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Abstract
Medical language models are increasingly eval-
uated on open-ended clinical reasoning, where
good responses must combine factual recall,
evidence integration, decision making, and syn-
thesis. However, standard reward models com-
press these different standards into one reward
score, while medical RL with answer keys
mainly rewards multiple-choice correctness.
This makes it difficult to improve non-multiple-
choice medical reasoning without losing per-
formance on exam-style benchmarks. In this
paper, we propose a Prefix Mixture-of-Experts
Reward Model (Prefix-MoE RM), which routes
each query-response pair across recall, anal-
ysis, decision, and synthesis prefix experts,
softly fuses their trainable prefixes, and then
predicts one reward score. The MoE structure
allows different abilities to use different scor-
ing experts to reduce reward conflicts, while
continuous prefixes provide a more expressive
conditioning signal than fixed hard prompts.
The reward model is trained on non-multiple-
choice medical preferences and then used in
mixed-data curriculum GRPO, where multiple-
choice prompts provide additional answer-key
feedback. On held-out reward-model evalua-
tion, Prefix-MoE RM improves pairwise ac-
curacy from 79.8 to 93.0 over a shared RM;
with the RL pipeline fixed, replacing it with
a shared RM or soft expert-head MoE lowers
HealthBench from 43.8 to 24.8 and 34.6, re-
spectively. With Qwen3-8B as the policy back-
bone, the full system outperforms the larger
Qwen3-32B base on MedXpertQA and Health-
Bench, while the Qwen3-32B version reaches
50.1 HealthBench and 4.55 LLMEval-Med, re-
maining competitive with stronger closed gen-
eral models and retaining an advantage on non-
multiple-choice metrics.

1 Introduction

Medical language-model alignment must reward
different kinds of medical reasoning within a single

* Corresponding author.

policy. Some questions ask for factual recall, while
others ask the model to combine evidence, choose
a safe next step, or synthesize a broader medical an-
swer. These cases should not be judged by exactly
the same standard: recall focuses on correctness
and completeness, analysis on evidence use, deci-
sion making on risk and safety, and synthesis on
balanced reasoning. If all feedback is merged into
one reward, the training signal becomes unclear
about which skill the policy is improving. This
creates reward conflict: a scoring rule that favors
concise factual recall can be a poor fit for longer
differential diagnosis, risk-benefit discussion, or
synthesis.

The standard RLHF pipeline trains a reward
model from pairwise preferences and uses it to opti-
mize a policy with reinforcement learning (Ouyang
et al., 2022). For medical alignment, this design
mixes easy factual questions with harder clinical
reasoning questions. A single reward head can fit
common factual patterns but miss the standards
needed for decision or synthesis cases. Hand-
written prompts can name the intended standard,
but fixed text has limited expressive capacity, and
hard expert selection still forces each example into
one discrete level even when it lies between two lev-
els. Prior structured reward models have attempted
to reduce such conflicts by separating preference
signals with hierarchical reward modeling, multi-
objective preference optimization, or mixture-of-
experts reward heads (Lai et al., 2024; Zhou et al.,
2024; Quan, 2024; Wang et al., 2024a); we build on
this idea with a simple ordered difficulty structure
for medicine.

We propose Prefix-MoE RM, a cognitive-level
reward model that adapts the revised Bloom tax-
onomy to four medical levels: recall, analysis, de-
cision, and synthesis (Anderson and Krathwohl,
2001). A frozen cognitive router estimates a soft-
level distribution for each query-response pair dur-
ing reward scoring. The reward model then uses
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these distribution to fuse trainable level-specific
prefix embeddings before scalar reward prediction.
The fused prefix is prepended to the query-response
representation, so the model can adjust how it
scores an answer without replacing the shared back-
bone or value head. The mixture separates scoring
standards for different abilities, and the prefixes
represent each standard as a learned continuous
context rather than a fixed instruction. This design
handles boundary cases by scoring an example with
a blend of nearby levels instead of forcing it into
one hard prompt or expert.

We use the learned reward model in mixed-data
GRPO, with non-multiple-choice medical response
quality as the main target. Open-ended preference
data train the model to score long medical answers,
while MedKgQA-style multiple-choice questions
provide answer-key feedback during RL. Because
the reward model is trained on non-multiple-choice
preferences, we expect its most direct gains to ap-
pear on open-answer benchmarks rather than only
on exam-style multiple-choice tasks. The multiple-
choice data are mixed in during RL to prevent
degradation on standard medical QA benchmarks
and to provide low-variance feedback where an an-
swer key is available. The training data are also
organized by cognitive level so that policy opti-
mization gradually expands from recall and analy-
sis to decision and synthesis examples; we treat this
curriculum as an empirical training heuristic and
compare it with simpler schedules (Bengio et al.,
2009).

Our main contributions are:

• We formulate medical reward modeling as
level-aware preference learning, focusing on
how recall, analysis, decision, and synthesis
require different scoring standards.

• We introduce Prefix-MoE RM, which uses
frozen router probabilities to softly fuse train-
able level prefixes, allowing different abilities
to use different scoring experts while produc-
ing one reward score for RL.

• We provide controlled reward-model and
policy-level evidence that the approach
improves non-multiple-choice medical re-
sponses while answer-key feedback preserves
multiple-choice performance.

2 Method

Figure 1 shows the two places where cognitive
levels enter the pipeline. During reward-model
training, the router turns a query-response pair into
a soft level distribution, which determines how
level prefixes are fused before scalar scoring. Dur-
ing policy optimization, the trained reward model
scores open-ended prompts while MCQ prompts
use answer-key reward, so the RL stage can im-
prove clinical response quality without treating an-
swer extraction and long-form reasoning as the
same supervision signal. This separation matters
because the method is meant to identify where the
open-ended supervision enters the alignment pro-
cess. It avoids treating all gains as a generic effect
of medical-domain RL.

2.1 Problem Setup
We train medical models from pairwise preference
data and reinforcement learning prompts. Let x
denote a medical query and y denote a candidate
response. A reward model assigns a scalar score
Rψ(x, y), where higher scores should correspond
to preferred responses. Unlike a standard reward
model, we assume each query is associated with
a cognitive level c ∈ C = {1, 2, 3, 4}. The four
levels correspond to factual recall, clinical anal-
ysis, clinical decision making, and biomedical
synthesis. The goal is to avoid one scoring rule
for all abilities: the reward remains scalar, but its
context changes with the level. Here c denotes
the reasoning standard for evaluation rather than
a disease specialty: two questions about the same
condition may require different rewards if one asks
for a definition and the other asks for a management
plan.

2.2 Cognitive-Level Router
The cognitive router estimates which reasoning
level is needed for a medical input. We instan-
tiate the router with a Qwen3-8B backbone and a
linear classification head over the final non-padding
token. The router is trained with cross-entropy loss
on labeled medical questions:

Lrouter = − log qϕ(c
⋆ | x), (1)

where c⋆ is the cognitive-level label. During
reward-model training and inference, the router
is frozen. Before training the router, we use an
LLM classifier to label each query from its ques-
tion stem and options, using a prompt grounded in
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Figure 1: Overview of the proposed alignment pipeline. The top band trains a cognitive-level Prefix-MoE reward
model on non-MCQ medical preference pairs, using a frozen router to softly fuse trainable level prefixes so different
abilities can use different scoring contexts before scalar reward prediction. The bottom band uses the trained
reward model as the primary signal for mixed-data curriculum GRPO, while MCQ answer checking helps preserve
exam-style performance.

Anderson and Krathwohl’s revised Bloom taxon-
omy (Anderson and Krathwohl, 2001) and adapted
to the four medical levels; the full prompt is shown
in Appendix C. Because the router is trained and
selected on held-out LLM-labeled examples, its
metrics measure consistency with the labeling pro-
tocol rather than manual annotation; after training,
it is frozen so the reward model scores within fixed
routed levels.

The router is used in two input formats: question-
only labels group prompts for curriculum construc-
tion, while formatted query-response inputs pro-
duce level probabilities for reward scoring. We use
a low-temperature softmax to obtain a sharp but
non-degenerate distribution, with τ selected on the
held-out router split:

αc(x, y) =
exp(zc/τ)∑4
c′=1 exp(zc′/τ)

, τ = 0.1, (2)

where zc is the router logit for level c. This soft
distribution allows examples near a boundary to
borrow information from multiple cognitive levels
rather than being assigned to a single hard expert.
The low temperature makes the largest level dom-

inate while still leaving nonzero probability mass
for boundary cases that sit between adjacent rea-
soning levels.

2.3 Prefix-MoE Reward Model

Prefix-MoE RM uses MoE to separate scoring
standards through trainable level-specific prefixes
rather than through separate reward heads. For
each c ∈ C, we define a prefix matrix Pc ∈ Rm×d,
where m is the shared padded prefix length and d
is the token embedding dimension of the backbone.
Prefixes are initialized from the token embedding
of natural-language level descriptions, padded to
the shared length, and then treated as trainable pa-
rameters during reward-model training. Unlike a
hard prompt, each prefix is a continuous parameter
block, so pairwise preference training can adjust
the scoring representation directly. Each row of
Pc acts as a virtual token embedding; together, the
rows define the scoring context for level c.

Given a query-response pair (x, y), the frozen
router produces αc(x, y) for each level. The model
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forms a fused prefix by weighted averaging:

P̄ (x, y) =

4∑

c=1

αc(x, y)Pc. (3)

Let E(x, y) be the token embedding sequence for
the formatted pair. The reward backbone receives
the concatenated embedding sequence

Ẽ(x, y) = [P̄ (x, y);E(x, y)]. (4)

The final hidden state at the last non-padding to-
ken is passed through a PReLU activation and a
linear value head to produce the scalar reward. The
complete forward pass is therefore

(x, y)
qϕ−→ α(x, y)

{Pc}4c=1−−−−−→ P̄ (x, y)

[·;E(x,y)]−−−−−→ Ẽ(x, y)
fψ−→ Rψ(x, y),

(5)

where fψ denotes the shared reward backbone and
value head. This mixes prefix parameters before
reward prediction: hard routing is recovered when
α is one-hot, while soft routing blends cognitive-
level contexts.

This architecture differs from hard-prompt re-
ward conditioning in two ways. First, the router
distribution is used continuously, so the reward
model can interpolate between adjacent cognitive
levels instead of committing to one label. Sec-
ond, the prefixes are trainable parameters rather
than fixed text embeddings, so pairwise preference
supervision can directly shape the evaluation repre-
sentation. Thus the model does not rely on a fixed
prompt to both express the scoring rule and sepa-
rate query types. Compared with separate expert
heads or reward experts (Yuan et al., 2026), the
fused-prefix design keeps a single shared backbone
and value head while still changing the token-level
representation seen by the reward model. We com-
pare these design variants in the policy-level RM
swap in Table 3.

2.4 Reward-Model Training Objective
The reward model is trained on pairwise prefer-
ences. Each example contains a query x, a chosen
response y+, a rejected response y−, and ranks in-
dicating that y+ should receive higher reward. For
each valid pair in a batch, we minimize the logistic
ranking loss

Lrank = − log σ
(
Rψ(x, y

+)−Rψ(x, y
−)

)
.
(6)

This loss treats the reward difference Rψ(x, y
+)−

Rψ(x, y
−) as the model’s preference margin. Pos-

itive margins mean the chosen answer is scored
higher than the rejected answer; negative margins
are penalized.

To prevent the four prefixes from collapsing to
the same representation, we add a diversity reg-
ularizer. Let p̄c be the mean-pooled valid prefix
embedding for level c. We penalize the average
squared pairwise cosine similarity:

Ldiv =
2

|C|(|C| − 1)

∑

i<j

cos2(p̄i, p̄j). (7)

The final reward-model objective is

LRM = Lrank + λdivLdiv, λdiv = 0.1. (8)

The first term learns preferences, while the second
discourages prefix collapse.

2.5 Mixed-Data Curriculum GRPO
After reward-model training, mixed-data GRPO
uses a prompt-type reward dispatch. The RL data
combine two types of medical prompts. The first
source is open-ended prompts from the UltraMed-
ical open medical preference data (Zhang et al.,
2024), where Prefix-MoE RM supplies the scalar
reward. The second source is MedKgQA-style
multiple-choice data, where generated responses
are scored directly against an answer key. The
reward used by GRPO is therefore

R(x, y) =

{
Rψ(x, y), x ∈ Dopen,

Rrule(x, y), x ∈ Dmcq,
(9)

where Rrule checks the extracted answer and as-
signs +1 to correct answers and −1 to incorrect
or malformed answers. Mini-batches may con-
tain both prompt types; reward assignment is per
prompt before group-relative advantages are com-
puted within each rollout group. This dispatch uses
the learned RM only where open-ended scoring
is needed and uses answer keys only where exact
MCQ correctness is available.

We organize mixed-data RL with a cognitive-
level curriculum. Let ℓ(t) be the maximum allowed
level at training stage t. The curriculum sampler
draws prompts from

Dt = {(x, y) : c(x) ≤ ℓ(t)}, (10)

where ℓ(t) increases from L1 to L4. This schedule
exposes the policy to factual and analytical exam-
ples before emphasizing higher-level decision and
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synthesis prompts. The curriculum is useful for
mixed medical data because open-ended examples
and MCQ answer checks differ in feedback source
and difficulty. The reported runs use four fixed
stages over the update budget: the first 15% sam-
ples L1 only, the next 25% samples L1–L2, the
next 30% samples L1–L3, and the final 30% sam-
ples all L1–L4 prompts. Within each stage, the
sampler keeps a 60:40 open-ended-to-MCQ source
ratio and samples uniformly over the active levels,
with replacement when a level has fewer examples.
Transitions are based on update count rather than
validation performance, so the schedule is the same
across seeds.

We optimize the policy with group relative policy
optimization (GRPO) (Shao et al., 2024). For each
prompt, the actor samples a group of responses
{yi}Gi=1. Rewards are normalized within the group
to estimate relative advantages:

Âi =
R(x, yi)−meanjR(x, yj)

stdjR(x, yj) + ϵ
. (11)

Thus an MCQ prompt group and an open-ended
prompt group can appear in the same optimiza-
tion batch without sharing reward normalization.
The advantage Âi compares responses sampled
for the same prompt, which avoids directly com-
paring raw rule rewards and learned RM scores
across prompt types. The policy is then updated
with a clipped importance-ratio objective and a KL
penalty against the reference model. This removes
the need for a separately trained critic while re-
taining an RL objective that can use the learned
medical reward model.

3 Experiments

3.1 Data Accounting and Evaluation Setup
Reward-model data. The reward-model training
data use non-multiple-choice pairwise medical pref-
erences with cognitive-level labels. UltraMedical-
Preference samples (Zhang et al., 2024) are la-
beled by the LLM cognitive-level classifier prompt
in Appendix C, then converted to the format
{x, [y+, y−], [r+, r−], c}. The reward model is
trained on a filtered UltraMedical preference subset
with added cognitive-level labels; the larger prompt
pool is reserved for RL.

RL data. The policy-optimization data mix open-
ended prompts from the UltraMedical open medi-
cal preference data (Zhang et al., 2024) and Med-
KgQA multiple-choice prompts. Each example

Table 1: Data accounting after filtering and de-
duplication. RM/router counts are preference pairs; RL
counts are prompts.

Source Count Use

UltraMedical-Preference 9,742 level labeling; router/RM training
UltraMedical prompts 76,843 open-ended RL with RM reward
MedKgQA 51,229 MCQ RL with answer-key reward
Mixed RL total 128,072 curriculum RL

keeps its chat-formatted prompt, raw question text,
reward metadata, and data-source identifier for
prompt-type reward dispatch. MedKgQA exam-
ples include ground-truth answer letters for rule-
based reward, while open-ended examples use the
learned reward model as the training signal. Ta-
ble 1 summarizes each source, its count, and where
it enters the pipeline.

Evaluation benchmarks. We evaluate the pol-
icy on a text-only medical benchmark suite cov-
ering exam-style QA, biomedical literature QA,
difficult scientific reasoning, expert-level clinical
reasoning, and open-ended clinical communica-
tion. The closed-form suite includes MedQA (Jin
et al., 2021), MedMCQA (Pal et al., 2022), Pub-
MedQA (Jin et al., 2019), MMLU medical sub-
sets (Hendrycks et al., 2020), MMLU-Pro health
and biology tracks (Wang et al., 2024b), GPQA
genetics and molecular biology tracks (Rein et al.,
2023), and the text-only split of MedXpertQA (Zuo
et al., 2025). The open-ended suite includes Health-
Bench (Arora et al., 2025) and LLMEval-Med
(Zhang et al., 2025a). HealthBench contributes
multi-turn healthcare conversations with physician-
written rubrics, making it a useful complement to
exam-style accuracy benchmarks. MedQA, MedM-
CQA, PubMedQA, MMLU, MMLU-Pro, GPQA,
and MedXpertQA are scored through answer ex-
traction and exact answer matching. HealthBench
reports the percentage of physician-rubric points
satisfied, while LLMEval-Med reports an external-
judge score.

Baselines. The controlled comparison uses
Qwen3-8B as the policy backbone and isolates the
effects of supervision, reward design, reward con-
ditioning, and curriculum scheduling. The base
model is Qwen3-8B without task-specific medi-
cal alignment. The rule-only GRPO baseline uses
MCQ answer-key rewards and omits learned re-
wards for open-ended examples. The shared-RM,
hard-prompt RM, uniform-prefix, and prefix-MoE
RM baselines use the same GRPO configuration
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Table 2: Comparison with base, medical-specialized, and frontier models on representative exam-style and non-
multiple-choice medical benchmarks.

Model Type MedQA MedMCQA PubMedQA MedXpertQA HealthBench LLMEval-Med

Qwen3-8B base open 61.8 56.4 66.3 14.8 23.8 3.02
Qwen3-32B base open 78.6 68.5 77.4 24.1 31.6 3.58
HuatuoGPT-o1-8B (Chen et al., 2025b) open medical 72.6 60.8 65.8 18.2 28.4 3.44
HuatuoGPT-o1-70B (Chen et al., 2025b) open medical 88.1 75.4 80.9 33.5 40.2 4.12
GPT-5.5 closed general 94.8 84.2 87.9 40.8 45.3 4.30
Claude Opus 4.6 closed general 94.2 83.8 87.3 41.2 45.8 4.32
Gemini 3 Pro closed general 95.1 84.9 88.4 40.5 44.9 4.27
DeepSeek-R1 reasoning model 92.4 79.6 82.8 37.8 39.5 4.12

Prefix-MoE RM + curriculum, Qwen3-8B open 80.1 68.2 74.2 32.6 43.8 4.28
Prefix-MoE RM + curriculum, Qwen3-32B open 94.0 82.4 87.8 46.2 50.1 4.55

but vary the reward model or conditioning signal.
The final system adds cognitive-level curriculum
scheduling. To evaluate scale, we repeat the full
method with Qwen3-14B and Qwen3-32B. We also
compare against representative medical-specialized
and frontier models, including HuatuoGPT-o1,
GPT-5.5, Claude Opus 4.6, Gemini 3 Pro, and
DeepSeek-R1.

3.2 Main Model Comparison

Table 2 compares base open models, medical-
specialized systems, closed general models, and
our aligned Qwen3 policies. Rows specify the
model family and type, while columns report three
representative exam-style benchmarks and three
non-multiple-choice medical reasoning bench-
marks. Against the unaligned Qwen3-8B base,
Prefix-MoE RM improves MedQA by 18.3 points,
MedMCQA by 11.8 points, PubMedQA by 7.9
points, MedXpertQA by 17.8 points, HealthBench
by 20.0 points, and LLMEval-Med by 1.26. The
same trend holds at larger scale: relative to the
Qwen3-32B base, the 32B aligned policy gains
15.4 points on MedQA, 13.9 on MedMCQA, 10.4
on PubMedQA, 22.1 on MedXpertQA, 18.5 on
HealthBench, and 0.97 on LLMEval-Med. These
gains are largest on non-multiple-choice metrics,
but the exam-style benchmarks also improve, show-
ing that the mixed RL data preserve answer-key
performance while the reward model improves
open-ended responses. The 8B aligned policy is
therefore competitive with substantially larger pub-
lic models on the metrics targeted by the reward
model. It exceeds the Qwen3-32B base on MedX-
pertQA, HealthBench, and LLMEval-Med, and
compared with HuatuoGPT-o1-70B it is lower on
exam-style benchmarks but higher on HealthBench
and LLMEval-Med. After scaling to Qwen3-32B,
the policy is comparable to the strongest closed

models on exam-style benchmarks and higher on
MedXpertQA, HealthBench, and LLMEval-Med.

3.3 Reward-Model Design Ablation
Table 3 isolates reward-model design while keep-
ing the policy backbone, RL prompts, 60:40 data
mix, prompt-type reward dispatch, four-stage cur-
riculum, and optimizer fixed. Rows differ only in
how the open-ended reward model is conditioned,
and columns report both held-out reward-model
accuracy and downstream policy metrics. The hard-
prompt baseline is the key contrast because it ex-
poses level information as text, while Prefix-MoE
RM learns continuous scoring contexts.

The results show that reward-model accuracy
transfers to policy quality only when the condition-
ing mechanism is well matched to the task. Uni-
form prefix averaging has reasonable RM accuracy
but weak downstream transfer, suggesting that sim-
ply adding prefix capacity is not enough. Prefix-
MoE RM improves over hard-prompt condition-
ing by 5.0 MedQA points, 6.2 MedMCQA points,
9.3 PubMedQA points, 11.8 MedXpertQA points,
13.4 HealthBench points, and 0.86 LLMEval-Med,
showing the benefit of learned continuous scoring
contexts. It also improves over the soft expert-head
MoE by 5.4 RM-accuracy points, 8.4 MedXpertQA
points, 9.2 HealthBench points, and 0.56 LLMEval-
Med, indicating that prefix-level fusion is more ef-
fective here than moving mixture structure only to
the scalar head.

3.4 Reward-to-Policy Transfer
Held-out preference accuracy is useful but incom-
plete, because policy optimization can weaken, am-
plify, or ignore differences between reward mod-
els. The transfer analysis keeps the RL data, cur-
riculum, answer-key reward, and optimizer fixed,
and changes only the reward model used for open-
ended rollouts. This probes whether a better level-
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Table 3: Policy-level RM swap with the full RL pipeline fixed. All rows use the same Qwen3-8B actor, RL data,
RM training data, answer-key MCQ reward, and curriculum.

Reward model RM Acc MedQA MedMCQA PubMedQA MedXpertQA HealthBench LLMEval-Med

Shared RM 79.8 72.8±0.6 58.6±0.7 61.0±0.7 15.9±0.8 24.8±0.9 3.05±0.07
Hard-prompt RM 83.9 75.1±0.5 62.0±0.6 64.9±0.6 20.8±0.7 30.4±0.8 3.42±0.06
Uniform prefix average 84.7 73.6±0.6 59.8±0.7 61.8±0.7 16.8±0.8 25.9±0.9 3.11±0.07
Soft expert-head MoE 87.6 76.9±0.5 63.6±0.6 67.0±0.6 24.2±0.7 34.6±0.7 3.72±0.06
Prefix-MoE RM 93.0 80.1±0.3 68.2±0.4 74.2±0.4 32.6±0.4 43.8±0.5 4.28±0.03
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Figure 2: Transfer from held-out reward-model accu-
racy to downstream Non-MCQ Avg across the fixed-
pipeline reward-model variants in Table 3. Non-MCQ
Avg averages MedXpertQA, HealthBench, and 10×
LLMEval-Med.

conditioned reward model produces better down-
stream medical responses.

Figure 2 tests whether better preference model-
ing predicts better policy behavior under the same
RL pipeline. Across the reward-model variants,
held-out RM accuracy has a strong positive associ-
ation with downstream Non-MCQ Avg (r = 0.94),
and Prefix-MoE RM sits at the high-accuracy, high-
policy-quality end of the curve. The uniform-prefix
point remains below the trend, matching Table 3:
extra prefix capacity without router-weighted fu-
sion does not transfer reliably. The plot therefore
supports two claims at once: reward-model quality
matters for policy behavior, and the proposed soft
prefix fusion is a better way to use that capacity
than uniform prefix averaging.

3.5 Training-Signal Ablation

Table 4 measures how the training signals compose
under the Qwen3-8B backbone. Rows move from
the unaligned model through MCQ-only, mixed-
data, no-curriculum, and full-curriculum variants;
columns match Table 2.

MCQ-only RL strongly improves MedQA,

65 70 75 80 85
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45
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medical
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Figure 3: Model-level benchmark trade-off. MCQ Avg
averages the answer-key MCQ suite, and Non-MCQ
Avg averages MedXpertQA, HealthBench, and 10×
LLMEval-Med.

MedMCQA, and PubMedQA but leaves open-
ended metrics close to the base model, confirming
that answer-key reward alone does not train the be-
havior targeted by the reward model. Adding open-
ended preference feedback through a shared RM
improves HealthBench but still trails level-aware
conditioning by 16.8 HealthBench points, while
uniform prefixes perform worst among the mixed-
data variants because averaging all level prefixes
weakens the conditioning signal. Prefix-MoE RM
without curriculum already gives strong non-MCQ
performance, and the curriculum adds a further 2.1
MedQA points, 3.2 MedMCQA points, 7.1 MedX-
pertQA points, 7.3 HealthBench points, and 0.50
LLMEval-Med. The full system is therefore not
just a result of adding medical RL data; it depends
on the combination of prompt-type rewards, prefix-
conditioned scoring, and staged difficulty.

3.6 Benchmark Trade-off Analysis

The benchmark trade-off analysis asks whether im-
provements on open-ended medical reasoning are
obtained by sacrificing answer-key MCQ perfor-
mance. We use aggregate axes only for this vi-
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Table 4: Controlled Qwen3-8B ablation over three seeds. All non-base rows use GRPO; “Mixed” denotes the 60:40
open-ended/MCQ RL data, and rows without “curriculum” use non-curriculum sampling.

Method MedQA MedMCQA PubMedQA MedXpertQA HealthBench LLMEval-Med

Qwen3-8B base 61.8±0.2 56.4±0.3 66.3±0.3 14.8±0.3 23.8±0.4 3.02±0.03
MCQ-only rule reward 78.6±0.5 67.0±0.5 74.0±0.5 15.7±0.8 23.4±0.9 2.98±0.07
Mixed + shared RM 74.8±0.6 60.5±0.7 66.8±0.7 18.2±0.8 27.0±0.9 3.20±0.07
Mixed + hard-prompt RM 76.0±0.5 62.4±0.6 69.3±0.6 22.0±0.7 31.6±0.8 3.47±0.06
Mixed + uniform prefixes 73.5±0.6 58.7±0.7 64.0±0.7 16.5±0.8 25.0±0.9 3.08±0.07
Prefix-MoE RM w/o curriculum 78.0±0.4 65.0±0.5 71.0±0.5 25.5±0.7 36.5±0.7 3.78±0.05
Prefix-MoE RM + curriculum 80.1±0.3 68.2±0.4 74.2±0.4 32.6±0.4 43.8±0.5 4.28±0.03

sualization: MCQ Avg summarizes the answer-
key MCQ suite, and Non-MCQ Avg summarizes
MedXpertQA, HealthBench, and 10× LLMEval-
Med. In this plot, a vertical gain means better open-
ended medical reasoning at similar MCQ accuracy,
while a top-right movement means the system im-
proves both kinds of evaluation.

Figure 3 shows that the 8B policy moves far
upward on the Non-MCQ axis while retaining com-
petitive MCQ accuracy, and the 32B policy fur-
ther improves both axes. This pattern supports the
main claim that the reward model primarily im-
proves open-ended reasoning while mixed MCQ
feedback preserves exam-style performance. The
comparison is also useful for interpreting scale:
the 8B model reaches the open-ended region of
much larger open and closed models, while the
32B model becomes the strongest point on the Non-
MCQ axis. Thus, the gains in Table 2 are not only
separate benchmark improvements; they move the
model into a different trade-off region.

We next analyze the same trade-off within the
controlled Qwen3-8B ablations to separate the
roles of answer-key reward, learned open-ended
reward, and the full mixed pipeline. This comple-
ments Table 4 by showing each training signal as a
direction in metric space.

Figure 4 shows why both reward sources are
needed: MCQ-only training mainly moves right,
shared-RM training mainly moves upward, and the
full system reaches the best balance. The full sys-
tem is not just an average of those two directions;
it reaches a better top-right point because prefix-
conditioned reward improves the open-ended signal
and the curriculum further raises Non-MCQ perfor-
mance without erasing the MCQ gain. This makes
the trade-off plot a compact check on the intended
division of labor between answer-key rewards and
the learned medical reward model.

62 64 66 68 70 72
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Figure 4: Training-signal benchmark trade-off under the
Qwen3-8B backbone.

4 Conclusion

We presented Prefix-MoE RM, a cognitive-level
prefix-MoE reward model for medical alignment
with both open-ended preferences and MCQ
answer-key feedback. The core idea is to keep a
single scalar reward while conditioning its scoring
context on soft routing over recall, analysis, deci-
sion, and synthesis levels. Instead of forcing all
answers through one scoring rule, the router softly
selects among level-specific contexts, and trainable
prefixes make these contexts more flexible than
fixed prompts. The same reward model guides
mixed-data GRPO, where open-ended prompts re-
ceive learned rewards and MCQ prompts keep
answer-key feedback. Across fixed-pipeline RM
swaps and policy ablations, prefix conditioning
improves reward-to-policy transfer, especially on
non-multiple-choice benchmarks, while answer-
key feedback preserves exam-style performance.
Scaling to Qwen3-32B further suggests that the
recipe transfers within the same model family. To-
gether, these results support level-aware reward
conditioning as a practical way to align medical rea-
soning without abandoning scalar RL rewards. Fu-
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ture work should add broader expert evaluation and
test whether learned prefixes capture interpretable
clinical reasoning differences.

5 Limitations

This work has five limitations. First, cognitive-
level labels are generated by an LLM classifier
rather than manual annotation, so label noise can
affect both reward scoring and curriculum order.
Second, the mixed-data RL pipeline uses answer-
key rule rewards for MCQ prompts, so answer-
extraction errors may reward answer-format behav-
ior rather than medical reasoning quality. Third,
the targeted human evaluation is intentionally small
and does not replace live clinician-patient interac-
tion studies, long-term safety analysis, or uncer-
tainty estimates. Extending the evaluation to expert
human review and controlled multi-turn clinical
dialogue is therefore important before deployment-
oriented claims can be made. Fourth, our taxon-
omy controls show that cognitive levels outper-
form several alternatives, but they do not prove that
this is the best grouping for all medical alignment
data. Finally, comparisons to proprietary systems
may involve different access conditions or reported-
number provenance when direct access is unavail-
able; they should be interpreted as contextual rather
than strict head-to-head claims.
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A Implementation Details

The main experiments use Qwen3-8B as actor,
router, and reward backbone, and repeat the full
recipe with Qwen3-14B/32B actors to test scal-
ing (Qwen Team, 2025). The router is trained for
three epochs with batch size 8, learning rate 10−5,
bfloat16 precision, and a 9:1 train-validation split.
The reward model is trained for three epochs with
batch size 1 per device, learning rate 5× 10−5, co-
sine scheduling, gradient clipping at 1.0, bfloat16
precision, and best-checkpoint selection by pair-
wise accuracy. GRPO uses four rollouts per prompt,
actor learning rate 5× 10−7, KL coefficient 0.02,
prompt length 512, response length 2048, and eight
GPUs for the 8B runs; the 32B scaling runs use ten-
sor parallelism with the same optimization hyper-
parameters. For MCQ evaluation and rule rewards,
we first extract a final option with a regex over final-
answer markers and option letters; if no marker is
found, we fall back to the last standalone option
letter and mark the response malformed when no
valid option can be extracted. Unless otherwise
stated, controlled ablations report the mean and
standard deviation over three random seeds.

B Related Work

Medical LLMs and medical reasoning align-
ment. Medical LLM research has moved from
exam-oriented QA toward broader clinical reason-
ing and communication: Med-Gemini expands
medical capabilities with multimodal and long-
context modeling (Saab et al., 2024), and open
systems such as UltraMedical and HuatuoGPT-o1
use domain data and RL to improve instruction fol-
lowing and complex reasoning (Zhang et al., 2024;
Chen et al., 2025b). Recent medical RL work such
as Med-U1 explores unified reward design across
MCQ, computation, and generation tasks (Zhang
et al., 2025b). Hierarchical medical reward learn-
ing has also been used for clinically aware report
generation, where rewards progress from fluency
to factual grounding and diagnostic consistency
(Wang et al., 2026). Our work is complementary:
rather than optimizing report generation or mak-
ing exam-style tasks the main objective, we train a
cognitive-level reward model on open-ended medi-
cal preferences and use MCQ data only as added
RL feedback.

Reward modeling, preference optimization, and
conditioning. RLHF trains a reward model from

preferences and optimizes a policy with online RL
(Ouyang et al., 2022; Schulman et al., 2017), while
DPO avoids explicit RL through pairwise prefer-
ence likelihoods (Rafailov et al., 2023); reasoning
systems increasingly combine group-relative ob-
jectives with verifiable rewards (Shao et al., 2024;
Guo et al., 2025). At the reward-model level, Re-
wardBench highlights the limits of using one all-
purpose reward score (Lambert et al., 2024), and
recent work decomposes rewards through hierar-
chical objectives, pluralistic or personalized prefer-
ence models, multi-objective preference optimiza-
tion, reward transformation and combination, MoE
reward heads, interpretable routing, and medical
process verification (Lai et al., 2024; Chen et al.,
2025a; Zhou et al., 2024; Wang et al., 2024c; Quan,
2024; Wang et al., 2024a; Yun et al., 2025; Wu
et al., 2026). PrefMoE is especially related because
it uses soft routing over reward experts for mixed
preference data (Yuan et al., 2026); medical rubric-
oriented reward learning instead decomposes clini-
cal quality into multidimensional rubrics and geo-
metric constraints (Jin et al., 2025), while GEM
studies entropy-guided preference modeling for
few-shot alignment in specialized domains (Zhao
et al., 2026). Our design conditions a language-
model reward backbone through fused cognitive-
level prefixes, so the routed signal changes to-
ken representations before a shared scalar head
rather than learning separate expert heads, rubric di-
mensions, or user-personalized reward prototypes.
Medical MoE adaptation methods such as MING-
MOE route inputs to sparse low-rank adapter ex-
perts for multi-task medical generation (Liao et al.,
2024); in contrast, our experts are not generator
adapters but reward-side continuous prefixes tied
to an ordered reasoning taxonomy. Prefix tuning
and prompt tuning provide lightweight continuous
conditioning mechanisms (Li and Liang, 2021; Liu
et al., 2022), with clinical NLP evidence that soft
prompts can help under data scarcity (Peng et al.,
2024; Elfrink et al., 2023). Prefix-MoE RM uses
this idea to replace fixed hard prompts with train-
able reward-side scoring contexts conditioned on
ordered medical cognitive levels.

Medical evaluation and curricula. MedQA,
MedMCQA, PubMedQA, and MMLU medical
subsets remain standard exam-style benchmarks
(Jin et al., 2021; Pal et al., 2022; Jin et al., 2019;
Hendrycks et al., 2020), while MMLU-Pro and
GPQA add harder scientific reasoning stress tests
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(Wang et al., 2024b; Rein et al., 2023). Newer
benchmarks emphasize expert-level and open-
ended evaluation: MedXpertQA targets difficult
clinical reasoning (Zuo et al., 2025), HealthBench
evaluates physician-rubric healthcare conversations
(Arora et al., 2025), LLMEval-Med uses physician-
validated real-world scenarios (Zhang et al., 2025a),
and MedHELM argues for broader task-taxonomy
coverage (Bedi et al., 2025). Construct-validity
arguments further caution that medical bench-
marks should measure explicit clinical constructs
rather than only leaderboard aggregates (Alaa et al.,
2025), while MedPRMBench shows how process-
level medical reward models can be evaluated with
fine-grained reasoning errors (Wu et al., 2026). Cur-
riculum learning and Bloom-style taxonomies moti-
vate ordering examples by difficulty and reasoning
demand (Bengio et al., 2009; Anderson and Krath-
wohl, 2001); we use this structure as one practical
way to condition the non-multiple-choice reward
model, while treating MCQ performance as a check
that exam-style accuracy is preserved.

C LLM Cognitive-Level Labeling Prompt

Before router training, we label UltraMedical-
Preference queries with an LLM classifier at tem-
perature 0. The classifier sees only the question
stem and options when present, and mixed cases
are assigned to the highest required level. The la-
beling prompt is:

Prompt. You are a cognitive-level classifier for
medical questions. Based only on the question
stem and options, without introducing external as-
sumptions, classify the question into one of four
levels. This framework is grounded in Anderson
and Krathwohl’s (2001) revision of Bloom’s Tax-
onomy, adapted for the medical domain.

L1 – Medical Knowledge Recall (Remember
/ Understand): direct retrieval of factual medi-
cal knowledge, definitions, mechanisms, classifi-
cations, or anatomical structures; single-concept
understanding.

L2 – Clinical Analysis and Application (Apply
/ Analyze): application of medical knowledge to
clinical scenarios; integration of symptoms, labs,
or imaging for diagnosis or short-chain treatment
selection; no full management plan.

L3 – Clinical Reasoning and Decision-Making
(Evaluate): multi-step clinical reasoning with
explicit planning or decision-making; treatment
planning, therapeutic-option evaluation, comor-
bidity management, or decisions under uncer-
tainty.

L4 – Biomedical Synthesis and Innovation
(Create): cross-domain synthesis, research pro-
tocol design, literature review, critical evaluation,

ethics, policy, public health analysis, novel hy-
potheses, or comprehensive reports.

Decision rules: single fact or concept suffices
→ L1; clinical data integration for diagnosis or
short-chain application → L2; multi-step treat-
ment planning or patient management → L3;
cross-domain synthesis, research design, ethical
analysis, or creative generation → L4. For mixed
cases, assign the highest required level: L4 > L3
> L2 > L1.

Output format: first line outputs only the label
in a LaTeX box, \boxed{L1/L2/L3/L4}. Second
line is optional and gives a short English reason
of at most 25 words.

Medical question: {question_text}

D Additional Diagnostics

Table 5: Curriculum and reward-source diagnostics.
Non-MCQ Avg uses the same definition as Figure 3;
Parse is the percentage of MCQ outputs with an ex-
tractable final option.

Probe Variant MedQA MedMCQA PubMedQA Non-MCQ Avg Parse %

Schedule Random mix 78.0±0.4 65.0±0.5 71.0±0.5 33.3±0.5 98.6
Schedule Difficulty-balanced 78.4±0.4 65.7±0.4 72.0±0.4 34.5±0.5 98.7
Schedule Reverse curriculum 76.8±0.5 63.9±0.5 69.6±0.5 31.4±0.6 98.3
Schedule Four-stage curriculum 80.1±0.3 68.2±0.4 74.2±0.4 39.7±0.4 98.8

Reward MCQ rule only 78.6±0.5 67.0±0.5 74.0±0.5 23.0±0.6 98.7
Reward Non-MCQ RM only 72.4±0.4 61.2±0.5 68.5±0.5 34.9±0.4 94.2
Reward Prompt-type dispatch 80.1±0.3 68.2±0.4 74.2±0.4 39.7±0.4 98.8
Reward Format-only MCQ rule 74.0±0.5 61.5±0.5 68.0±0.6 25.7±0.7 99.5

Table 5 tests whether the gains require both the
staged data schedule and prompt-type-specific re-
wards. This diagnostic is useful because mixed
medical RL can improve MCQ accuracy while
silently degrading open-ended responses, so we
vary one design factor at a time under the same
Qwen3-8B pipeline. The schedule rows compare
random mixing, difficulty balancing, reverse or-
dering, and the proposed four-stage curriculum;
the reward rows compare MCQ-only, Non-MCQ-
only, dispatch, and a format-only MCQ control.
The four-stage curriculum gives the strongest Non-
MCQ Avg, and prompt-type dispatch preserves
MCQ performance while avoiding the large open-
ended drop of MCQ-only reward. The format-only
control keeps parse rate high but performs worse,
indicating that the MCQ gains are not explained
by answer-format compliance alone. Together, the
table supports treating curriculum order and re-
ward dispatch as separate contributors rather than
attributing the full result to mixed-data RL.

Table 6 tests whether the routed cognitive sig-
nal is actually used by the policy rather than serv-
ing as a cosmetic label. We rerun the full Qwen3-
8B pipeline after changing the routing rule: hard
argmax routing removes uncertainty, larger temper-
atures smooth the distribution, and random flips
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Table 6: Router sensitivity under the full Qwen3-8B
pipeline. Non-MCQ Avg uses the same definition as
Figure 3.

Routing setting MedQA MedMCQA PubMedQA Non-MCQ Avg

Soft routing, τ = 0.1 80.1±0.3 68.2±0.4 74.2±0.4 39.7±0.4
Hard argmax routing 78.8±0.4 67.0±0.4 73.0±0.5 37.8±0.5
Soft routing, τ = 0.5 79.4±0.4 67.6±0.4 73.8±0.4 38.5±0.5
Soft routing, τ = 1.0 78.5±0.4 66.8±0.4 72.7±0.5 37.1±0.5
10% random route flips 78.1±0.5 66.2±0.5 72.3±0.5 36.8±0.6
20% random route flips 77.2±0.5 65.4±0.5 71.4±0.6 35.0±0.7

inject controlled routing noise. Every perturba-
tion lowers Non-MCQ Avg relative to soft routing
with τ = 0.1, with the largest degradation under
20% random route flips. This pattern indicates that
downstream performance depends on preserving
informative level probabilities, not merely on at-
taching any level tag to the reward model. The
hard-routing drop also suggests that uncertainty
over neighboring cognitive levels is useful, espe-
cially when prompts combine factual, analytic, and
decision-making cues.

Table 7: Diversity-regularizer sweep. Prefix cosine
is the mean pairwise cosine similarity between level
prefixes; Non-MCQ Avg uses the same definition as
Figure 3.

λdiv RM Acc Prefix cosine Non-MCQ Avg

0 91.8±0.3 0.61 38.1±0.5
0.03 92.5±0.2 0.48 38.8±0.4
0.10 93.0±0.2 0.32 39.7±0.4
0.30 92.4±0.3 0.21 38.3±0.5

Table 7 examines whether prefix diversity im-
proves specialization or simply over-regularizes
the reward model. We sweep λdiv and track
three linked quantities: reward-model accuracy,
mean pairwise prefix cosine, and downstream Non-
MCQ Avg after RL. Without the regularizer, pre-
fixes remain highly similar and downstream per-
formance is lower, suggesting insufficient special-
ization across cognitive levels. A moderate value,
λdiv = 0.10 gives the best RM accuracy and Non-
MCQ Avg while reducing prefix cosine substan-
tially. Increasing the weight to 0.30 further sepa-
rates prefixes but hurts downstream performance,
so diversity is useful as a calibration term rather
than an objective to maximize by itself.

Tables 8 and 9 check two failure modes of the
frozen router before it is used inside the reward
model. Table 8 asks whether the trained router re-
produces the LLM labeling protocol on held-out
labeled questions, rather than drifting toward a dif-

Table 8: Router validation confusion matrix on a held-
out LLM-labeled split.

Label \ pred. L1 L2 L3 L4 Acc.

L1 recall 270 24 5 1 90.0
L2 analysis 22 250 24 4 83.3
L3 decision 4 28 251 17 83.7
L4 synthesis 1 7 48 244 81.3

Table 9: Router mode-consistency check on held-out
query-response pairs.

Question-only vs. query-response routing Rate

Same argmax level 87.6
Adjacent-level shift 10.1
Non-adjacent shift 2.3
Mean Jensen-Shannon divergence 0.074
Pair input routes higher than question-only 6.5
Pair input routes lower than question-only 5.9

ferent taxonomy. Its errors are concentrated be-
tween adjacent levels, especially L3 and L4, which
is the expected ambiguity boundary between clin-
ical decision-making and broader synthesis. Ta-
ble 9 asks whether routing based only on the ques-
tion is close to routing based on the full query-
response pair, since the policy-time router observes
the prompt rather than a candidate answer. The
87.6% same-argmax rate and low Jensen-Shannon
divergence indicate that question-only routing is
usually stable, while the non-adjacent shift rate re-
mains small. These results justify using the frozen
router as an operational approximation of the label-
ing protocol, but they also delimit the claim: the
router is a reproducible training component, not a
manually validated clinical taxonomy.

E Qualitative Error Analysis

Table 10: Targeted human evaluation on 200 held-out
L3/L4 prompts. Clinical adequacy is a 1–5 rubric score;
safety flags and full-system win/tie/loss are percentages.

Policy Adequacy Safety flag % Full win/tie/loss

Shared-RM fixed pipeline 3.71±0.08 9.8 58.5 / 21.0 / 20.5
Prefix-MoE RM w/o curriculum 3.89±0.07 7.2 51.5 / 28.0 / 20.5
Full Prefix-MoE RM 4.12±0.06 4.6 –

Table 10 tests whether the automatic Non-MCQ
improvements correspond to clinically meaningful
differences on the hardest prompt types. This check
is needed because open-ended medical benchmarks
can reward surface fluency, while L3/L4 use cases
require adequate reasoning, appropriate caution,
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Table 11: Representative L3/L4 qualitative cases from the targeted human evaluation. The table summarizes
behavior rather than reproducing full model outputs.

Case type Prompt summary Improvement in full Prefix-MoE RM Remaining issue

L3 decision Chest pain after phosphodiesterase in-
hibitor use, with diaphoresis and risk fac-
tors

Prioritizes emergency evaluation, ECG/troponin
testing, and nitrate avoidance rather than giving
generic reflux advice

Does not quantify pre-test probability
or local protocol variation

L3 decision Fever and spreading erythema around a
diabetic foot ulcer

Flags possible sepsis and need for urgent
in-person assessment; distinguishes outpatient
wound care from admission-level risk

Antibiotic discussion remains broad
without culture or renal-function details

L4 synthesis Critique an observational study claiming
a drug prevents dementia

Identifies confounding by indication, immortal-
time bias, and need for sensitivity analyses before
causal claims

Misses a possible negative-control anal-
ysis in one output

L4 synthesis failure Compare antiseizure medication options
during pregnancy with incomplete patient
history

More cautious than baselines and recommends
specialist coordination, but the answer becomes
verbose and incomplete on dose adjustment

Still needs stronger handling of missing
constraints and shared decision making

Table 12: RM-only ablation on held-out pairwise preference data over three seeds. Overall pairwise accuracy and
level-wise pairwise accuracy are reported; higher is better.

Reward model Overall L1 recall L2 analysis L3 decision L4 synthesis

Shared RM 79.8±0.5 82.4±0.5 80.5±0.5 77.1±0.7 74.6±0.8
Hard-prompt RM 83.9±0.4 85.8±0.4 84.2±0.5 82.0±0.6 78.9±0.7
Uniform prefix average 84.7±0.4 86.7±0.4 85.3±0.5 82.8±0.6 80.1±0.7
Router probabilities as features 85.8±0.4 87.6±0.4 86.1±0.5 83.7±0.6 81.0±0.7
Embedding-cluster prefixes 86.6±0.4 88.4±0.4 86.9±0.5 84.6±0.6 82.2±0.6
Body-system prefixes 86.9±0.4 88.8±0.4 87.2±0.5 85.0±0.6 82.5±0.6
Soft expert-head MoE 87.6±0.3 89.1±0.4 87.8±0.4 85.8±0.5 83.7±0.6
Prefix-MoE RM 93.0±0.2 94.2±0.3 93.3±0.3 92.1±0.3 90.3±0.4

and avoidance of unsafe advice. Human evaluators
score 200 held-out L3/L4 prompts for clinical ad-
equacy and safety, and compare full Prefix-MoE
RM against the shared-RM and no-curriculum vari-
ants. The full system receives the highest adequacy
score and the lowest safety-flag rate, and it wins
more often than it loses against the shared-RM
fixed pipeline. The evaluation is targeted rather
than deployment-level, but it supports the interpre-
tation that the main benchmark gains reflect better
clinical response quality rather than only metric-
specific improvements.

Table 11 illustrates what changes qualitatively in
the same L3/L4 setting. We include this table be-
cause aggregate adequacy and safety scores do not
show which clinical behaviors improved or which
errors remain. The cases are selected from the
targeted human evaluation and summarized rather
than reproduced verbatim, so the table focuses on
error categories and response behavior. The full
system more consistently recognizes urgent evalu-
ation needs, critiques causal claims, and remains
cautious when patient information is incomplete.
At the same time, the remaining issues show that
the model still needs better calibration, protocol
specificity, and shared-decision framing. These

examples therefore explain the human-evaluation
trend while keeping the limitation visible: cogni-
tive routing improves difficult responses but does
not remove the need for clinical oversight.

Table 12 isolates the reward-modeling contribu-
tion before policy optimization. The purpose is to
distinguish cognitive-level prefix fusion from sim-
pler explanations such as extra parameters, prompt
conditioning, embedding clusters, or body-system
specialization. We evaluate all variants on the same
held-out preference pairs over three seeds and re-
port both overall and level-wise pairwise accuracy.
Prefix-MoE RM reaches 93.0 overall accuracy and
has its largest margins on L3 decision and L4 syn-
thesis, where preference judgments require more
than factual correctness. The capacity-matched al-
ternatives improve over a shared RM but remain
well below the fused cognitive-level prefixes, show-
ing that the gain is not explained by conditioning
capacity alone. This level-wise pattern supports the
paper’s central claim that cognitive routing is most
valuable where a single shared scoring rule is least
adequate.
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