement learning scheme
tailored to structured, single-answer medical ques-
tions. We curate a training corpus by extracting
high-quality questions from Medbullets (MedBul-
lets, 2025), an online medical learning platform.
Subsequently, we perform a second stage of on-
line RL using error-rubrics to further refine the
reasoning quality. This two-stage training process
results in improved performance on across various
diagnostic reasoning benchmarks, suggesting that
RL can enhance clinical medical reasoning without
relying on supervised Chain-of-Thought data.

Next, we extend our diagnostically-enhanced
model to clinical healthcare reasoning. Unlike
contemporary works (Ye et al., 2025) that train
directly on HealthBench-Easy, we also leverage
MedRedQA (Nguyen et al.,, 2023), a dataset
grounded in real-world patient queries. We gen-
erate multi-turn synthetic conversations that sim-
ulate diverse user personas, which are iteratively
refined via an actor—critic feedback loop to ensure
completeness and consistency. Using a similar ac-
tor—critic process, we generate multi-dimensional
evaluation rubrics aligned with these conversa-
tions, resulting in a synthetic dataset of 5,351 data-
points. We also train Qwen3-4B, Qwen3-8B, and
Qwen3-30B-A3B models on this dataset, and refer
to the resulting fine-tuned models as the Fathom-
Vaidya (FV) family. Across all model scales, FV
achieves consistent improvements exceeding 20%
on HealthBench-Hard (Arora et al., 2025) and 12-
15% on Healthbench-Professional (Hicks et al.,
2026) (a different benchmark to assess how help-
ful are LLMs in assisting doctors in their day-to-
day tasks). FV-30B-A3B achieves a global best
of 50.1% on Healthbench-hard. On Healthbench-
professional, FV-30B-A3B approaches the physi-
cian baseline and surpasses Grok 4.2.

Our main contribution are as follows:

1. We present a novel actor-critic framework for
synthesizing realistic clinical healthcare con-
versations at scale. In a randomized clinical
verification study, 99.4% of the generated di-
alogues were judged to be medically valid,
demonstrating the reliability of our generation

pipeline.

2. We propose an ICL driven actor-critic
method for automatically producing multi-
dimensional evaluation rubrics for clinical
conversations, leading to the creation of
the Vaidya-Rubrics dataset. Training with
Vaidya-Rubrics enables rubric-guided RL that
improves medical reasoning quality across
model sizes.

3. We introduce a training pipeline for chal-
lenging diagnostic reasoning, leveraging high-
quality questions extracted from MedBullets.
The approach combines an initial stage of rule-
based RL with a subsequent rubric-based RL,
and yields an improvement of approximately
11% over Qwen3-8B without relying on su-
pervised Chain-of-Thought data.

2 Preliminaries

2.1 Healthbench

Healthbench (Arora et al., 2025) released by Ope-
nAl in May 2025, consists of 5,000 multi-turn con-
versations between a model and majorly individ-
ual users or healthcare staff in some cases. The
objective of this benchmark is to assess the final
response generated by the model concluding the
conversation. Each response is assessed (by an
llm-as-a-judge) according to rubrics designed by
medical experts, comprising subjective criteria and
associated scores deemed appropriate by those ex-
perts. The entire dataset is split into two-subsets:
healthbench-easy (4000 samples) and healthbench-
hard (1000 samples), the latter consisting of the
1000 samples on which various off-the-shelf LLMs
scored the least.

2.2 MedXpertQA

MedXpertQA (Zuo et al., 2025) is a recently re-
leased, challenging medical question answering
benchmark. In this work, we focus exclusively on
the MedXpertQA-Text subset, which contains hard,
exam-level multiple-choice questions curated from
authoritative medical examinations and specialty
board questions across a diverse range of clinical
domains. This subset contains 2,450 questions cov-
ering clinical subtasks like diagnosis, treatment
planning, and basic medical knowledge. The ques-
tions also cover 11 body systems including cardio-
vascular, respiratory, nervous, digestive, and en-
docrine systems. The questions test clinical reason-
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ing by requiring models to combine patient symp-
toms, clinical findings, and test results, rather than
relying on isolated medical facts.

2.3 Group Sequence Policy Optimisation
(GSPO)

Group Sequence Policy Optimization
(GSPO) (Zheng et al., 2025) optimizes poli-
cies using sequence-level rewards by comparing
multiple sampled trajectories within a group.
For a given context, we sample a group of K
sequences from a reference policy and compute a
normalized advantage for each sequence based on
its reward relative to the group. Policy updates are
performed at the sequence level using a clipped
importance-weighted objective, which encourages
higher probability for sequences with positive
relative advantage while limiting large deviations
from the reference policy. The GSPO loss is
defined in Equation 1:

L£(9) = Eg

1K
— Z min
K k=1 (
ro(rFN AR,

clip (T@(T(k)), 1—e€ 1+ 6) A(k)>

(1
Here, G denotes a group of K trajectories sam-
pled from the reference policy g, under the same
context. Each trajectory 7(F) corresponds to a com-
plete action sequence. The term A®) s the group-
normalized advantage of 7(%), computed from its
scalar sequence-level reward by subtracting the
group mean and dividing by the group standard
deviation. The importance ratio r(7(*)) measures
the relative likelihood of the sequence under the
current policy my compared to the reference policy,
and the clipping parameter € controls the maximum
allowed policy update. Expectations are taken over
groups sampled during training.

3 Vaidya-Rubrics Dataset

In order to construct a synthetic dataset contain-
ing multi-turn clinical conversations whose final
responses are non-verifiable, we develop an actor-
critic feedback loop to generate the theme-based
conversations (Section 3.1) and come up with their
corresponding rubrics (Section 3.2). We refer to the
actor LLM as M ;i and critic LLM as M . itic.

For our experiments, we use gpt-5-thinking as
M etor and Grok 3 as M ritic.

3.1 Theme-based Conversations

We adopt two different strategies to generate the
raw conversations depending on the themes:

1. For conversations belonging to the themes:
responding-under-uncertainty and context-
seeking, we source scenarios from the
MedRedQA dataset (Nguyen et al., 2023).
MedRedQA consists of medical queries
posted by users on the r/askdocs subreddit,
paired with responses that have undergone
clinical verification. Conditioned on the target
theme, M, analyzes the corresponding
MedRedQA case and determines the number
of dialogue turns as well as the intended struc-
ture of each turn. This specification is then
provided to M ,c+0r-, Which generates the ini-
tial version of the conversation.

2. For conversation themes such as global health,
health-data interpretation, emergency refer-
rals, and expertise-tailored communication,
we instruct Mo t0 generate raw conversa-
tions using In-Context Learning (ICL) exam-
ples drawn from HealthBench-Easy.

We simulate both single-turn and multi-turn in-
teractions between the model and the user. To
generate diverse and realistic patient queries, we
prompt M 0 to exhibit four distinct person-
ality profiles, defined by the axes of introver-
sion—extroversion and logical-emotional reasoning.
The raw conversations are analysed by M ¢.;4;. for
(a) completeness: ensuring all the messages are
complete and (b) consistency: ensuring the conver-
sation is consistent in accordance with the theme.
The actor-critic feedback loop is executed maxi-
mum 3 times until the conversation is deemed com-
plete and consistent by M ... All the prompts
are described in Appendix D.2.

We synthesize a total of 5351 datapoints wherein
the distribution across different themes is shown in
Figure 1.

3.2 Rubrics

We construct an actor-critic feedback loop to gen-
erate evaluation rubrics for the conversations de-
scribed in Section 3.1. Each rubric consists of a cri-
terion and a continuous score in [—10, +10], gen-
erated per theme—axis pair to ensure fine-grained,
conversation-specific evaluation.
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Figure 1: Distribution of cases across themes in Vaidya-Rubrics

A key challenge in synthetic rubric generation
is maintaining scoring consistency and clinical fi-
delity without human annotation at scale. Previ-
ous studies (Chen et al., 2021), (Cobbe et al.,
2021) have shown that using ICL examples as an-
chors can significantly improve the performance of
LLMs and their ability to generate coherent syn-
thetic data. To address this, we ground the rubric
generation process using a small set of examples
from HealthBench-Easy, as calibration anchors
that expose Mcor to the scoring norms and clin-
ical judgment standards validated by physicians.
The examples are picked to ensure thematic over-
lap so that the calibration signal is domain-relevant.

Crucially, M or is explicitly instructed to gen-
erate rubrics that are specific to the given conver-
sation and theme-axis pair, rather than to repro-
duce or paraphrase the retrieved examples. The re-
trieved rubrics serve solely to communicate the ex-
pected quality bar—analogous to how a few expert-
annotated examples in any annotation pipeline help
calibrate rater judgment without dictating rater out-
put. A maximum of 5 rubrics are permitted per
axis to prevent redundancy and encourage criterion
diversity. The generated rubrics are then evaluated
by the critic model, M ,;s;., which performs the
following checks:

1. Quality check: Each rubric criterion must
be complete, well-defined, and semantically
distinct from the others.

2. Score sanity check: The score assigned to
each rubric must be logically consistent with
the rubric criterion.

If either validation check fails, the critic provides
structured feedback, and the resulting output is re-
turned to M ;.40 for refinement. This actor—critic

loop is executed for at most three iterations, or un-
til both checks are satisfied, whichever occurs first.
Rubrics that pass both checks are accepted and in-
corporated into the final synthetic dataset. For each
conversation, rubrics across all evaluation axes are
aggregated to form a complete datapoint. Rubrics
for 288 datapoints (5.38%) were modified by the
critic in this process. The prompts are detailed in
Appendix D.3.

Rubrics may exhibit either positive or negative
polarity. Rubrics with negative polarity specify
criteria corresponding to behaviors that the model
should avoid. For instance, in the context of a heart
attack, a positively polarized rubric may state, “Ad-
vises the patient to call an ambulance immediately,”
whereas a negatively polarized rubric may specify,
“Fails to advise the patient to call an ambulance
immediately.” Rubrics with negative polarity are as-
signed negative scores. We posit that conversations
containing a higher proportion of negatively polar-
ized rubrics tend to receive lower overall scores; a
detailed analysis is provided in Appendix C. To fur-
ther increase the difficulty of the synthetic dataset,
we randomly invert the polarity of a positive rubric
with a probability of 10%. Upon inversion, the
rubric criterion is replaced by its negation, and its
score is negated relative to the original value.

The synthetic dataset was subjected to a ran-
domised clinical verification by a team of medical
professionals and the evaluation is described in
Appendix B.

4 Methodology

4.1 RL Training for Diagnostic Reasoning
4.1.1 Training Dataset

Diagnostic reasoning in medicine involves com-
plex, multi-step decision making grounded in do-
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main knowledge. Accordingly, we seek training
data that reflects this level of difficulty and un-
derlying reasoning structure. Previous work has
trained medical reasoning models using established
QA datasets, including exam-oriented benchmarks
such as MedQA and MedMCQA (Pal et al., 2022),
as well as biomedical QA datasets such as Pub-
MedQA (Jin et al., 2019). These datasets underpin
systems such as Huatuo-ol (Chen et al., 2024a),
MedReason (Wu et al., 2025a), and m1 (Huang
et al., 2025).

Prior work by (Chen et al.,, 2025) curated
USMLE Step 2/3—style questions from MedBul-
lets, a widely used USMLE preparation platform,
showing that such questions are inherently chal-
lenging and capture the depth of reasoning required
for diagnosis. Building on this line of work, we in-
corporate a substantially larger corpus of MedBul-
lets questions, which are openly available from the
MedBullets website. Using a web crawler, we col-
lect 7,801 text-based questions spanning USMLE
Step 1, USMLE Step 2, and Orthopedics question
sets. Each question includes five answer options
along with detailed explanations covering both cor-
rect and incorrect choices. The resulting dataset
spans a broad range of domains, with approxi-
mately 35% of questions covering foundational
basic sciences, 30% focusing on organ system—
based medicine, 20% on pathology and disease
mechanisms, and the remainder distributed across
reproductive medicine (7%), psychiatry and behav-
ioral science (5%), and general topics (3%). Its
recency further makes it more challenging than ear-
lier benchmarks such as MedQA (Jin et al., 2020).
We use this MedBullets dataset alongside MedQA,
MedMCQA to construct our overall training cor-
pus. Overall, this dataset provides broad coverage
and complexity aligned with the level of reasoning
required for diagnosis.

4.1.2 Rule-Based RL

We first train the model using rule-based RL, with-
out relying on supervised Chain-of-Thought data.
Qwen3-8B is used as the base model and is opti-
mized using the GSPO algorithm. Training is per-
formed exclusively on multiple-choice questions,
which provide a simple and reliable reward signal
through their structured answer format. During
training, a binary reward is assigned, with a reward
of 1 for a correct answer and O otherwise. This is
followed by a second stage of rubric-based training,
as described in Section 4.1.3.

Table 1: Dataset composition and filtered data allocation
for Qwen 3 8B

Total Rule-based  Rubric
Dataset Datapoints RL RL
MedQA 10,178 1,127 766
MedBullets 7,801 1,192 570
MedMCQA 7,000 528 332

Prior to RL, we apply a difficulty-based filter-
ing step using the base model. Each question is
evaluated eight times at a temperature of 1.0, and
questions that are either too easy or too difficult are
discarded. This filtering step ensures that retained
training examples provide informative learning sig-
nals. Let s; denote the average correctness score of
question ¢ across eight runs. Furthermore, we parti-
tion the retained data based on difficulty, datapoints
with §; € [0.1,0.4] are used for rubric-based RL,
while those with §; € (0.4,0.7] are used for rule-
based RL. The final training dataset composition is
shown in Table 1.

4.1.3 Online Rubric-Guided RL

Building on the model trained with rule-based RL
(Section 4.1.2), we further optimize it using rubric
signals derived from online RL. The resulting di-
agnostic model is denoted as FV-8B-Diag. To im-
prove medical reasoning, we employ an online RL
framework in which the GPT-5 (thinking mode)
model analyzes rollout trajectories to identify and
categorize errors. Specifically, three classes of er-
rors are considered: (i) knowledge errors (e.g., hal-
lucinations), (ii) faulty causal reasoning, and (iii)
context errors. Each identified error is assigned a
severity level: major errors receive a severity score
of 2, while minor errors receive a score of 1.

Based on the aggregated severity across a rollout,
we define the rubric-based reward as:
15 — > severity

15 '

We establish a normalization threshold of 15
based on empirical calibration: FV-8B, evalu-
ated on 50 random samples from MedXpertQA,
achieved a mean severity score of 11.4. This rubric
reward is combined with an accuracy-based reward
to form the final training signal:

2

Rrubric -

Rfinal = o - Rrgbric + (1 - Oé) : Raccuracy> (3)

where « € [0, 1] controls the trade-off between
reasoning quality and answer correctness. Based on
ablations (Section 6.2), we choose o« = 1. Clinical
verification of the error rubrics produced by GPT-5
(thinking) has been presented in Appendix B.
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Training Recipe

Qwen3-8B is trained using the verl framework in
bfloat16 precision, with a batch size of 32, and max
completion tokens of 10,000. We used a cosine
scheduler (5 warmup steps) with a peak learning
rate of 1e~0 utilising the Adam optimiser (3; =
0.9, B2 = 0.95).

4.2 Rubrics based RL Training for Clinical
Healthcare Reasoning

To improve clinical reasoning, we train on top of
FV-8B-Diag. In addition, to evaluate the scalability
of our approach across model sizes, we train two
separate models from the Qwen-3 series—Qwen3-
4B and Qwen3-30B-A3B (Yang et al., 2025). This
allows us to assess the effectiveness of our strat-
egy across both smaller and larger model con-
figurations. These models are trained using the
GSPO algorithm. For each rubric criterion (Sec-
tion 3.2) j € {1,2,...,M;}, a llm-as-a-judge
(gpt-4.1) grades whether the rubric criterion is met
or not, based on the conversation, the model re-
sponse, and the criterion. We compute the final
score by dividing the sum of points for criteria
met by the maximum possible points in that ex-
ample. For criterion j, take 1y, 3 to be an indi-
cator representing whether criterion j is met and
pij € [—10,10],p;; # 0 to be its assigned point
value. Then, the final score s; for that example is
described in Equation 4:

M;
Z Lri;} Pij
j=1

S; =

= 4)
Z maX(O, pl'j)
Jj=1

We adopt the conversation score as the reward
signal for training. Through empirical experiments,
we have observed that adding a system prompt
which guides the llm to answer based on the defini-
tion of rubric axes yields a 3-5% absolute improve-
ment (and often more) on healthbench-hard. Thus
we adopt the system-prompt while training and
the same is provided in Appendix D.1. To ensure
meaningful feedback for reinforcement learning,
we filter the training dataset at the beginning of
each epoch and retain only datapoints whose av-
erage score over eight generations lies within the
interval [0.15,0.7].

Training Recipe

We trained Qwen3-4B for 3 epochs, FV-8B-Diag
for 5 epochs and Qwen3-30B for 3 epochs, de-
pending on the saturation shown by the respective
LLMs. All the models were trained using the verl
framework. The LLMs were trained in bfloat16
data-format, with a train-batch size of 32, context
length of 20, 000 and max completion tokens of
16,000. We used a cosine scheduler (5 warmup
steps) with a peak learning rate of 1e~° utilising the
Adam optimiser (81 = 0.9, 83 = 0.95). Following
this training procedure, we refer to the resulting
models collectively as Fathom-Vaidya (FV) —
namely FV-4B, FV-8B, and FV-30B-A3B.

5 Results

5.1 Diagnostic Reasoning

Table 2: Accuracy (%) of LLMs on MedxpertQA.

Model MedX Score
Ultramedical-3.1-8B 17.2
Qwen3-8B 17.4
Huatuo-o01-8B 18.9
Qwen3-14B 22.7
Alphamed-8B 22.9
Qwen3-30B-A3B 23.3
II-Medical-8B 25.0
Medgemma-27B 25.3
Baichuan-M2-32B 27.8
FV-8B-Diag 27.9
FV-8B 28.3
Gpt-0ss-20B 28.9
Qwen3-Next-80B-A3B 32.5
Gpt-0ss-120B 36.8

Table 2 reports the performance of LLMs on
MedXpertQA. As shown, FV-8B outperforms other
evaluated models in the 10B parameter range,
achieving a score of 28.3. Notably, unlike prior
models that rely on SFT, our results are obtained us-
ing only RL, indicating that substantial gains can be
achieved by effectively leveraging the base model’s
existing knowledge. Compared to the Qwen3-8B
base model, FV-8B achieves an absolute improve-
ment of 10.9%.

Table 3 presents the evaluation on additional di-
agnostic reasoning benchmarks: (a) MedQA, con-
sisting of 1,273 questions from the test set (b) Med-
case Reasoning (Wu et al., 2025b) consisting of
897 questions from the test set (c) DiagnosisArena
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(Zhu et al., 2025) consisting of 915 questions. FV-
8B-Diag demonstrates strong gains over the base
model, with an improvement of 5.6% on MedQA
and a 3.2% increase on DiagArena, a challenging
benchmark designed to evaluate diagnostic reason-
ing. Further training towards clinical reasoning
objectives leads to additional improvements over
FV-8B-Diag, as shown by FV-8B, which achieves
consistent gains across all benchmarks. Notably, it
attains a 3% improvement on MedCase, a dataset
comprising case-study-based questions that require
deeper clinical reasoning.

Table 3: Accuracy (%) of LLMs across diagnostic rea-
soning benchmarks

Model MedQA MedCase DiagArena
Qwen3-8B 79.8 32.0 33.1

FV-8B-Diag 85.4 (+5.6%) 32.2(+0.2%) 36.3 (+3.2%)
FV-8B 86.2 (+6.4%) 35.0 (+3.0%) 37.5 (+4.4%)

5.2 Clinical Healthcare Reasoning

Table 4 summarizes the performance of a di-
verse set of open-source and closed-source mod-
els on the HealthBench-Hard subset under two
evaluation settings: with and without a system
prompt. HealthBench-Hard is specifically designed
to stress-test clinical reasoning, requiring models
to handle nuanced medical contexts, avoid hallu-
cinations, and maintain coherent causal reasoning
over long conversational trajectories.

Under this stringent evaluation, FV-30B-A3B
surpasses all other evaluated models by a clear mar-
gin, achieving 50.1% on HealthBench-Hard in the
system-prompt setting and establishing a new state
of the art under the prescribed protocol. Remark-
ably, even without a system prompt, FV-30B-A3B
matches the performance of gpt-5-thinking and ex-
ceeds significantly larger open models such as gpt-
oss-120B, as well as proprietary systems including
gpt-5.2-thinking and OpenAI’s 03. These results
underscore that the gains arise from improved rea-
soning capability rather than prompt engineering
or scale alone.

Importantly, the proposed training methodology
yields consistent improvements across the entire
FV model family. We observe absolute gains of
approximately 20-25% without a system prompt
and 25-27% with a system prompt on HealthBench-
Hard.

Table 5 presents the evaluation of the Fathom-
Vaidya models on three additional benchmarks: (a)
GPQA-Biology (Rein et al., 2023), for which we

Table 4: Accuracy(%) of LLMs on healthbench-hard.
Bold/Underline denote best/second-best per benchmark

LLM Score (w/o Score
sys_prompt) | (w sys_prompt)
Closed-Source Models
04-mini 17.6 23.2
03 31.6 35.1
gpt-5.2-thinking* 38.58 43.6
gpt-5-thinking* 39.95 43.79
gpt-5-mini-thinking 41.15 44.6
Open-Source Models
Qwen3-4B 6.3 8.56
Qwen3-8B 10.2 13.1
Medgemma-27B 11.8 15.5
[I-Medical-8B 13.2 17.95
Qwen3-14B 11.6 15.8
Gpt-o0ss-20B 13.5 18.77
Qwen3-32B 139 18.1
Qwen3-30B-A3B 18.7 23.42
Qwen3-Next-80B-A3B 26.2 30.49
Gpt-oss-120B 27.5 35.52
Baichuan-M2 34.7 37.92
Ours
FV-4B 31.44 353
FV-8B 30.3 41.15
FV-30B-A3B 37.75 50.1

* The model card for gpt-5-thinking and gpt-5.2-thinking
show 46.2 and 42.0 respectively but evaluation using
OpenAl’s API using the standard script yields 38.58 and
39.95 respectively.

select 71 questions categorized under the “Biol-
ogy” domain by the dataset; and (b) Healthbench-
Professional (Hb-Pro), comprising of 525 scenarios
similar to how doctors/medical experts commonly
use Al for their day-to-day tasks. All FV mod-
els show 12-16% improvement on Hb-pro high-
lighting significant out-of-distribution generaliza-
tion. FV-30B-A3B surpasses Grok-4.2 (36.1) and
approaches physician-baseline (43.7) on Hb-pro.
Further, we observe performance gains of 5% on
GPQA-Biology for FV-4B and FV-8B. This high-
lights the robustness of the approach and suggests
that optimizing for principled clinical reasoning
transfers effectively across diverse evaluation set-
tings.

Table 5: Accuracy (%) on GPQA-Bio and Hb-Pro.
Parentheses indicate absolute change over the baseline.

Model GPQA-Bio Hb-Pro
Qwen3-4B 56.14 15.9
FVAB | 6282 (+6.68) 28.6 (+127)
Qwen3-8B 61.53 17.4
_EV-8B | 64.10(+2.57) 294 (+12.2)
Qwen3-30B 69.20 23.2
FV-30B 70.52 (+1.32) 39.8 (+16.6)
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Figure 2: Rubrics generation scores of models
6 Discussion

6.1 Rubrics Generation Capability

We further evaluate the ability of LLMs to gen-
erate evaluation rubrics on the HealthBench-Hard
dataset. Each conversation is decomposed into
multiple evaluation datapoints, one per axis, such
that each datapoint contains only the rubrics cor-
responding to a single evaluation axis. Under
this construction, 1,000 conversations yield 3,455
axis-specific datapoints. For each datapoint, we
sample 3 HealthBench-Easy conversations from
the same thematic category as the corresponding
HealthBench-Hard conversation and provide their
rubrics as in-context learning examples. The model
is then prompted to generate a list of rubrics for the
target datapoint. Rubric quality is assessed using
an LL.M-as-a-judge (GPT-4.1-mini), which mea-
sures semantic similarity between the ground-truth
rubrics and those generated by the model. The
final score for each datapoint is computed as the
weighted average over all matched rubrics.

Figure 2 reports the relative rubric-generation
performance of Qwen and Fathom-Vaidya models.
Across all three model scales, Fathom-Vaidya con-
sistently outperforms its corresponding baseline
by 3-5%, indicating that training for HealthBench-
Hard completion also confers improved capability
in generating semantically accurate, axis-aligned
evaluation rubrics.

6.2 Ablation on Rubrics Weightage for
Diagnostic Reasoning Training

To determine the optimal value of the rubric
weightage o described in Section 4.1.3, we con-
ducted three separate training runs with @ €
{1.0,0.7,0.0}. The model obtained from rule-
based RL was used as the baseline and fine-tuned
for one epoch under each configuration. Based on
the observed results in Table 6, we selected o = 1.0

Table 6: Ablation study on rubric weightage

Model Configuration MedX score
FV-8B-Rul a=1.0 27.76
FV-8B-Ru0.7 a =0.7 27.31
FV-8B-Ru0 a=0 27.24

for subsequent training.

6.3 Training Dataset Ablation Study for
Clinical Healthcare Reasoning

We conduct an ablation study to assess the effective-
ness of Vaidya-Rubrics relative to training solely
on the HealthBench-Easy subset. All models fol-
low the training configuration described in Sec-
tion 4.2, with the exception that each model is
trained for five epochs. Figure 3 reports accuracy
on HealthBench-Hard under the system prompt
setting. Training on Vaidya-Rubrics yields im-
provements exceeding 10% for the Qwen3-8B and
Qwen3-30B-A3B models.

Ablation (Base)
W ours (FV)
W Gain

e
| I

4B Models 8B Models 30B-A3B Models

(%)

Figure 3: Ablation study comparing base models vs.
our FV variants across three scales.Percentages (green)
indicate absolute score gains.

7 Conclusion

Overall, our results demonstrate that carefully struc-
tured synthetic data & rubric-based reinforcement
learning can substantially improve both diagnos-
tic & clinical healthcare reasoning in LLMs. By
aligning training signals with the demands of more
realistic and challenging medical scenarios, our ap-
proach enables meaningful gains and provides a
step towards more reliable and adoptable medical
language models.

Limitations

While our approach demonstrates consistent im-
provements across multiple benchmarks and model
scales, several limitations remain. First, experi-
ments are restricted to the Qwen3 family of mod-
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els, with scales up to 30B parameters, limiting our
ability to draw conclusions about the behavior of
rubric-based RL at larger scales. Second, all exper-
iments are conducted within a single model fam-
ily, which shares common architectural choices,
tokenizer and pretraining data. As a result, the
generality of our approach across diverse LLM
architectures remains to be established. Finally,
our evaluation is limited to text-based medical rea-
soning. While benchmarks such as MedXpertQA
include multimodal variants, we do not evaluate
on settings involving medical imaging, reports, or
real world clinical data, which may be critical for
deployment in practical healthcare workflows.
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A Theme & Axes Analysis
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Figure 4: Analysis of Healthbench-hard scores across rubric axes for baseline and Fathom-Vaidya
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Figure 5: Analysis of HealthBench-hard scores across conversation themes for baseline and Fathom-Vaidya

Figure 4 compares the performance of the baseline and Fathom-Vaidya (FV) models across five
evaluation axes. Training results in substantial gains on the completeness and context awareness axes,
with absolute improvements of 25-30%. Model accuracy also improves by approximately 15%.

Figure 5 shows the performance of baseline and FV models across the seven different themes. While, all
the seven themes show an improvement, we observe more than 20% increase in the case of communication,
while Context-seeking, Emergency referrals, Global health and Responding under uncertaininty witness
30% enhancement in metrics.

B Clinical Evaluation of Vaidya-Rubrics and Error Rubrics used in Diagnostic Q/A

To ensure the quality of our curated synthetic dataset, we collaborated with a panel of 8 expert clinicians,
each having atleast 3 years of clinical practice. A random subset of 500 samples from the Vaidya-Rubrics
dataset was selected for review. Each sample was evaluated by three clinicians, and the final score for each
conversation and rubric was recorded only after consensus was reached among them. 497 conversations
out of 500 (99.4% ) were deemed valid, and 5441 out of 5570 individual rubrics (97.7% ) were marked as
relevant.

For the diagnostic Q/A evaluation, we randomly selected 50 questions along with their corresponding
answers generated by Qwen-3-8B. All identified error rubrics for these questions were subsequently
verified through clinical review following consensus among three doctors. A mean agreement of 92.2 %
was observed between human clinicians and GPT-5 (thinking), based on the adjudication of 257 error
rubrics.
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Conversation Evaluation Instructions (Clinical Healthcare Reasoning)

The conversation in conversation. txt should be evaluated to check if it is logically coherent and
talks about a single medical topic. For example, a conversation on headache suddenly steering into
back-pain without any reference is logically incoherent.

Score Instruction
0 If the conversation feels logically incoherent
1 If the conversation is logically coherent

Note: Please do not evaluate the conversation based on the Al responses whether it asked the right
diagnostic questions or not. This is more of a coherence test.

N /

Rubrics Evaluation Instructions (Clinical Healthcare Reasoning)

Each conversation in the file conversation.txt ends with USER. It is expected that the Al model
should frame a response based on that conversation to answer the last query. A sample response is
attached for your reference in the file sample_response. txt.

The rubrics are subjective criteria that the final response from the Al model should satisfy. Now
rubrics are of two types:

a. Polarity “included” means that criterion should be included in the response. Eg in case of heart
attack a rubric stating, “Should advise to call the ambulance immediately” with polarity “included”
means model must advise to call the ambulance.

b. Polarity “excluded” means that criterion should be excluded in the response. Eg in case of
heart attack a rubric stating, “Does not advise to call the ambulance immediately” with polarity
“excluded” means model failing to advise is wrong and should be penalised. This is a relevant
rubric and should be marked 1.

Each rubric should be carefully scored according to the following:

Score Instruction
0 If the rubric is not relevant to the final response and does not meaningfully
contribute to the evaluation.
1 If the rubric is relevant to the final response that the Al model should
produce.

Note: Please consider the polarity of the rubric carefully before marking.

N\

N

Error Rubrics Evaluation Instructions (Diagnostic Reasoning)

There are a total of 50 questions where each question has a dedicated folder. Each folder is named
as question-id like question-1, question-2 and so on uptil question-50. Each folder has 2 items:

1. analysis.txt: Containing the question, the candidate answer (generated by the LLM), ground
truth and the analysis by the Judge.

2. rubrics.csv: The doctors should annotate this file as described below
Each row in the evaluation sheet contains the following fields:
» quote — The exact quote from the candidate answer that the Judge identified as erroneous.
* explanation — The Judge’s explanation of why the quoted text is incorrect.
* severity — The severity of the error: 1 (minor) or 2 (major).

* explanation_agreement — To be filled by the annotator to indicate agreement with the
Judge’s explanation.
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* severity_agreement — To be filled by the annotator to indicate agreement with the Judge’s
severity rating.

Annotators should record their scores in the explanation_agreement and severity_agreement
columns according to Tables 7 and 8 respectively.

Evaluation Agreement

Score Instruction

0 You disagree with the error pointed out by the Judge.
1 You agree with the error pointed out by the Judge.

Table 7: Scoring rubric for evaluation agreement

Severity Agreement

Score Instruction

0 You disagree with the error pointed out by the Judge, or you disagree with the severity
assigned to the error.
1 You agree with both the error and the severity rating assigned by the Judge.

Table 8: Scoring rubric for severity agreement

o J
C Justification for Negative Polarity Rubrics

Fix a rubric j with positive value a > 0. For any conversation, let s;f denote the score obtained by
the model excluding rubric 7, and S]’»‘ denote the maximum attainable score excluding rubric j, where
0 <s; <57 and S; > 0. When rubric j has positive polarity, its maximum contribution is a and the

model receives g(ﬂ € {0, a}. When rubric j has negative polarity, its maximum contribution is 0 and the

model receives g](-_

) e {0, —a}. The normalized conversation score is defined as
*

S: 4+ gj

Score = 17,

S Ji + m;

where m; denotes the maximum contribution of rubric j.

Proposition 1. Replacing a positive rubric j with its negative-polarity contrapositive never increases the

normalized conversation score, and strictly decreases it unless 3; = S;‘.

Proof. We consider two cases.

Case (a): The model satisfies the positive criterion. In this case,

() (+)

g] = a, m] = a,
and the normalized score is
g sj +a
corey = .
S; +a

After flipping polarity, the model avoids the negative criterion, yielding

and the normalized score becomes

s*
Score_ = Sij*
J
We have
S; S;_Fa ko < * * o gk
§_ S*—|—a < Sja_CLSj < S]—S]
J J



Thus Score_ < Score., with strict inequality whenever s7 < 57.

Case (b): The model does not satisfy the positive criterion. In this case,

(+)
g] = Oa m] = a,
and the normalized score is
*
S %
corey = ———,
+ S;-k +a

After flipping polarity, the model violates the negative rubric and incurs a penalty:
o7 = —a w0,

resulting in the normalized score

si—a
Score_ = o
J
We compare the two scores:
* *
s*¥—a s
JS* < = J
j ] + a

5
— (55— a)(ST+a) < 535 )

= 57 < S; + a.
Since s7 < 57 and a > 0, the inequality always holds, implying Score_ < Score,..

Combining both cases, flipping a positive rubric to negative polarity never increases the normalized
score and strictly decreases it except in the degenerate case s; = .S7. U

D Prompts Store

D.1 System Prompt for Healthbench

You are a world-renowned medical expert assisting a patient with a medical issue in a conversational
setting.

COMMUNICATION

Use clear, structured, and concise language. Tailor the vocabulary, level of detail, and tone to
suit the user’s level of understanding and the medical context. Highlight important points for
emphasis when appropriate.

INSTRUCTION FOLLOWING
Follow any explicit or implicit instructions provided by the user, including specific requests on
how to format or frame your response.

ACCURACY

Ensure that your information is medically accurate, based on clinical consensus or evidence-based
guidelines. Acknowledge areas of medical uncertainty if relevant. Your recommendations should align
with the latest guidelines.

CONTEXT AWARENESS

Be mindful of the user’s role, background, and the context of the conversation. Adapt your response
accordingly, and ask clarifying questions if the information provided is insufficient to ensure
safe and helpful guidance. Explain medical terms when necessary or avoid them when possible.

COMPLETENESS

Fully address the patient’s question or concern. If multiple components or underlying issues are
possible, cover all relevant aspects. Clearly indicate symptoms that warrant urgent care, further
testing, referral to a specialist, or contacting emergency services, with examples when appropriate.
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D.2 Prompts used in the creation of synthetic conversations

D.2.1 Analysis Prompt for Critic

TASK DESCRIPTION.

You are given a medical case scenario reported by the user. Your task is to structurally format the
case into a multi-turn patient-doctor conversation by determining the ideal number of conversational
turns.

NUMBER OF TURNS.

Each set of patient-doctor interaction constitutes one turn. The following is an example of a
two-turn conversation:

"user”: Hi! I have fever from yesterday
"doctor”: Okay, any other symptoms?
"user”: No

"doctor"”: Seems like a viral infection.
INSTRUCTIONS.

1. Each turn must represent a meaningful and progressive medical interaction. Do not add a turn if
it is not required.

2. The total number of turns must be between 1 and 5.
3. If the user input is a simple direct query, respond with a single turn only.

4. If more than one turn is required, briefly describe what each turn should include.

CASE INPUT.
Analyze the case below:

{case}

OUTPUT FORMAT.
Strictly output a JSON object in the following format:
{

"num_turns”: <number of turns>,
"reasoning"”: <your reasoning>

}

D.2.2 Conversation Generation Prompt for Actor given case scenario

TASK DESCRIPTION

You are given a medical case by a user. Your task is to split the case into a structured conversation
consisting of patient-doctor interactions.

EXAMPLE (TWO-TURN CONVERSATION).

L

{"role": "user”, "content”: "Hi! I have fever from yesterday"},
{"role": "doctor”, "content”: "Okay, any other symptoms?"},
{"role": "user"”, "content”: "No, just fever"},

{"role": "doctor"”, "content”: "Seems like viral infection”}

]

INSTRUCTIONS

1. Follow the conversation analysis and split the case into conversations accordingly.
2. User responses should be naturalistic and consistent with the specified personality.
3. Keep the conversation precise and informal; unnecessary details may be omitted.

4. Strictly output a list of dictionaries, where each dictionary contains a "role” and "content”
field.

5. Strictly begin the conversation with the user reporting their complaint.

CASE INPUT
Case: {case}

Analysis: {conv_analysis}

Patient personality: {fetch_patient_personality()}
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D.2.3 Conversation Generation prompt for Actor given ICL examples

TASK DESCRIPTION.

Your task is to generate a single-turn conversation between a patient and a doctor on the topic
{theme[’tag’]}. {theme[’description’]}

IN-CONTEXT EXAMPLES.

{icl_string}

INSTRUCTIONS.

1. Generate a conversation between the user and the assistant that is closely related to the
specified topic.

2. Strictly output a list of dictionaries, where each dictionary contains the fields "role” and
"content”.

3. Strictly begin the conversation with the user reporting their question.

D.2.4 Consistency Verification Prompt For Critic

TASK DESCRIPTION

You are a medical expert classifying conversation transcripts between an end user or healthcare
worker and a chatbot medical assistant. Your goal is to determine whether the conversation transcript
is realistic and consistent.

EVALUATION CRITERIA

Realistic: The user queries could plausibly come from a real layperson or healthcare worker. The
tone, formality, style of speaking, content, and overall interaction are authentic.

Consistent: The details within the conversation do not conflict and are medically and logically
possible (e.g., an 80@-year-old woman reporting menstrual cramps would be inconsistent).

GRADING GUIDANCE

Be strict when evaluating realism and consistency. If a conversation appears potentially unrealistic,
classify it as unrealistic. If it appears potentially inconsistent, classify it as inconsistent.
CONVERSATION TO CLASSIFY

{conv}

OUTPUT FORMAT
Select one of the following options and answer with a single letter only:

(A) Realistic and consistent

(B) Unrealistic but consistent
(C) Realistic but inconsistent
(D) Unrealistic and inconsistent
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D.2.5 Completeness Verification prompt for Critic

TASK DESCRIPTION

Grade whether the conversation below contains incomplete user or assistant messages. An incomplete
message is one in which the user or assistant indicates that some information has been provided,
but that information is not actually included in the message.

DEFINITION AND EXAMPLES

For example, a user message such as “process this note” is incomplete unless the note itself is
included. Similarly, a message like “User: The patient’s fragmented data:” is incomplete unless
the fragmented data is explicitly provided (e.g., age, vitals, symptoms, medical history).

Likewise, an assistant message such as “Here’s the SOAP note in the format you requested” is
incomplete unless it also contains the actual SOAP note. Messages containing placeholders (e.g.,
[place draft response herel]) should also be considered incomplete.

CONVERSATION TO CLASSIFY

{conv}

OUTPUT FORMAT
Choose one of the following options and answer with a single letter only:

(A) All messages are complete.
(B) Any messages are incomplete.
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D.3 Prompts used in the creation of rubrics

D.3.1 Rubrics Generator Prompt FOR Actor

TASK DESCRIPTION

Given a conversation between a user and the assistant, your task is to generate appropriate rubrics
to measure the final output produced by the assistant. This conversation belongs to the topic
{theme[’tag’]}. {theme[’description’]} You are required to generate rubrics for the evaluation axis
{axis[’tag’]}. {axis[’description’]}.

IN-CONTEXT EXAMPLES

The following example conversations and their corresponding rubrics are provided as references.

#Example Conversation 1
{example_1_prompt}

#Rubrics for Example Conversation 1
{example_1_rubrics}

#Example Conversation 2
{example_2_prompt}

#Rubrics for Example Conversation 2
{example_2_rubrics}

#Example Conversation 3
{example_3_prompt}

#Rubrics for Example Conversation 3

{example_3_rubrics}

INSTRUCTIONS

1. Use the provided examples as references when generating rubrics.

2. Each rubric must be unique and express a single specific idea; do not combine multiple ideas
into a single rubric.

3. Ensure that all rubrics are directly related to the specified evaluation axis.
4. Generate at most {num_rubrics} distinct rubrics and no more.

5. Output only the rubrics as a list, following the format shown in the examples.
6.

Do not include any links in your output.

CONVERSATION TO EVALUATE

{convo}

OUTPUT REQUIREMENT

Output the rubrics only. Do not include examples or additional explanations.
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D.3.2 Score sanity check prompt for Critic

TASK DESCRIPTION

You are a medical expert evaluating rubrics generated by an expert for a conversation. Your goal
is to determine whether the assigned rubric scores are appropriate.

RUBRIC DEFINITIONS

Rubric: Each rubric consists of a criterion and an associated score. You must verify that each
score is appropriate and lies within the range from —10 to +10.

Positive Rubric: A rubric that reflects a desired behavior and must have a positive score (e.g.,
{"criterion”: "The response should contain the limit of sweet consumption”, "Score”: 5}).

Negative Rubric: A rubric that reflects an undesired behavior and must have a negative score (e.g.,
{"criterion”: "The response does not contain the limit of sweet consumption”, "Score"”: -5}).

Weightage: Rubrics that are more important should have higher absolute scores, whether positive or
negative.
CONVERSATION

{convo}

RUBRICS TO EVALUATE.

{syn_rubrics}

OUTPUT FORMAT
Select one of the following options:

(A) Appropriate
(B) Not appropriate. If any rubric score is inappropriate, briefly state the reason.

D.3.3 Quality check prompt for Critic

TASK DESCRIPTION

You are a medical expert assessing rubrics generated by an expert. Your goal is to determine whether
the rubrics are complete and unique.

RUBRIC DEFINITION

Each rubric consists of a criterion and an associated score. You must verify that every rubric
criterion is complete and that all rubrics are unique.

JUDGING CRITERIA

- Complete: Each rubric must form a meaningful and complete statement. Any incomplete or vague
rubric should be flagged as incomplete (e.g., “The response should contain” is incomplete).

- Unique: Each rubric must be distinct. Rubrics that are repeated or semantically similar should
be flagged as not unique.
RUBRICS TO EVALUATE

{syn_rubrics}

EVALUATION GUIDANCE

Be strict when evaluating both completeness and uniqueness.

OUTPUT FORMAT
Select one of the following options:

(A) Complete and unique

(B) Incomplete but unique

(C) Complete but not unique
(D) Incomplete and not unique

If you choose (B), (C), or (D), provide a brief justification.
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