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Abstract

Acute care clinicians generate critical clini-
cal text—diagnoses, treatment plans, discharge
instructions—under time pressure where er-
rors can be life-threatening. Large propri-
etary AI models raise privacy concerns, while
smaller models lack clinical quality. We ex-
tend reinforcement learning with verifiable re-
wards (RLVR) to open-ended clinical text gen-
eration using two generalizable reward pat-
terns: equivalence-based rewards for medi-
cal synonymy and diagnosis matching, as well
as rubric-based rewards for multi-dimensional
quality assessment. Using group relative pol-
icy optimization, we trained compact 7–8 bil-
lion parameter models on diagnosis genera-
tion (MIMIC-III), discharge instructions (Dis-
chargeMe), and treatment planning (MTSam-
ples). Trained models achieve clinical quality
across tasks (best results: F1 0.48, 4.28/5.0,
4.47/5.0 respectively), matching or surpass-
ing the performance of large proprietary GPT-
based models, while enabling on-premise de-
ployment, sub-second inference, and full pri-
vacy. Physician review confirmed superior con-
tent comprehensiveness and fewer dangerous er-
rors versus base models. This demonstrates
a practical pathway for deploying clinical text
generation in acute care with generalizable re-
ward design patterns.

Data and Code Availability All datasets are
publicly available: MIMIC-III (Johnson et al., 2016)
and DischargeMe (Xu et al., 2024) via PhysioNet
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Figure 1: Performance comparison across three
medical text datasets. MIMIC-III uses
F1 score for information extraction (left
y-axis); DischargeMe and MTSamples use
rating scores for text generation quality
(right y-axis). GRPO training consistently
improves over base models, approaching or
exceeding GPT performance.

(CITI credentialing required); MTSamples at https:
//mtsamples.com. Code: https://github.com/

rajpurkarlab/Clinical-RLVR.

Institutional Review Board (IRB) This re-
search uses only publicly available, de-identified
datasets (MIMIC-III, DischargeMe, and MTSamples)
and does not involve direct human subjects research.
Hence, IRB approval was not required for this study.

© 2026 M. Wang, L. Luo, S.E. Kim, F. Cao, D.A. Kim & P. Rajpurkar.
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Open-Ended Clinical Text Generation for Acute Care

1. Introduction

Emergency department (ED) and intensive care units
(ICU) require clinicians to rapidly synthesize com-
plex patient data into accurate diagnoses, action-
able treatment plans, and clear discharge instruc-
tions—cognitive tasks where errors can be imme-
diately life-threatening. Large proprietary models
(100B+ parameters) that power current state-of-the-
art systems require cloud infrastructure, impose per-
query costs prohibitive for high-volume clinical use,
and raise data privacy concerns (Tordjman et al.,
2025; Sandmann et al., 2025). These factors have
limited AI integration into clinical workflows despite
clear potential for benefit in high-acuity settings like
the ED and ICU.

Open-Ended Clinical Text Generation as a
Practical AI Task. Clinical reasoning outputs in
acute care are inherently open-ended: diagnosis lists
must capture the right conditions from infinite pos-
sibilities, treatment recommendations must be tai-
lored to individual patient circumstances, and dis-
charge instructions must communicate complex med-
ical information accessibly. While reinforcement
learning with verifiable rewards (RLVR) has driven
gains in domains with programmatically check-
able correctness—mathematics (Wang et al., 2025;
Zhang and Zuo, 2025), coding (Robeyns and Aitchi-
son, 2025), and classification (Lu et al., 2025; Dai
et al., 2025)—and in closed-ended medical tasks like
multiple-choice questions (Zhang et al., 2025a; Qiu
et al., 2025; Pan et al., 2025; Su et al., 2025; Zhang
et al., 2025b) or structured classification (Lin et al.,
2025; Kim et al., 2025; Liao et al., 2025; Jhaveri et al.,
2025), extending these methods to open-ended clini-
cal text has been limited. The core challenge is ver-
ification: free-text clinical outputs lack ground-truth
correctness signals, yet this free-text reasoning con-
stitutes the cognitive core of acute care practice.

Contribution: Applying RLVR to Open-
Ended Clinical Text Generation. We demon-
strate a practical application of reinforcement learn-
ing to open-ended clinical text generation in acute
care settings. Our contribution establishes that com-
pact models (7–8B parameters) trained with clini-
cally grounded rewards can generate diagnostic lists,
treatment plans, and discharge instructions that
meet clinical quality standards while enabling on-
premise deployment. Specifically, we address three
key challenges: (1) verification for open-ended out-

puts—how to provide training signals when clinical
text has no single correct answer; (2) practical deploy-
ment—achieving clinical quality with models 10×
smaller than proprietary alternatives; and (3) gen-
eralizability—reward design patterns that extend be-
yond specific tasks to the broader space of clinical
documentation.

We developed two reward approaches matched to
different output types: equivalence-based rewards for
diagnosis generation that evaluate whether predicted
and reference diagnoses represent the same clinical
concepts, accounting for synonyms (e.g., “heart at-
tack” vs. “myocardial infarction”), abbreviations
(e.g., “COPD” vs. “Chronic Obstructive Pulmonary
Disease”), and varying specificity (e.g., “pneumo-
nia” matching “bacterial pneumonia”); and rubric-
based rewards for discharge instruction generation
and treatment planning that score outputs on ac-
curacy, completeness, and clarity using criteria sim-
ilar to how attending physicians evaluate trainee
notes. Using Group Relative Policy Optimization
(GRPO)—an RL algorithm that learns by comparing
multiple candidate outputs for the same input—we
trained 7–8 billion parameter models on two acute
care tasks.

The resulting models achieve clinical quality stan-
dards while enabling practical deployment: best
model variants reach F1 of 0.48 on diagnosis genera-
tion, 4.28/5.0 on discharge instructions, and 4.47/5.0
on treatment plans, with sub-second inference on
standard GPU infrastructure. Trained models show
no statistically significant differences in performance
compared to state-of-the-art GPT models on two of
three tasks. Physician review confirmed more com-
prehensive clinical content and fewer dangerous er-
rors compared to base models. This work establishes
open-ended clinical text generation as a viable appli-
cation for compact models in time-critical acute care
settings.

2. Preliminaries: Group Relative
Policy Optimization

We briefly review Group Relative Policy Optimiza-
tion (GRPO) (Shao et al., 2024), the RL algorithm
we build on. GRPO is a standard post-training com-
ponent; our primary contribution is the clinically
grounded reward design that makes it applicable to
open-ended clinical documentation (Section 3.1).
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2.1. Notation and Problem Setup

Throughout, πθ denotes the LLM policy—where π
is the probability distribution over output sequences
and θ the trainable model weights—x the input clin-
ical record, y the generated output (diagnosis list or
clinical document), and r(x, y) the task-specific re-
ward function evaluating output quality. We cast
each clinical documentation task as conditional se-
quence generation. Given an input clinical context x
(e.g., compiled notes, labs, medications), the policy
model πθ—the LLM—produces an output sequence
y = (y1, . . . , yT ) (e.g., a diagnosis list or a treatment
plan) with probability

πθ(y | x) =
T∏

t=1

πθ(yt | x, y<t) . (1)

We optimize a Kullback-Leibler-regularized (KL-
regularized) expected reward objective to maximize
r(x, y) while limiting policy drift from a fixed refer-
ence model πref (the base model) via a coefficient β;
the full objective is given in Section 2.2.

2.2. GRPO Training

GRPO is a Proximal Policy Optimization (PPO)-
style (Schulman et al., 2017) method that avoids
training an explicit value function by estimating ad-
vantages via within-prompt group comparisons. For
each input x in a minibatch, we draw a group of G
candidate completions from the current (frozen) be-
havior policy πθold :

y(1), . . . , y(G) ∼ πθold(· | x), ri = r
(
x, y(i)

)
. (2)

We compute a group-relative advantage by normal-
izing rewards within the group. Here Âi is the ad-
vantage of completion i—how much better or worse
it is relative to the group—and µr and σr are the
group mean and standard deviation of rewards, re-
spectively:

Âi =
ri − µr

σr
, µr =

1

G

G∑
j=1

rj , (3)

σr =

√√√√ 1

G

G∑
j=1

(rj − µr)2. (4)

Because our verifiers provide outcome-level re-
wards, we apply the same advantage to all tokens
of a sampled completion:

Âi,t = Âi, ∀ t ∈ {1, . . . , Ti}. (5)

Clipped Policy Gradient Objective GRPO
performs a clipped policy-gradient update analogous

to PPO. For each sampled token y
(i)
t under the prefix

si,t = (x, y
(i)
<t), we form the per-token likelihood ratio

ρi,t(θ) =
πθ

(
y
(i)
t | si,t

)
πθold

(
y
(i)
t | si,t

) . (6)

The clipped surrogate objective is

Lclip(θ) =
1

G

G∑
i=1

1

Ti

Ti∑
t=1

min
(
ρi,t(θ) Âi,t,

clip(ρi,t(θ), 1− ϵ, 1 + ϵ) Âi,t

) (7)

where ϵ is the PPO clipping parameter.

KL Regularization To regularize against unde-
sired policy drift, we add a KL penalty to the ref-
erence model computed at the same token-level con-
ditioning states si,t:

LKL(θ) =
1

G

G∑
i=1

1

Ti

Ti∑
t=1

KL(πθ(· | si,t) ∥πref(· | si,t)) .

(8)
The final GRPO objective is

max
θ

Lclip(θ)− β LKL(θ), (9)

which we optimize using gradient-based updates. The
group-relative normalization makes each update de-
pend on the relative quality among sampled candi-
dates for the same clinical input, improving training
stability without requiring a separate critic or value
head like in Wu et al. (2025).

3. Methods

We present a methodology for applying reinforce-
ment learning to open-ended clinical text genera-
tion in acute care settings. The GRPO training for-
mulation is described in Section 2; this section fo-
cuses on the contribution: clinically grounded re-
ward design patterns (Section 3.1), model training
setup, and validation across three acute care docu-
mentation tasks (diagnosis generation, discharge in-
structions, treatment planning) using public datasets
with both automated metrics and physician review.
This methodology demonstrates how reinforcement
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learning can be extended from closed-ended medi-
cal question-answering tasks to the free-text gener-
ation central to clinical practice. Figure 2 illustrates
the complete pipeline from problem setup through
reward design to model training.

3.1. Reward Design

Diagnosis generation For disease diagnosis, the
model outputs a free-form list of conditions that is
compared with the ground-truth diagnosis set de-
rived from ICD codes. Because clinically equiva-
lent diagnoses may differ in wording, abbreviation,
or granularity, we used an LLM judge (GPT-4.1)1

to determine equivalence between predicted and ref-
erence diagnoses. The judge was instructed to ac-
count for medical synonyms, abbreviation expansion,
and reasonable variations in specificity (for exam-
ple, allowing a general diagnosis to match a more
specific subtype when clinically appropriate). Using
the judged matches, we computed set-overlap met-
rics (including Jaccard similarity and F1) and used
the overlap signal as the reward, which penalizes both
over-generation and omissions. To discourage reward
hacking, we included validation checks on the judged
matches; invalid match structures resulted in zero re-
ward for the example. The prompt for the LLM judge
can be found in Appendix C.

Discharge instruction and treatment plan gen-
eration For discharge instructions and treatment
plan generation, outputs are longer-form prose where
exact string matching is neither possible nor de-
sirable. We therefore defined rubric-based rewards
scored by GPT-4.1 on a five-point scale. Discharge
instructions were scored for completeness (coverage
of clinically important information), correctness (ab-
sence of clinically harmful or misleading content),
and readability (clarity relative to the reference).
Treatment plans were scored for accuracy (align-
ment with clinical guidelines), completeness (inclu-
sion of salient details), and clarity (ease of compre-
hension for clinicians). The scalar reward for RLVR
was the mean of the rubric dimension scores for
the given task. These dimensions follow the multi-
dimensional clinical evaluation framework of Med-
HELM (Bedi et al., 2025): diagnosis rewards are en-
tirely accuracy-based (semantic equivalence against
ICD ground truth), and two-thirds of the genera-
tive task reward dimensions directly penalize clin-

1. API version 2025-03-01-preview.

ically harmful content—inaccuracies, contraindica-
tions, and omissions—making the reward signal clini-
cally grounded rather than stylistic. The prompts for
the LLM judge can be found in Appendix C.

3.2. Model Architecture and Training

We trained compact instruction-tuned language mod-
els in the 7–8B parameter range using Group Rel-
ative Policy Optimization (GRPO) (Shao et al.,
2024). Backbone models included Qwen2.5-7B-
Instruct (Qwen Team et al., 2024), Qwen3-8B (Yang
et al., 2025), and Ministral-8B-Instruct (Jiang et al.,
2023)2. These architectures were selected for their
strong instruction-following capabilities and feasibil-
ity for on-premise deployment on standard GPU in-
frastructure (e.g., single A100 or H100 GPU).

To validate whether compact models can achieve
clinical quality standards for open-ended text gener-
ation, we compared three conditions under identical
prompts: (1) base backbone models before GRPO
training, (2) GRPO-post-trained models using our
clinically grounded rewards, and (3) substantially
larger proprietary models (GPT-4o, GPT-4.1, and
GPT-5, estimated at 100B+ parameters (Li, 2026))
representing current state-of-the-art systems.3 This
design isolates the effect of reward-based training
while contextualizing performance against systems
widely deployed in healthcare.

3.3. Training configuration

GRPO training used a learning rate of 1 × 10−6

with a constant schedule and a warmup ratio of 0.1.
We sampled 12 completions per prompt for group
comparisons, used an effective batch size of 64, and
trained for one epoch. Training used bfloat16 mixed
precision and gradient checkpointing. We set the KL
regularization coefficient to β = 0.04 (Shao et al.,
2024) and the PPO clipping parameter to ϵ = 0.2.
We set a maximum prompt length of 8192 tokens and
a maximum completion length of 2048 tokens to ac-
commodate long clinical contexts.

2. https://huggingface.co/mistralai/Ministral-8B-Instruct-
2410

3. All three proprietary models were accessed via API version
2025-03-01-preview.
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Figure 2: RLVR training pipeline with GRPO for free-form acute-care clinical text generation.
a. Problem Setup. Clinical context (ICU notes, laboratory results, and vital signs) is con-
structed from a large medical corpus and processed into ICU tasks, including disease diagnosis
and treatment plan generation. b. Post-training framework with GRPO. Training first sam-
ples a group of candidate free-text completions per prompt. A task-specific reward module scores
each completion, and rewards are normalized within the group to produce relative advantages.
GRPO then updates the policy using a clipped policy-gradient objective with KL regularization
to a fixed reference policy. c. Reward designs. Equivalence-based rewards are used for diagno-
sis generation, in which an LLM judge aligns predicted and reference diagnosis items and scores
set-level overlap (e.g., Jaccard or F1). Rubric-based rewards are used for longer-form outputs
(discharge instructions and treatment plans), in which an LLM judge assigns Likert-style ratings
across clinical quality dimensions (e.g., accuracy, completeness, and clarity) and aggregates them
into a scalar reward.

4. Results

4.1. Datasets

We applied our methodology to three open-ended
clinical text generation tasks spanning the acute care
workflow. All datasets are publicly available, sup-
porting reproducibility.

MIMIC-III (Johnson et al., 2016) is a de-
identified critical care database with ICU notes and
ICD-coded diagnoses available through PhysioNet;
we use it for the disease diagnosis task. We randomly
sampled 10,000 hospital admissions, split into 5,000
training and 5,000 test samples. For each admission,
we compiled clinical notes, laboratory events, micro-
biology events, and prescriptions into comprehensive
contexts. Ground truth diagnosis lists were derived
from ICD codes, mapped to standard terms.

DischargeMe (Xu et al., 2024) links compre-
hensive MIMIC-III clinical contexts with expert-
authored discharge instructions; we use it for the
discharge instruction generation task. We randomly
sampled 10,000 context–instruction pairs, split into
5,000 training and 5,000 test instances. To pre-
vent data leakage, discharge instructions and hospital
course sections were excluded from inputs.

MTSamples 4 is a publicly available collection of
medical transcription samples covering multiple spe-
cialties; we use it for the treatment plan generation
task. The processed dataset consists of 215 training
and 214 test samples, where inputs are compiled clin-
ical notes and outputs are treatment plans.

4. https://mtsamples.com
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4.2. Evaluation Protocol

Models were evaluated on the aforementioned held-
out test sets using the same LLM judge-based metrics
employed during training, ensuring consistency be-
tween training objectives and evaluation criteria. We
compared model performance using Wilcoxon signed-
rank two-sided tests on per-example scores. A signif-
icance level of p ≤ 0.05 was used. To address poten-
tial judge bias, we applied identical prompts across
all models and included the judge model (GPT-4.1)
as a generation baseline, enabling detection of self-
preference effects. To further assess whether im-
provements reflect genuine quality gains rather than
optimization toward GPT-4.1’s scoring style, we re-
peated the full evaluation using GPT-5 as an inde-
pendent judge; results and analysis are reported in
Appendix A. We also conducted a manual review of
30 randomly sampled test cases per task (90 pairs in
total), performed by a licensed physician with clinical
experience in acute care. The evaluation used a non-
blinded, side-by-side comparison format; the physi-
cian provided free-form clinical comments focusing
on completeness, accuracy, and identification of po-
tentially dangerous errors. This review was designed
as a qualitative clinical sanity check rather than a
formal inter-rater reliability study.

4.3. Quantitative Results

Figures 3 and 4 show performance for open-ended di-
agnosis generation, discharge instruction generation,
and treatment plan generation, respectively. Figure 3
uses bars with error bars showing 95% confidence in-
tervals; Figure 4 uses lollipop plots with points indi-
cating mean scores across evaluation dimensions.

Generating diagnosis lists from ICU data In
the ICU, critically ill patients often present with mul-
tiple concurrent conditions. Clinicians must synthe-
size diverse clinical data—notes, laboratory values,
microbiology results, medications—into comprehen-
sive problem lists, representing diagnostic reasoning
under uncertainty with incomplete and evolving data
where verification requires understanding clinical se-
mantics rather than exact string matching.

GRPO training with equivalence-based rewards
produced substantial improvements. Ministral-8B-
Instruct improved from 0.31 to 0.48 F1 (+0.17),
significantly outperforming GPT-4.1 (0.43), GPT-4o
(0.44), and GPT-5 (0.43). The improvement was
driven primarily by increased precision while main-

taining reasonable recall. Base models like Qwen3-
8B exhibited high recall but very low precision, indi-
cating over-generation of spurious diagnoses; GRPO
training corrected this imbalance. This precision gain
is clinically important—false-positive diagnoses could
trigger unnecessary interventions or delayed treat-
ment of actual conditions.

Generating patient-facing discharge instruc-
tions Safe transitions from hospital to home re-
quire translating complex medical information into
actionable patient guidance. Poor discharge com-
munication contributes to adverse events and pre-
ventable readmissions, making clarity, completeness,
and safety paramount for patient-facing communica-
tion.

GRPO training with rubric-based rewards substan-
tially improved discharge instruction quality across
all base models. Ministral-8B-Instruct improved from
3.46 to 4.28 average score (+0.82), approaching GPT-
4.1 (4.42) while exceeding GPT-4o (4.04) and GPT-
5 (2.99). The improvement was particularly strik-
ing given base model performance: base Ministral-
8B scored only 3.46, but GRPO training elevated
it to near-GPT-4.1 levels. The largest gains ap-
peared in completeness (2.77→3.83) and correctness
(3.65→4.35), with readability improving from 3.96 to
4.66—exceeding GPT-4.1’s readability score of 4.02.
This indicates that reward-guided training encour-
aged models to include critical safety information
while improving clarity and patient-centered commu-
nication.

Generating treatment plans for clinical
decision-making Therapeutic decision-making re-
quires synthesizing patient-specific factors—medical
history, current presentation, comorbidities, and
contraindications—into actionable interventions that
integrate evidence-based guidelines with individual
patient circumstances such as medication dosages,
monitoring parameters, and follow-up intervals.

GRPO training with rubric-based rewards yielded
consistent improvements across all base models.
Qwen3-8B improved from 4.37 to 4.47 average
score (+0.10), matching GPT-4.1 (4.47), GPT-5
(4.46), and GPT-4o (4.44). The largest relative
gains appeared in completeness (4.33→4.49), en-
couraging models to include clinically salient de-
tails that base models tend to omit. Accuracy
also improved (4.05→4.19), shaping outputs toward
guideline-concordant recommendations, while clarity
remained stable (4.74→4.75).
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Figure 3: Open-Ended Diagnosis Generation from ICU Records (MIMIC-III). Bar plot showing
performance on generating diagnosis lists from comprehensive ICU admission data. Bars indicate
mean scores for Jaccard similarity and F1 across GPT models, base open-weight models, and
GRPO-trained models; error bars show 95% confidence intervals (higher is better). Statistical
annotations compare models against the best GRPO-trained model; ** indicates statistically sig-
nificant difference (p<0.01), ns indicates no significant difference.

4.4. Qualitative Analysis

Automated metrics capture aggregate performance,
but clinical deployment requires that improvements
manifest in individual cases as better recommenda-
tions and fewer dangerous errors. We reviewed model
outputs to assess whether quantitative gains reflected
meaningful clinical differences. Representative cases
with base model and GRPO model outputs are pre-
sented in Appendix B.

More specific and comprehensive recommen-
dations GRPO models consistently offered more
specific details for treatment recommendations, in-
cluding additional therapies, doses, and side ef-
fects. In case 21, a patient with STEMI admit-
ted to the ICU, the GRPO model identified HFm-
rEF and correctly recommended GDMT (Heiden-
reich et al., 2022), including B-blocker initiation
within 24-48 hours and cardiac rehabilitation on dis-
charge—interventions with proven mortality bene-
fit (Rouleau et al., 2024). The base model failed
to identify these evidence-based treatment options or
provide timing guidance. In case 16 (acne vulgaris),

the GRPO model correctly identified prescription op-
tions including tetracyclines and isotretinoin, while
the base model suggested only over-the-counter ther-
apies. In case 17 (severe onychomycosis), only the
GRPO model identified nail debridement.

The models also diverged in medication manage-
ment: in cases 13 (psychiatric medication interac-
tion) and 6 (propranolol causing bradycardia), the
base model recommended stopping medications with-
out alternatives, while the GRPO model provided ap-
propriate substitutions (bupropion and gabapentin,
respectively). For discharge documentation, GRPO
models demonstrated superior organization: in case
74 (elderly patient with brain hemorrhage), the
GRPO model included Discharge Diagnosis and Dis-
charge Condition subsections before discharge in-
structions, correctly identifying primary and sec-
ondary diagnoses. The base model lacked these cru-
cial structural elements—a pattern observed across
cases 67, 80, 81, and 86.

More accurate diagnostic capture GRPO
training with equivalence-based rewards improved di-
agnostic accuracy. In case 22, GRPO decisively iden-
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Treatment Plan Generation for Clinical Decision-Making (MTSamples)
Base Model
GRPO Model (Ours)

GPT-4.1
GPT-4o

GPT-5
Ministral-8B-Instruct

Qwen2.5-7B-Instruct
Qwen3-8B

Figure 4: Open-Ended Clinical Text Generation. Top: Lollipop plot showing performance on dis-
charge instruction generation (DischargeMe). Bottom: Lollipop plot showing performance on
treatment plan generation (MTSamples). Points indicate mean scores across evaluation dimen-
sions for base open-weight models, and GRPO-trained models (higher is better). Dotted lines
show the performance of the GPT models. Statistical annotations compare models against the
best GRPO-trained model; ** indicates statistically significant difference (p<0.01), ns indicates
no significant difference.

tified acute diverticulitis as the working diagnosis,
whereas the base model struggled to identify any
leading diagnosis. Similarly, in case 31, the base
model did not identify the root problem underlying
the patient’s symptoms (ALL), whereas the GRPO
model was able to list this as the first problem in its

problem list. In case 33, a case of new onset gait ab-
normalities, the GRPO model demonstrated a closer
resemblance to the ground truth. The GRPO model
identified mood disorders and ataxic gait as symp-
toms/diagnoses, which were not present with the base
model’s conclusions. Case 43 demonstrates the com-
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prehensiveness of the GRPO model, with an accurate
list of 21 diagnoses as compared to 6 in the base model
for a critically ill ICU patient, including capturing
respiratory failure, bowel perforation, and coagulopa-
thy, all of which were omitted by the base model. The
visible improvements of the GRPO model also extend
to preparing discharge paperwork. For the discharge
instructions for a patient that had died in the hospital
after transitioning to comfort care (case 61), the base
model failed to identify the patient was deceased and
instead provided recommendations on discharge med-
ications on a patient that had died. In contrast, the
GRPO model successfully identified the patient was
deceased and tailored discharge instructions to focus
on supporting the family emotionally (“Your loved
one passed away while under our care. We deeply re-
gret this loss and extend our condolences to you and
your family”).

Fewer potentially catastrophic errors Most
critically, GRPO training reduced dangerous recom-
mendations. In case 22, the GRPO model, having
identified acute sigmoid diverticulitis as the leading
diagnosis, did not recommend colonoscopy, as this
has a higher risk of acute bowel perforation (Peery
et al., 2021) in the acute setting. In contrast the base
model did recommend colonoscopy without speci-
fying timing. This is a recommendation with po-
tentially fatal consequences if colonoscopy was done
acutely. Similarly, in case 12, in which a young
man had a substantial hand laceration requiring su-
turing, the models diverged in their recommenda-
tion as to the timeframe in which subsequent soak-
ing/swimming would be appropriate. The base model
recommended waiting 48-72 hours before soaking,
whereas the GRPO model recommended awaiting 7-
10 days. Expert opinion states that after 48 hours,
traumatic lacerations should not be soaked (Singer
et al., 1997), again demonstrating a factual error in
which the base model’s recommendations could have
catastrophic consequences (e.g. loss of hand function
in a young patient).

5. Discussion

Generalizable Reward Design for Clinical
Documentation The key contribution is demon-
strating that clinically grounded reward pat-
terns (equivalence-based for lists, rubric-based for
prose) generalize beyond the specific tasks studied.
Equivalence-based approaches extend to any list-

based clinical output (medication lists, procedure
lists, problem lists), while rubric-based approaches
adapt to any prose documentation task (progress
notes, procedure notes, clinical summaries). These
patterns provide a reusable framework for apply-
ing reinforcement learning to clinical documentation
where verification requires domain expertise rather
than exact correctness.

Notably, trained models matching or exceeding
the judge model (GPT-4.1) on two of three tasks
under identical scoring suggests genuine capability
gains rather than stylistic alignment to judge pref-
erences (Wataoka et al., 2025; Panickssery et al.,
2024)—the models learned better clinical content
generation, not judge mimicry. To verify this di-
rectly, we re-evaluated all models using GPT-5 as
an independent judge: GRPO improvements over
base models persist across all tasks and model fami-
lies, and Qwen2.5-7B GRPO surpasses GPT-5 itself
on DischargeMe even under GPT-5 evaluation (Ap-
pendix A).

Deployment Advantages for Resource-
Constrained Settings On-premise deployment
of compact models offers three key advantages over
proprietary cloud APIs. First, patient data never
leaves institutional servers, ensuring compliance with
HIPAA and institutional data governance policies
without requiring business associate agreements
or data processing contracts with third parties.
Second, local models can be customized—fine-
tuned on institution-specific documentation styles,
formularies, or patient populations—whereas pro-
prietary APIs offer no such adaptation. Third,
fixed infrastructure costs replace unpredictable
per-query pricing, and inference remains available
regardless of external API changes, rate limits,
or service discontinuations. These factors make
compact local models a practical choice for health
systems prioritizing data sovereignty and operational
independence. Concretely, 7–8B models deployed
on a single A100 with an inference engine such as
vLLM (Kwon et al., 2023) achieve a mean latency
of 0.4057 ± 0.1694 s/sample across all three tasks,
enabling interactive, non-cloud-dependent clinical
documentation generation.

Deployment Safeguards Practical deployment
requires multiple safeguards: transparent AI attri-
bution, streamlined EHR-integrated review work-
flows, comprehensive audit logging, and conserva-
tive defaults prioritizing safety. Future reward
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designs could explicitly penalize high-risk failure
modes—hallucinated emergent diagnoses, contraindi-
cated medications, omitted return precautions, or
overconfident language promoting automation bias.

Limitations and Future Directions Our evalu-
ation relies on retrospective datasets and automated
judging. The current study focuses on demonstrating
feasibility and measurable improvements using widely
used public retrospective datasets; prospective stud-
ies in live ED and ICU workflows are needed to estab-
lish clinical validity, characterize failure modes, and
quantify real-world time savings and clinician accep-
tance. We view this as an important next step for
future work.

Current reward functions treat all outputs equally,
but clinical importance varies: missing sepsis mat-
ters more than missing chronic hypertension. Future
designs could incorporate clinical severity weighting
and differentially penalize high-risk errors; systematic
reward sensitivity studies and exploration of alterna-
tive rubric formulations are also needed to clarify ro-
bustness and safety trade-offs across varied clinical
domains.

Additionally, extending RLVR to multimodal in-
puts (vital signs, imaging, waveforms) and real-time
documentation generation represents a natural direc-
tion. Evaluation protocols should be stratified by de-
mographic and clinical subgroups to detect disparities
before deployment; we plan to incorporate subgroup
and fairness analyses in future work to better assess
equity and safety across populations. The influence
of judge model selection on both training signals and
evaluation outcomes also warrants systematic study.

6. Conclusion

In this work, we demonstrate that compact
7–8B parameter models trained with clinically
grounded rewards can generate clinical-quality diag-
noses, discharge instructions, and treatment plans.
Two generalizable reward patterns—equivalence-
based for list-based outputs, rubric-based for clini-
cal prose—address the core verification challenge in
open-ended clinical text generation, achieving per-
formance matching or exceeding substantially larger
proprietary systems. The resulting models enable
on-premise deployment with full data sovereignty,
institution-specific customization, and sub-second in-
ference on standard GPU infrastructure. This estab-
lishes a practical pathway for integrating AI-assisted

documentation into acute care workflows while main-
taining the privacy and operational independence
that health systems require.
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Appendix A. Cross-Judge Robustness
Analysis

A fundamental concern in LLM-as-judge evaluation is
whether observed improvements reflect genuine out-
put quality or instead reflect optimization toward a
particular judge’s stylistic preferences. LLM evalu-
ators have been shown to recognize and favor their
own generations (Panickssery et al., 2024; Wataoka
et al., 2025), introducing a self-preference bias that
can confound evaluation when the same model fam-
ily is used for both training rewards and scoring.
Since our GRPO reward functions use GPT-4.1 to
score outputs during training, models could in prin-
ciple learn to produce text that exploits GPT-4.1’s
latent scoring tendencies (e.g., preferred document
structure, verbosity, or phrasing) rather than achiev-
ing authentic clinical quality gains. Such an artifact
would inflate scores under GPT-4.1 evaluation while
providing no real benefit under an independent eval-
uator.
To test this, we re-evaluated all models using GPT-

5 as an independent judge, applying the identical
prompts described in Appendix C without modifica-
tion. GPT-5 represents a qualitatively distinct gen-
eration of language model with a different training
lineage, and is therefore unlikely to share the same
latent evaluation biases as GPT-4.1. For MIMIC-III,
GPT-5 re-performed the semantic equivalence judg-
ments used to count matched diagnoses; the overlap-
based metrics (F1, Jaccard similarity) were then re-
computed deterministically over the resulting inter-
section sets, making this task the least susceptible to
judge preference effects. For DischargeMe and MT-
Samples, all rubric scores were generated de novo by
GPT-5.
Table 1 reports performance under both judges

across all three tasks, with per-task averages for the
two rubric-graded tasks and F1 for the diagnosis task.
Per-dimension breakdowns are provided in Table 2.

GRPO consistently improves every base
model under both judges. Across all three tasks
and all three model families, each GRPO-trained

model outperforms its corresponding base model
regardless of which judge is used. For MIMIC-
III, Ministral-8B improves from F1 0.309 to 0.482
(+0.173) under GPT-4.1 and from 0.297 to 0.437
(+0.140) under GPT-5; Qwen2.5-7B improves from
0.309 to 0.448 under GPT-4.1 and from 0.299 to 0.418
under GPT-5; Qwen3-8B improves from 0.209 to
0.417 under GPT-4.1 and from 0.182 to 0.386 under
GPT-5. The near-identical magnitude of these gains
under both judges is expected: F1 is computed de-
terministically once diagnoses are matched, so judge
influence is limited to semantic equivalence decisions
that are largely consistent across model generations.
For DischargeMe, average rubric scores improve for
all model families under both judges. For MTSam-
ples, improvements are positive but more modest,
and hold under both judges. The universality of this
pattern across all nine model–task combinations pro-
vides strong evidence that GRPO gains are not judge-
specific.

GRPO models remain competitive with fron-
tier models under independent evaluation.
On MIMIC-III, the best GRPO model (Ministral-
8B GRPO, F1 = 0.437) outperforms the best GPT
baseline (GPT-5, F1 = 0.411) even when evaluated
by GPT-5. On DischargeMe, Qwen2.5-7B GRPO
achieves an average score of 3.434 under GPT-5
evaluation—exceeding GPT-5 itself (3.392), despite
GPT-5 serving as both the evaluation judge and
a competing generation model. A judge with self-
preference would be expected to rate its own outputs
highly; the fact that an open-weight GRPO model
surpasses GPT-5 under GPT-5 evaluation makes
judge gaming an implausible explanation. On MT-
Samples, GRPO models do not match GPT frontier
performance under either judge; however, they con-
sistently improve over base models under both, indi-
cating that the gap to frontier models on this task
reflects a genuine quality ceiling rather than a judge
artifact.

Judge calibration differs; the direction of
improvement does not. The two judges assign
systematically different absolute scores. On Dis-
chargeMe, GPT-4.1 rates its own outputs highest
(4.416), suggesting a mild self-preference effect; GPT-
5 does not—it rates GPT-5 outputs at 3.392, below
Qwen2.5-7B GRPO (3.434). Per-dimension analy-
sis reveals that GPT-5 penalizes completeness more
harshly than GPT-4.1 does (e.g., GPT-5 model scores
1.009 on completeness under GPT-5 judge, compared
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Table 1: Performance under GPT-4.1 and GPT-5 judges. DischargeMe and MTSamples report average
rubric scores (scale 1–5); MIMIC-III reports F1. Bold indicates the best score within each judge–
task column.

MIMIC-III (F1 ↑) DischargeMe (Avg ↑) MTSamples (Avg ↑)
Model GPT-4.1 GPT-5 GPT-4.1 GPT-5 GPT-4.1 GPT-5

GPT-4.1 0.428 0.402 4.416 2.982 4.470 3.821
GPT-4o 0.436 0.409 4.039 2.681 4.441 3.848
GPT-5 0.433 0.411 2.986 3.392 4.464 3.834

Ministral-8B-Instruct 0.309 0.297 3.461 2.532 3.804 2.938
Qwen2.5-7B-Instruct 0.309 0.299 3.434 2.515 3.919 3.014
Qwen3-8B 0.209 0.182 3.637 2.331 4.371 3.324

Ministral-8B-Instruct grpo 0.482 0.437 4.279 2.622 4.174 3.215
Qwen2.5-7B-Instruct grpo 0.448 0.418 4.156 3.434 4.271 3.168
Qwen3-8B grpo 0.417 0.386 3.752 2.386 4.474 3.402

Table 2: Per-dimension rubric scores under GPT-4.1 and GPT-5 judges. DischargeMe dimensions: Com-
pleteness (Comp.), Correctness (Corr.), Readability (Read.). MTSamples dimensions: Accuracy
(Acc.), Clarity (Clar.), Completeness (Comp.).

DischargeMe (GPT-4.1 judge) DischargeMe (GPT-5 judge)

Model Comp. Corr. Read. Avg Comp. Corr. Read. Avg

GPT-4.1 4.466 4.759 4.023 4.416 3.427 2.523 2.996 2.982
GPT-4o 3.928 4.330 3.860 4.039 3.059 2.191 2.793 2.681
GPT-5 2.438 3.815 2.706 2.986 1.009 4.986 4.181 3.392

Ministral-8B-Instruct 2.771 3.650 3.963 3.461 2.320 2.086 3.191 2.532
Qwen2.5-7B-Instruct 2.828 3.696 3.777 3.434 2.339 2.018 3.189 2.515
Qwen3-8B 3.444 3.991 3.476 3.637 2.704 1.864 2.425 2.331

Ministral-8B-Instruct grpo 3.829 4.349 4.660 4.279 2.716 2.050 3.098 2.622
Qwen2.5-7B-Instruct grpo 3.883 4.298 4.287 4.156 2.828 3.696 3.777 3.434
Qwen3-8B grpo 3.544 4.050 3.662 3.752 2.712 1.886 2.561 2.386

MTSamples (GPT-4.1 judge) MTSamples (GPT-5 judge)

Model Acc. Clar. Comp. Avg Acc. Clar. Comp. Avg

GPT-4.1 4.200 4.933 4.276 4.470 3.542 4.626 3.294 3.821
GPT-4o 4.171 4.877 4.275 4.441 3.629 4.563 3.352 3.848
GPT-5 4.209 4.882 4.303 4.464 3.592 4.620 3.291 3.834

Ministral-8B-Instruct 3.472 4.537 3.402 3.804 2.664 3.850 2.299 2.938
Qwen2.5-7B-Instruct 3.556 4.701 3.500 3.919 2.720 2.393 3.930 3.014
Qwen3-8B 4.047 4.738 4.327 4.371 2.892 4.117 2.962 3.324

Ministral-8B-Instruct grpo 3.790 4.836 3.897 4.174 2.864 4.168 2.612 3.215
Qwen2.5-7B-Instruct grpo 3.911 4.883 4.019 4.271 2.822 4.033 2.650 3.168
Qwen3-8B grpo 4.187 4.748 4.486 4.474 2.864 4.238 3.103 3.402
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to 2.438 under GPT-4.1 judge), while rewarding cor-
rectness more generously. These calibration differ-
ences mean that absolute score comparisons across
judges are not directly meaningful, but they do not
affect the direction-of-improvement analysis, which is
consistent under both judges.

Conclusion. GRPO improvements are not arti-
facts of optimizing for GPT-4.1’s scoring style. Gains
over base models persist when evaluated by GPT-5
across all tasks and all model families, GRPO models
remain competitive with frontier models under inde-
pendent assessment, and no evidence of judge gam-
ing is detectable from the cross-judge comparison.
We conclude that the observed improvements reflect
genuine advances in clinical text generation quality
rather than exploitation of a particular judge’s prefer-
ences. Future work should nonetheless systematically
examine reward functions derived from diverse LLM
families to further strengthen robustness claims.

Appendix B. Representative
Qualitative Examples

The following five cases illustrate clinical improve-
ments produced by GRPO training. Each case shows
relevant excerpts from the base model and GRPO-
trained model outputs.

Case 12 — Hand Laceration (MTSamples) A
19-year-old male with hand lacerations repaired with
17 sutures after a fight. The critical discharge in-
struction concerns wound soaking. Expert guidelines
state traumatic lacerations should not be soaked after
48 hours (Singer et al., 1997).

Base model (wound care excerpt)

Advise the patient to keep the wounds clean and
dry, avoiding submersion in water (e.g., swimming,
baths) for 48–72 hours post-repair.

GRPO model (wound care excerpt)

Advise the patient to keep the hand elevated to
reduce swelling and avoid submerging the wound
in water (e.g., no swimming or soaking) for 7–10
days.

Case 21 — STEMI with Reduced EF (MT-
Samples) A patient with acute STEMI success-
fully treated with PCI and stenting of the LAD.
LV ejection fraction was 45–50%, indicating mild-

to-moderate impairment. The GRPO model iden-
tified the need for guideline-directed medical therapy
(GDMT) and cardiac rehabilitation; the base model
omitted these.

Base model (post-PCI management excerpt)

Continue anticoagulation with dual antiplatelet
therapy. . . Administer beta-blockers (e.g.,
metoprolol) to reduce myocardial oxygen de-
mand. . . Schedule serial echocardiograms to
monitor LV function. [No mention of timing,
GDMT for HFmrEF, or cardiac rehabilitation.]

GRPO model (post-PCI management ex-
cerpt)

Ensure beta-blocker initiation within 24–48
hours (if no contraindications). . . For LV dysfunc-
tion (EF 45–50%), use guideline-directed med-
ical therapy (GDMT): ACE inhibitors/ARNIs,
mineralocorticoid receptor antagonists, SGLT2 in-
hibitors (e.g., dapagliflozin) if indicated. . .Cardiac
Rehabilitation: Initiate early after stabilization
to improve cardiovascular fitness and reduce mor-
tality.

Case 22 — Acute Sigmoid Diverticulitis (MT-
Samples) A 71-year-old female with left lower
quadrant pain. The ground truth identifies sigmoid
diverticulitis as the working diagnosis and explic-
itly defers colonoscopy (acute perforation risk (Peery
et al., 2021)). The base model did not commit to a
leading diagnosis and listed colonoscopy as a workup
option without timing caution.

Base model (workup excerpt)

Colonoscopy: Given her age, family history,
and persistent constipation, consider colonoscopic
evaluation to rule out neoplastic or inflammatory
bowel disease. . . [No working diagnosis specified;
colonoscopy recommended without acute-setting
safety caveat.]

GRPO model (workup excerpt)

Repeat Imaging: Given persistent LLQ pain and
a palpable mass, obtain a contrast-enhanced CT
abdomen/pelvis to reassess for diverticulitis, ab-
scess, or other pathology. . . Keep patient NPO em-
pirically. [Colonoscopy not recommended in the
acute setting.]

Case 43 — Critically Ill ICU Patient (MIMIC-
III) A complex ICU patient with multi-organ fail-
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ure, septic shock, bowel perforation, coagulopathy,
and multiple comorbidities. The ground truth con-
tains 22 diagnoses. The base model produced 6; the
GRPO model produced 21.

Base model (6 diagnoses)

Sepsis, Septic Shock, Liver Failure, Kidney Failure,
Hepatic Encephalopathy, Multi-Organ Failure

GRPO model (21 diagnoses)

Sepsis / Multi-organ failure; Bowel perforation
with complications (ileus, renal failure, hepatic fail-
ure); Respiratory failure / hypoxemia; Hepatic en-
cephalopathy; Acute kidney injury; Coagulopathy
and electrolyte disturbances; Liver dysfunction /
acute necrosis; CAD and atrial fibrillation; History
of colon cancer and prior irradiation; Alcoholic cir-
rhosis; Diabetes mellitus; Metabolic acidosis / hy-
potension; Thrombocytopenia; Bacteroides infec-
tion; Hypertension; Hypercholesterolemia; GERD;
Prior CABG; Abdominal surgical complications;
Severe sepsis / palliative care; Pulmonary insuffi-
ciency

Case 61 — Deceased Patient (DischargeMe)
The patient died in hospital after transitioning to
comfort care. The ground truth is a single sentence
acknowledging the death. The base model failed to
register this outcome and generated standard living-
patient discharge instructions. The GRPO model
correctly identified the patient was deceased and ad-
dressed the family.

Base model (excerpt)

Cardiac Management: Continue medications as
prescribed. . . especially those related to blood pres-
sure control, lipid management, and heart rate reg-
ulation (lisinopril, carvedilol, sotalol).

Diabetes Management: Continue metformin
and insulin therapy as prescribed. Monitor blood
sugar levels regularly. . .

Follow-Up: Schedule regular follow-ups with the
primary care physician and specialists as necessary.

GRPO model (excerpt)

Discharge Condition: Patient passed away dur-
ing hospitalization after being transitioned to com-
fort care measures.

Dear Family, We are writing to inform you about
your loved one’s treatment and outcome during
their recent stay. . .

Current Status: Your loved one passed away
while under our care. We deeply regret this loss
and extend our condolences to you and your family.

Appendix C. LLM Judge Prompts

This appendix provides the complete prompts used
for the LLM judge (GPT-4.1) in reward computation
and evaluation for all three clinical tasks.

C.1. Equivalence-Based Reward: Diagnosis
Generation

The following prompt was used to determine seman-
tic equivalence between predicted and ground-truth
diagnoses, accounting for medical synonymy, abbre-
viations, and varying specificity (Figure 5).

C.2. Rubric-Based Reward: Discharge
Instructions

The following prompt was used to evaluate discharge
instructions on completeness, correctness, and read-
ability (Figure 6).

C.3. Rubric-Based Reward: Treatment Plans

The following prompt was used to evaluate treatment
plans on accuracy, completeness, and clarity (Fig-
ure 7).

981



Open-Ended Clinical Text Generation for Acute Care

You are a medical evaluation expert assessing the accuracy of a predicted diagnosis list

against an official diagnosis list.

Student’s Predicted Diagnoses: {generated output}
Official Diagnosis List (Ground Truth): {ground truth output}
Evaluation Guidelines for Matching:

1. Consider medical synonyms and alternative terminology for the same condition (e.g.,

"myocardial infarction" and "heart attack")

2. Account for different levels of specificity (e.g., "pneumonia" matching "bacterial

pneumonia")

3. Accept abbreviated forms and full names (e.g., "COPD" and "Chronic Obstructive Pulmonary

Disease")

4. Evaluate if the predicted diagnosis is clinically equivalent to any diagnosis in the

ground truth list

5. Consider ICD code matches if applicable

Task:

1. Identify all predicted diagnoses that match any diagnosis in the ground truth list (using

the evaluation guidelines above)

2. Count the total number of matching diagnoses

3. List each matching diagnosis pair (predicted -> ground truth)

Return your evaluation as a single JSON object in the following format:

{
"intersection":

{
"score": <number of matching diagnoses>,

"matched diagnoses": [ {"predicted": "predicted diagnosis 1", "ground truth": "matched

ground truth diagnosis"}, {"predicted": "predicted diagnosis 2", "ground truth": "matched

ground truth diagnosis"} ],

"explanation": "Explain which diagnoses matched and why, and which did not match."

}
}
Ensure the output is valid JSON:

- Use double quotes (") for all keys and string values.

- When quoting text or sections inside the explanations, use escaped double quotes (\") to

maintain valid JSON formatting.

- Do not include any additional information in the output.

Figure 5: LLM judge prompt for equivalence-based reward in diagnosis generation task. The prompt handles
medical synonymy, abbreviations, and varying specificity levels.
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You are a medical expert tasked with evaluating the quality of generated discharge

instructions for a patient case. Your goal is to assess how well the instructions address

patient needs, follow clinical best practices, and compare to the reference instructions.

The generated discharge instructions will be provided in these tags:

<response> {RESPONSE} </response>

Reference discharge instructions will be provided in these tags:

<gold response> {GOLD RESPONSE} </gold response>

Carefully analyze the <response>. For each of the following categories, rate the response on

a scale of 1 to 5 (1 = very poor, 5 = excellent), and provide a short justification for your

score.

Evaluation Criteria:

Completeness (1-5)

- Does the instruction cover all clinically important information including medications,

warning signs requiring immediate attention, activity restrictions, wound care (if

applicable), and follow-up appointments?

- Are return precautions clearly specified?

- Is medication reconciliation addressed?

Correctness (1-5)

- Is the instruction medically accurate and free from harmful or misleading information?

- Are there any contraindicated recommendations?

- Is dosing information accurate when provided?

Readability (1-5)

- Is the instruction clear, well-organized, and appropriate for patient comprehension?

- Is medical jargon explained or avoided?

- Are instructions actionable and specific?

Output Format: Output the evaluation as a single valid JSON object matching the following

structure:

{
"completeness": { "score": 0, "explanation": "Explain why this score was given." },
"correctness": { "score": 0, "explanation": "Explain why this score was given." },
"readability": { "score": 0, "explanation": "Explain why this score was given." }
}
Ensure the output is valid JSON:

- Use double quotes (") for all keys and string values.

- When quoting text or sections inside the explanations, use escaped double quotes (\") to

maintain valid JSON formatting.

- Do not include any additional information in the output.

Figure 6: LLM judge prompt for rubric-based reward in discharge instruction generation task. The prompt
evaluates completeness, correctness, and readability.
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You are a medical expert tasked with evaluating the quality of a generated treatment plan for

a clinical scenario. Your goal is to assess how well the treatment plan addresses the patient

case, follows clinical best practices, and compares to the reference treatment plan.

The generated treatment plan will be provided in these tags:

<response> {RESPONSE} </response>

The reference treatment plan will be provided in these tags:

<gold response> {GOLD RESPONSE} </gold response>

Carefully analyze the <response>. For each of the following categories, rate the response on

a scale of 1 to 5 (1 = very poor, 5 = excellent), and provide a short justification for your

score.

Evaluation Criteria:

Accuracy (1-5)

- Does the treatment plan align with current clinical guidelines and medical evidence?

- Are all recommended treatments appropriate for the patient’s condition?

- Are there any contraindicated medications or interventions?

Completeness (1-5)

- Does the plan include all clinically important details such as medication dosages,

administration routes, monitoring parameters, duration, and follow-up?

- Are important aspects of care (medication, lifestyle modifications, follow-up) addressed?

- Are potential complications or side effects mentioned when appropriate?

Clarity (1-5)

- Is the plan logically organized and easy for the treating team to understand and implement?

- Are instructions specific and actionable?

- Is the reasoning for treatment choices explained when necessary?

Output Format: Output the evaluation as a single valid JSON object matching the following

structure:

{
"accuracy": { "score": 0, "explanation": "Explain why this score was given." },
"completeness": { "score": 0, "explanation": "Explain why this score was given." },
"clarity": { "score": 0, "explanation": "Explain why this score was given." }
}
Ensure the output is valid JSON:

- Use double quotes (") for all keys and string values.

- When quoting text or sections inside the explanations, use escaped double quotes (\") to

maintain valid JSON formatting.

- Do not include any additional information in the output.

Figure 7: LLM judge prompt for rubric-based reward in treatment plan generation task. The prompt eval-
uates accuracy, completeness, and clarity.
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