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Abstract

Recent multimodal large language models have
shown great promise in clinical image reason-
ing, but existing post-training pipelines remain
predominantly outcome-centric, relying on fi-
nal answer correctness or sequence-level pref-
erences. This suffers from sparse credit assign-
ment, making it difficult to optimize the reason-
ing process essential for clinical applications.
Our analysis reveals that cascading errors from
early-stage reasoning failures are a leading
cause of incorrect predictions in medical visual
question answering (VQA) benchmarks. Moti-
vated by this, we propose Medical Reasoning-
aware Policy Optimization (MRPO), an RL
algorithm that incorporates step-wise process
rewards. When the final answer is incorrect,
MRPO assigns exponentially larger penalties
to tokens in earlier invalid reasoning steps,
breaking failure cascades without compromis-
ing successful paths. Across three multimodal
LLM backbones, MRPO consistently outper-
forms standard GRPO and a recent RL baseline,
and on Qwen3-VL-8B-Instruct even surpasses
substantially larger medical MLLMs such as
HuatuoGPT-Vision-34B by 2.79 points. More-
over, MRPO reduces early-stage reasoning fail-
ures from 64.0% to 13.0%, showing that tar-
geted mitigation of cascading failures improves
both reasoning quality and final answer accu-
racy. Our code is available here.

1 Introduction

Recent advances in multimodal large language
models (MLLMs) have extended their capabili-
ties to clinical image reasoning (Chen et al., 2024;
Team et al., 2025a), where prior work has explored
chain-of-thought fine-tuning on curated reasoning
traces (Sun et al., 2025; Kim et al., 2025) as well
as reinforcement learning (RL) post-training (Fan
et al., 2025; Lai et al., 2025). However, most post-
training techniques for medical MLLMs remain
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outcome-centric, supervising primarily through fi-
nal answer correctness or sequence-level prefer-
ences (Huang et al., 2025; Liu et al., 2025). This
inherently suffers from sparse credit assignment
problem, when a reasoning trajectory fails, the
learning signal cannot identify which intermediate
steps caused the failure (Mu et al., 2025; Xie et al.,
2025a). This is particularly severe in free-form
generation, where rewards are sparse and delayed,
typically observed only after the entire response is
generated (Chaudhari et al., 2024). Consequently,
learning signals are distributed uniformly across all
tokens, making it difficult for models to learn how
to reason correctly step by step. Since real clinical
environments predominantly involve open-ended
queries, addressing this limitation is essential for
practical deployment of medical MLLMs.

Beyond sparse credit assignment, we identify a
structural failure mode in medical multimodal rea-
soning: early-stage reasoning failure tends to prop-
agate and accumulate, forming failure cascades that
drive final prediction errors. We analyze sentence-
level reasoning traces from existing MLLMs on
open-ended medical VQA benchmarks. The analy-
sis reveals a strong correlation between the position
of the first invalid reasoning step and the likelihood
of an incorrect final answer. Once an early rea-
soning step becomes invalid, subsequent steps are
significantly more likely to fail, even when later
reasoning capabilities would otherwise suffice.

To mitigate this, we propose Medical Reasoning-
aware Policy Optimization (MRPO), an RL algo-
rithm that reshapes the GRPO (Shao et al., 2024)-
based advantage to assign larger penalties to tokens
in earlier failed reasoning steps. MRPO leverages
an answer reward and a step-wise reasoning pro-
cess reward computed by an external judge model
that evaluates each step as valid or invalid. When
the answer reward indicates an incorrect prediction,
we reshape the advantage to assign exponentially
larger penalties to earlier invalid steps, preserving
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successful reasoning trajectories while increasing
the probability of generating correct tokens at the
first invalid step in failed traces. As a result, MRPO
corrects early-stage reasoning failures and encour-
ages valid reasoning in later steps, improving both
answer accuracy and reasoning quality.

To demonstrate its effectiveness, we apply
MRPO to three multimodal LLM backbones,
Qwen2.5-VL-7B-Instruct (Bai et al., 2025b),
Qwen3-VL-8B-Instruct (Bai et al., 2025a), and
InternVL3-8B-Instruct (Zhu et al., 2025), on di-
verse open-ended medical VQA benchmarks. With
only 13K training samples, MRPO consistently
achieves the highest average performance across
all three backbones, outperforming GRPO and the
recent RL baseline GDPO (Liu et al., 2026). On
Qwen3-VL-8B-Instruct, MRPO outperforms larger
medical MLLMs including HuatuoGPT-Vision-
34B by 2.79 points, suggesting that targeted reason-
ing supervision can be a competitive alternative to
large-scale medical instruction tuning. Moreover,
reasoning failure analysis shows that MRPO sub-
stantially improves the reasoning failure pattern,
reducing early-stage failures from 64.0% to 13.0%
and mitigating downstream failure accumulation.

Our contributions are summarized as follows:

» Through systematic analysis of sentence-level
reasoning traces on open-ended medical VQA,
we identify cascading failures as a dominant
cause of incorrect predictions, where early-
stage reasoning failures propagate and accu-
mulate to derail the final answer.

* We propose MRPO, a GRPO-based RL algo-
rithm that incorporates step-wise process re-
wards and reshapes advantages with exponen-
tially larger penalties on earlier failed steps,
directly targeting cascading failures.

* Across three backbones, MRPO consistently
achieves the highest average performance over
standard GRPO and GDPO. On Qwen3-VL-
8B-Instruct, it outperforms larger medical
MLLMs such as HuatuoGPT-Vision-34B by
2.79 points. Moreover, MRPO improves the
reasoning failure pattern, reducing early-stage
failures from 64.0% to 13.0% and mitigating
downstream failure accumulation.

2 Related Works

Multimodal large language models (Team et al.,
2025b; Zhu et al., 2025) have been adapted to med-

ical vision-language tasks (Li et al., 2023; Seller-
gren et al., 2025), evolving from supervised fine-
tuning (Sun et al., 2025; Kim et al., 2025) to GRPO-
based RL (Lai et al., 2025; Pan et al., 2025; Su et al.,
2025) following DeepSeek-R1 (Guo et al., 2025).
To move beyond final-answer supervision, recent
work evaluates individual reasoning steps and uses
them as process rewards in RL (Fan et al., 2025;
Zhi et al., 2025), as inference-time verifiers (Yun
et al., 2025), or as offline preferences (Yang et al.,
2026). However, none redistributes the learning
signal by where a failure occurs, and thus cannot
directly correct the failed step. This is studied more
directly in general-domain reasoning, where token-
level credit assignment such as FSPO (Li and Ng,
2025) and CAPO (Xie et al., 2025a) allocates learn-
ing signals selectively across the trajectory. MRPO
combines this token-level credit assignment with
the medical step-level evaluation. By assigning
exponentially stronger penalties to earlier invalid
steps, MRPO corrects early reasoning failures be-
fore they cascade and steers the model toward valid
reasoning. A detailed overview is in Appendix A.

3 Preliminary Experiments

To analyze structural failures in reasoning patterns
for open-ended medical VQA, we conduct prelimi-
nary experiments across a diverse set of multimodal
LLMs and medical VQA benchmarks.

Experiment Purpose.  We first analyze the rela-
tionship between the point of first reasoning failure
and the final answer incorrect rate. To this end,
we define the First Failure Point (FFP), which rep-
resents the relative position in a reasoning trace
where the first invalid step occurs. Given K total
reasoning steps and the index & of the first invalid
step, we compute FFP = k/K. A lower FFP
indicates that reasoning fails earlier in the trace.
We further examine how reasoning behaves after
the first failure by defining the Failure Accumula-
tion Rate (FAR), which measures the proportion
of failed steps among the remaining steps after the
first failed step. We compute FAR as follows:

FAR — # failed steps after the first féilure 0
# total steps after the first failure

Models and Benchmarks. We evaluate four
MLLMs spanning general-purpose and medical-
specialized domains: (i) General MLLMs: Qwen3-
VL-8B-Instruct (Bai et al., 2025a), InternVL3-
8B-Instruct (Zhu et al., 2025); (ii) Medical
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(B) Failure Accumulation Rate (FAR) across FFP bins.

Figure 1: Step-wise medical multimodal reasoning analysis. (A) Incorrect rate across FFP bins. Earlier first
failures are associated with substantially higher incorrect rates. (B) FAR across FFP bins for correct and incorrect
instances. Incorrect predictions show greater failure accumulation, particularly when the first failure occurs early.

MLLMs: HuatuoGPT-Vision-7B (Chen et al.,
2024), Lingshu-7B (Team et al., 2025a). We use
three medical VQA benchmarks, VQA-RAD (Lau
et al.,, 2018), SLAKE (Liu et al., 2021), and
PathVQA (He et al., 2020). To obtain gold ratio-
nales for each medical VQA instance, we use Med-
Think (Gai et al., 2024), which provides medical
decision-making rationales for these three bench-
marks. We align each MedThink gold reasoning
one-to-one with its corresponding test instance. We
then exclude binary and multiple-choice questions
to focus our experiment on open-ended instances.

Evaluation Metrics. We assess the correctness
of answers to open-ended VQA using an LLM-as-
judge approach (Zheng et al., 2023) with GPT-5-
mini!, following the evaluation prompt design in
PeFoMed (He et al., 2025). The prompt used for
this evaluation is provided in Appendix H.1.
Evaluating the validity of each reasoning step
in medical VQA is inherently challenging, as it
requires identifying domain-specific key findings,
anatomical landmarks, and pathological features
relevant to the question. Without explicit guid-
ance on what constitutes valid observations or in-
ferences, an LLM judge lacks sufficient context
to assess whether a step contributes meaningfully
to the diagnostic process. We thus introduce two
complementary metrics that together define step
validity. (i) Gold Alignment measures whether a
reasoning step is consistent with the gold reasoning
trajectory. By providing expert-annotated reason-
ing as a reference, we anchor the evaluation to
clinically appropriate observations and diagnostic

"We use gpt-5-mini-2025-08-07

directions. (ii) Answer Contribution: measures
whether a reasoning step directly contributes to
deriving the ground-truth answer. This metric cap-
tures cases where a step may diverge from the gold
reasoning path yet still validly supports the correct
conclusion, acknowledging that multiple reasoning
trajectories can lead to the same conclusion. Each
metric is scored binarily at the sentence level using
GPT-5-mini, and a step is valid if it scores 1 on
either metric, reflecting that multiple valid diagnos-
tic pathways can lead to the same conclusion in
medical practice. The prompt is in Appendix H.2.
To validate the reliability of our two LLM-as-
judge protocols, we conduct human evaluation on
answer correctness and step-wise reasoning quality.
Both protocols achieve substantial agreement with
human judgments, as detailed in Appendix B.1.

Results and Analysis. Figure 1A groups in-
stances into bins of width 0.1 based on FFP and
visualizes the incorrect rate within each bin. Ag-
gregating all four models, we observe a clear trend
in which earlier FFPs correspond to earlier failures
in step-wise reasoning and are associated with a
higher probability of incorrect answers. Figure 1B
visualizes FAR across FFP bins separately for cor-
rect and incorrect instances, revealing two obser-
vations. First, across all bins, incorrect instances
exhibit higher FAR than correct ones, suggesting
a strong link between failure accumulation and an-
swer correctness. Second, for incorrect instances,
earlier FFPs show even higher FAR, indicating
stronger downstream failure accumulation when
the first failure occurs early in the trajectory.

In summary, our analysis demonstrates that ini-
tial reasoning failures trigger an error cascade that
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Figure 2: Overview of the MRPO algorithm. The policy model generates multiple reasoning paths, each evaluated
by answer, step-wise reasoning process reward, and length reward. When the answer is judged incorrect, MRPO
assigns larger penalties to earlier failed steps to correct early-stage reasoning failures.

leads to incorrect medical VQA outcomes. Stan-
dard GRPO-based methods struggle to address this,
as they distribute learning signals uniformly across
all tokens, failing to pinpoint early errors. We thus
propose a medical reasoning-aware RL algorithm
that overcomes this limitation by evaluating rea-
soning step-wise and assigning larger penalties to
tokens in the earlier invalid stages of a failed trajec-
tory, targeting the root causes of reasoning failure.

4 Approach

We propose Medical Reasoning-aware Policy
Optimization (MRPO), which improves medical
VQA reasoning by correcting failures in the early
stages of the reasoning process. As shown in Fig-
ure 2, MRPO incorporates both an answer reward
and a step-wise reasoning reward during policy op-
timization. Based on these signals, MRPO shapes
advantages to assign larger penalties to tokens in
reasoning steps that fail earlier when the final an-
swer is judged incorrect. This discourages early-
stage reasoning failures and encourages valid rea-
soning in subsequent steps, thereby improving both
reasoning quality and answer accuracy.

4.1 Reward structure

We define three reward components, (1) Answer
Reward, (2) Reasoning Process Reward, and (3)

Length Reward. The final reward is computed as a
weighted combination of these components.

Answer Reward. To assess how well the
generated answer aligns with the reference an-
swer (Jeong et al., 2024), we adopt a weighted
combination of lexical overlap (A\; = 0.25) and
semantic similarity (Ay = 0.5):

Rans = A1 - (ROUGE-1 + BLEU-1)
+ A9 - BERT Score

ROUGE-1 (Lin, 2004) and BLEU-1 (Papineni
et al., 2002) capture lexical overlap, but can be
sparse for short open-ended medical answers. We
therefore include BERTScore (Zhang et al., 2019)
to provide a denser semantic signal, computed us-
ing BiomedBERT (Chakraborty et al., 2020).

Reasoning Process Reward. We segment the
reasoning text r into K sentence-level steps
{re}X_ |, and evaluate each step 7 given the
ground-truth answer a* and gold reasoning 7* us-
ing two criteria. (i) Gold Alignment assesses
whether step r is consistent with 7*. A step is
aligned if it identifies key findings in 7*, maintains
correct anatomical localization, and follows the
diagnostic pathway. A step is misaligned if it con-
tradicts r*, identifies incorrect anatomical location
or laterality, or gives only generic instead of spe-
cific findings. (ii) Answer Contribution assesses



whether step 7y, directly contributes to deriving a*.
A step is contributive if it explicitly mentions a*
or identifies findings required to derive it. This
captures cases where a step may diverge from the
gold reasoning path yet still supports the correct
conclusion, acknowledging that multiple reasoning
trajectories can lead to the same diagnosis.

These criteria match the reasoning evaluation
metrics in Section 3. Using GPT-5-mini as an LLM
judge, we assign a binary score score(rg,c) €
{0, 1} for each criterion ¢, and set Rpyroc(7%) = 1
if either criterion scores 1, and Rpoc(r;) = 0 oth-
erwise. The prompt is provided in Appendix H.2.

1, if =1, 3 C
, if score(rg, ¢) , de € 3)

Bproc(ri) = {0, otherwise

Length Reward. Reasoning traces with insuffi-
cient length may omit essential diagnostic steps,
while excessively lengthy outputs introduce redun-
dant information. To prevent such behaviors, we
introduce a length-based reward Ry, that regular-
izes the number of reasoning steps. Given a trace
of K sentence-level steps, we define:

— BB K < Konin
Rlen(T) = *%7 it K > Kax “4)
0, otherwise

where K, and K.« denote the minimum and
maximum acceptable step counts, set to 4 and 10
in our experiments. This reward imposes a linear
penalty proportional to the deviation from the ac-
ceptable range, encouraging the model to generate
reasoning traces of appropriate length.

The total reward combines the answer reward,
the step-averaged reasoning process reward, and
the length reward as follows:

K
Rtot ans Z proc Tk +Rlen (5)
k:

4.2 Medical Reasoning-aware Advantage
Shaping

We adopt GRPO (Shao et al., 2024) as our base

policy optimization algorithm. Given an input

x, GRPO generates a set of G candidate outputs

{y1,...,yc}, with rewards {Ri,...,Rg}, and

computes a group-normalized advantage for each
candidate output y; as

Ri - mean({Rl, NN
Std({Rl, v

,Ra})
,Rg})

Most GRPO-based methods compute the advan-
tage at the sequence level and apply the same learn-
ing signal uniformly to all tokens, which fails to
provide differentiated supervision across reasoning
steps. Consequently, it is inadequate for mitigat-
ing the early-stage reasoning failures and ensuing
error accumulation observed in Section 3. To ad-
dress this, MRPO reshapes advantages step-wise
to assign larger penalties to earlier failed reasoning
steps when the final answer is judged incorrect.

A = (0)

Step-wise Advantage Shaping. We adjust token-
level advantages using the answer reward R,,s and
the step-wise reasoning process reward Rproc(7%)
for each step r;. We judge the final answer as
correct if R,,s > 7 and as incorrect otherwise,
where T is set to the midpoint between the mean
R.ys of samples labeled correct and incorrect by
the LLM-as-judge in Section 3, yielding 7 = 0.6.

When the final answer is incorrect and a reason-
ing step is evaluated as invalid (Rproc(7%) = 0),
we reshape the advantage to assign exponentially
larger penalties to tokens in earlier failed steps.
Concretely, for an output y;, we modify the advan-
tage of each token o0; ; € 7}, as follows:

k . RansST
—exp (1 — K7> |4, if and Rproc(r%)=0

A=

Rans<T
+[ 4 if g Rproc(ri)= (7)
A; otherwise

This reshaping more strongly decreases the prob-
ability of inaccurate tokens in earlier failed reason-
ing steps, substantially increasing the probability
of generating correct tokens at the first failure point
and facilitating valid reasoning in subsequent steps.
In contrast, when the final answer is judged correct,
we do not reweight the reasoning tokens, reflect-
ing the intuition that minor imperfections did not
materially hinder arriving at the correct answer.
With this design, MRPO selectively corrects rea-
soning only for incorrect predictions, improving
failed reasoning traces without disrupting success-
ful trajectories. Based on the adjusted advantages,
we optimize the policy using the following GRPO-
based training objective for each input prompt x:



Benchmarks

Model AVG
PMC-VQA VQA-Med Quilt-VQA Rad-VQA MIMIC-VQA
General MLLMs
Qwen2.5-VL-7B-Instruct 28.35 5.18 19.06 27.20 15.08 22.28
Qwen3-VL-8B-Instruct 31.00 9.41 23.90 33.15 15.31 25.61
Qwen3-VL-8B-Thinking 30.75 10.82 22.92 31.20 22.39 26.73
InternVL3-8B-Instruct 30.00 7.59 22.24 37.60 15.20 26.29
LLaVA-v1.6-7B 11.45 3.29 9.94 21.60 7.19 12.67
LLaVA-v1.6-34B 15.90 471 13.12 24.90 9.80 16.00
Medical MLLMs
LLaVA-Med-v1.5-7B 20.65 3.53 14.92 23.60 9.57 17.07
HuatuoGPT-Vision-7B 27.90 8.94 19.61 32.70 16.06 24.28
HuatuoGPT-Vision-34B 31.30 9.65 21.27 33.60 17.63 26.15
Chiron-01-8B 29.30 6.82 20.86 29.85 16.82 24.05
QoQ-Med-7B 28.90 7.76 21.82 26.60 14.56 22.58
Medical Reasoning MLLMs (GRPO)
MedVLM-R1-2B 23.35 5.41 17.54 25.10 12.88 19.51
MedVLThinker-7B 28.90 6.82 20.30 28.85 15.66 23.29
Our Method(MRPO)
Qwen2.5-VL-7B-Instruct(MRPO) 30.85 5.65 22.79 29.65 18.65 25.04
Qwen3-VL-8B-Instruct(MRPO) 33.00 12.00 23.90 40.20 17.46 28.94
InternVL3-8B-Instruct(MRPO) 31.60 7.59 24.31 39.15 20.42 28.75

Table 1: Performance comparison of MRPO against existing MLLMs. All models are evaluated on five out-
of-distribution benchmarks, where VQA-Med denotes VQA-Med-2021, Rad-VQA denotes RadlmageNet-VQA,
and MIMIC-VQA denotes MIMIC-Ext-MIMIC-CXR-VQA. The best result in each column is in bold and the
second-best is underlined. AVG denotes the average across all five benchmarks.

G il

1 1
Jnvrpo(0) = E{Ui}?:lNﬂeold @a ; il ;

) R 8
[min (Pi,t(e) Agg, clip(pie(0), 1 —¢, 14¢) Ai,t) ®)

— B Dxr(mo || ﬂ—ref):|

7T9(Oz‘,t | z, yi,<t)

- (0) =
Pz,t( ) T0o1a (Oi,t ‘ m7yi,<t)

(&)

5 Experiments

5.1 Experimental Setup

Dataset. Our training set is derived from the
training splits of three medical VQA benchmarks,
VQA-RAD (Lau et al., 2018), SLAKE (Liu et al.,
2021), and PathVQA (He et al., 2020), filtered
to open-ended instances, and augmented with
MedThink (Gai et al., 2024), which provides
gold reasoning annotations. For evaluation, test
splits of these three benchmarks serve as our in-
distribution test sets. We further adopt five out-of-
distribution benchmarks spanning diverse imaging
modalities unseen during training, including PMC-
VQA (Zhang et al., 2024), VQA-Med-2021 (Ben
Abacha et al., 2021), Quilt-VQA (Seyfioglu et al.,
2025), RadImageNet-VQA (Butsanets et al., 2026),

and MIMIC-Ext-MIMIC-CXR-VQA (Bae et al.,,
2024). Details are provided in Appendix C.1.

Backbones. We apply MRPO to three open-
source multimodal LLM backbones of comparable
scale, namely Qwen2.5-VL-7B-Instruct (Bai et al.,
2025b), Qwen3-VL-8B-Instruct (Bai et al., 2025a),
and InternVL3-8B-Instruct (Zhu et al., 2025).

Evaluation Metrics. To evaluate answer accu-
racy, we adopt an LL.M-as-judge approach using
GPT-5-mini to assess answer correctness with a bi-
nary label. Accuracy is reported as the proportion
of examples judged correct. The evaluation prompt
is in Appendix H.1, and its reliability is validated
through a human alignment study in Appendix B.1.

Baselines. We compare against three categories
of baselines. (i) General MLLMs, general-
purpose open-source MLLMs of varying sizes,
such as Qwen2.5-VL (Bai et al., 2025b), Qwen3-
VL (Bai et al., 2025a), InternVL3 (Zhu et al., 2025),
and LLaVA-v1.6 (Liu et al., 2023); (ii) Medical
MLLMSs, medical-domain MLLMs trained on spe-
cialized biomedical datasets, including LLaVA-
Med (Li et al., 2023), HuatuoGPT-Vision (Chen
etal.,2024), Chiron-o1l (Sun et al., 2025), and QoQ-
Med (Dai et al., 2025); (iii) Medical Reasoning
MLLMs, medical reasoning MLLMs trained with



In-Distribution

Out-of-Distribution

Method AVG
VQA-RAD SLAKE PathVQA PMC-VQA VQA-Med Quilt-VQA Rad-VQA MIMIC-VQA
QOwen2.5-VL-7B-Instruct
Base Model 42.00 58.29 17.10 28.35 5.18 19.06 27.20 15.08 23.36
SFT 38.50 63.88 18.83 28.50 4.71 18.37 26.20 15.02 23.59
GRPO 44.00 65.27 20.52 31.05 3.76 20.99 29.30 16.71 26.06
GDPO 42.50 66.29 19.60 28.60 7.76 20.17 32.00 16.47 25.92
MRPO 41.50 65.89 21.30 30.85 5.65 22.79 29.65 18.65 26.79
Owen3-VL-8B-Instruct
Base Model 43.00 59.69 21.48 31.00 9.41 23.90 33.15 15.31 26.83
SFT 45.00 66.29 21.27 30.35 7.76 19.48 33.40 15.20 26.79
GRPO 45.00 67.14 20.11 30.25 9.65 24.03 40.60 18.79 28.69
GDPO 42.50 67.28 19.09 32.10 12.47 22.51 40.10 21.46 29.01
MRPO 41.50 68.27 20.43 33.00 12.00 23.90 40.20 17.46 29.09
InternVL3-8B-Instruct
Base Model 45.50 64.73 22.97 30.00 7.59 22.24 37.60 15.20 28.07
SFT 44.00 68.83 26.57 29.50 4.71 17.12 35.20 17.11 27.94
GRPO 42.00 68.27 28.15 30.50 1.76 23.48 38.75 19.49 30.84
GDPO 39.50 71.95 26.18 30.90 10.12 23.20 37.85 17.46 30.11
MRPO 41.00 71.78 29.54 31.60 7.59 24.31 39.15 20.42 31.94

Table 2: Cross-backbone ablation of training methods. We compare MRPO against the base model, SFT, GRPO,
and GDPO on three backbones, namely Qwen2.5-VL-7B-Instruct, Qwen3-VL-8B-Instruct, and InternVL3-8B-
Instruct. All methods are evaluated on three in-distribution and five out-of-distribution benchmarks. The best result
in each column is in bold and the second-best is underlined. AVG denotes the average across all benchmarks.

GRPO, including MedVLM-R1 (Pan et al., 2025)
and MedVLThinker (Huang et al., 2025).

5.2 Main Results

Comparison against MLLMs. Table 1 com-
pares MRPO against existing MLLMs on diverse
medical VQA benchmarks. MRPO consistently im-
proves over the baseline across all three backbones,
most notably on Qwen3-VL-8B-Instruct, where the
average rises from 25.61 to 28.94, an improvement
of 3.33 points. Built on this backbone, MRPO
attains the highest average among all evaluated
models. It obtains the top score on three of the five
benchmarks, with a notable 7.05 point gain over
the baseline on RadImageNet-VQA. Compared to
general-purpose MLLMs, it outperforms all base-
lines regardless of scale, including the strongest
reasoning variant Qwen3-VL-8B-Thinking (26.73)
by 2.21 points. Against medical MLLMs, it out-
performs the largest baseline HuatuoGPT-Vision-
34B (26.15) by 2.79 points despite its substantially
smaller 8B backbone and only 13K training sam-
ples. Together, these results show that targeted rea-
soning supervision can be a competitive alternative
to large-scale medical instruction tuning, inducing
transferable reasoning that generalizes across di-
verse out-of-distribution benchmarks rather than
overfitting to narrow clinical contexts.

Cross-backbone Ablation. To verify that the
gains of MRPO are not specific to a particular back-
bone, we compare MRPO against the base model,
SFT, GRPO, and GDPO (Liu et al., 2026) across
three backbones in Table 2. GDPO is a recent vari-
ant of GRPO that decouples reward normalization
across groups. Training details are provided in
Appendix C.2. MRPO achieves the highest aver-
age score on all three backbones, reaching 26.79
on Qwen2.5-VL-7B-Instruct, 29.09 on Qwen3-VL-
8B-Instruct, and 31.94 on InternVL3-8B-Instruct.
While SFT improves in-distribution performance, it
fails to transfer to out-of-distribution benchmarks
and even degrades several of them. In contrast,
RL-based methods including MRPO yield consis-
tent improvements on both in-distribution and out-
of-distribution benchmarks, indicating that RL in-
duces transferable reasoning capability rather than
overfitting to the training distribution. Among the
RL methods, MRPO consistently outperforms both
GRPO and GDPO, with average improvements of
0.73, 0.40, and 1.10 points over GRPO on the three
backbones. The improvement over GRPO is largest
on InternVL3-8B-Instruct, where MRPO achieves
the best score on five of the eight benchmarks.
This suggests that step-wise advantage reshaping
provides finer-grained credit assignment than the
sequence-level optimization of GRPO and GDPO.
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Figure 3: Sample distribution across First Failure
Point (FFP) stages. Grouped into Early (0.0-0.4), Mid
(0.4-0.7), and Late-Stage (0.7-1.0).

Additional ablations are provided in Appendix D.

5.3 Reasoning Analysis

First Failure Point Analysis. To verify that
MRPO addresses the cascading failure problem
from Section 3, we analyze how the distribution
of reasoning failures changes under MRPO. We in-
clude GRPO and GDPO under identical conditions
to isolate the effect of step-wise advantage reshap-
ing. Following the evaluation protocol in Section 3,
we assess step validity and compare the propor-
tion of samples in each of three FFP stages: Early
(0.0-0.4), Mid (0.4-0.7), and Late-Stage (0.7-1.0)

Figure 3 shows the FFP distribution averaged
across the three backbones. The baseline concen-
trates 64.0% of failures in the early-stage range,
indicating frequent failures at the beginning of the
trajectory. All RL methods reduce this, but MRPO
lowers early-stage failures the most, to 13.0% ver-
sus 21.2% for GRPO and 21.4% for GDPO. Corre-
spondingly, MRPO shifts the largest share of fail-
ures to the late-stage at 47.0%, compared to 9.6%
in the baseline. These results demonstrate that
MRPO’s exponential penalty on early invalid steps
effectively prevents early-stage failures and shifts
the failure distribution toward later stages.

Failure Accumulation Analysis. Figure 4 com-
pares the FAR across FFP bins at 0.2 intervals,
averaged over the three backbones, where a lower
FAR indicates more effective recovery after the first
failure. In the Early-to-Mid-Stage range from FFP
0.0 to 0.6, the baseline exhibits consistently high
FAR, from 64.6% to 70.6%. In contrast, MRPO
records the lowest FAR across this range, with a
particularly pronounced reduction in the 0.0-0.2
bin, where its FAR of 43.3% falls markedly below
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Figure 4: Failure Accumulation Rate (FAR) across
FFP bins. MRPO shows the lowest FAR across all
methods, indicating reduced failure accumulation.

the baseline’s 64.6% as well as GRPO (62.9%) and
GDPO (58.4%). This indicates that MRPO reduces
downstream failure propagation, with the strongest
effect when failures begin early.

Together with the FFP results in Figure 3, MRPO
mitigates cascading failures along two complemen-
tary axes: delaying failure onset and reducing sub-
sequent accumulation. Detailed per-backbone re-
sults, an instance-level paired comparison between
GRPO and MRPO, and qualitative analyses are
provided in Appendix E and Appendix F.

6 Conclusion

In this paper, we show that in open-ended medi-
cal VQA, early-stage reasoning failures systemat-
ically propagate and dominate final prediction er-
rors, exposing a key limitation of outcome-centric
approaches. To address this, we propose MRPO,
an RL algorithm that targets the first point of rea-
soning failure by integrating step-wise reasoning
rewards into policy optimization. When the final
answer is incorrect, MRPO assigns exponentially
larger penalties to earlier invalid steps, correcting
root causes of failure while preserving successful
trajectories. Across three multimodal LLLM back-
bones, MRPO consistently outperforms standard
GRPO and GDPO, achieving competitive perfor-
mance with substantially larger medical MLLMs
using only 13K training samples. Reasoning analy-
sis confirms that MRPO reduces early-stage reason-
ing failures and mitigates downstream failure ac-
cumulation, validating that our approach addresses
the cascading failure problem. These findings sug-
gest that explicitly addressing early reasoning fail-
ures offers a promising direction for developing
more reliable medical multimodal reasoning.



Limitations

Our work has several limitations.

First, MRPO relies on an external LLM judge,
GPT-5-mini, to compute the step-wise reasoning
process reward during RL training. While this de-
sign enables fine-grained sentence-level supervi-
sion without training a separate process reward
model, it incurs additional API cost and a depen-
dency on the judge; a detailed cost breakdown is in
Appendix C.3. As shown in Appendix D.4, GPT-
5-mini provides the highest absolute performance
ceiling among the three process reward models we
evaluate, which is why we adopt it as the default.
Conversely, the weakest judge yields a notable
degradation, indicating that a sufficiently strong
judge is required for the step-wise reward signal
to be effective. A strong open-source multimodal
judge such as MedGemma-27B nonetheless yields
competitive results, making it a viable alternative
when API access is constrained, though it does not
reach the ceiling of GPT-5-mini. This motivates
a promising future direction of training or distill-
ing dedicated medical VQA process reward models
that match frontier-LLM judgment quality while
eliminating the dependency on external APIs.

Second, the construction of step-wise reasoning
rewards in our framework relies on gold reason-
ing annotations from MedThink (Gai et al., 2024).
Extending MRPO to settings without such gold
rationales would require annotation-free reward
signals or weaker forms of step-level supervision,
both promising directions for future investigation.

Third, our evaluation is currently confined to
medical VQA. The cascading failure problem and
the step-wise advantage reshaping mechanism may
generalize to other domains requiring multi-step
reasoning, such as scientific question answering or
legal reasoning, but we leave the empirical verifi-
cation of this generalization to future work.
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A Related Work

A.1 Reasoning in Medical Multimodal Large
Language Models

Multimodal large language models (Team et al.,
2025b; Yang et al., 2025; Zhu et al., 2025) have sig-
nificantly advanced visual understanding through
instruction-based learning, a paradigm widely
adapted to medical vision—language tasks (Singhal
et al., 2022; Sellergren et al., 2025). Early medical
MLLMs primarily relied on supervised fine-tuning
(SFT) with carefully curated or synthetic medical
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data (Sun et al., 2025; Kim et al., 2025; Xie et al.,
2025b). LLaVA-Med (Li et al., 2023) fine-tuned
LLaVA (Liu et al., 2023) on PubMed Central data
for biomedical image understanding.

Following the success of DeepSeek-R1 (Guo
et al., 2025) in enhancing reasoning through
GRPO (Shao et al., 2024), subsequent work
has increasingly adapted RL to the medical do-
main (Zhang et al., 2025a,b). Med-R1 (Lai et al.,
2025), MedVLM-R1 (Pan et al., 2025), and GMAI-
VL-R1 (Su et al., 2025) use GRPO-based training
to enhance medical multimodal reasoning. How-
ever, most of these approaches compute advantages
at the sequence level (Liu et al., 2025; Su et al.,
2025), applying a uniform learning signal across
all tokens that cannot distinguish which reasoning
step led to an incorrect answer.

A.2 Process Supervision for Medical
Reasoning

To address this, a growing body of work has moved
toward evaluating individual reasoning steps in the
medical domain, employing the resulting signal in
various ways. Some approaches integrate step-level
process rewards directly into RL training. ChestX-
Reasoner (Fan et al., 2025) mines step-by-step rea-
soning from clinical reports to guide a two-stage
SFT-then-RL pipeline. MedGR? (Zhi et al., 2025)
trains a generative reward model whose compos-
ite reward, combining reasoning quality and an-
swer correctness, supervises GRPO. Others convert
step-level assessments into offline preferences, as
in Med-REFL (Yang et al., 2026), which distills
tree-of-thoughts reflection values into the policy
through direct preference optimization (DPO). Still
others train a process reward model applied at in-
ference time, as in Med-PRM (Yun et al., 2025),
which verifies each step against retrieved clinical
guidelines to select traces.

The importance of step-level errors is thus
widely recognized, and prior work (Yun et al.,
2025; Zhou et al., 2025) has emphasized that iden-
tifying and correcting errors at specific reasoning
steps is essential for reliable clinical decision mak-
ing. However, none of these methods redistributes
the learning signal according to where a failure
occurs. In all these cases the resulting signal is
summed into the reward and applied at the se-
quence level (Fan et al., 2025; Zhi et al., 2025),
or distilled into trajectory-level preferences (Yang
et al., 2026), and thus does not directly correct the
step at which the failure occurs during training.
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Human-LLM Alignment

Human-LLM Alignment

Dataset N Criteria N

Cohen’s x  Agreement Rate Cohen’s x  Agreement Rate
VQA-RAD 100 0.745 88.0% Gold Alignment 178 0.742 87.1%
SLAKE 100 0.740 87.0% Answer Contribution 178 0.680 83.9%
PathVQA 100 0.617 85.0% Reasoning Process
Total 300 0717 86.7% Reward 178 0712 85.5%

(a) Answer correctness alignment.

(b) Step-wise reasoning quality alignment.

Table 3: Human-LLM alignment on reasoning quality. We report alignment between human judgments and
LLM-based evaluation for answer correctness and step-wise reasoning quality. For answer correctness, the overall
Cohen’s x is 0.717 across 300 samples. For step-wise reasoning quality, both criteria achieve x > 0.68, and the
reasoning process reward achieves k = 0.712, indicating substantial agreement with human judgments.

A.3 Step-wise Credit Assignment

The limitation above, that step-level signals are not
redistributed according to where a failure occurs,
has been studied more directly in general-domain
reasoning. There, recent work explores token-level
credit assignment (Tan et al., 2025; Parthasarathi
et al., 2025; Xie et al., 2025a) to allocate learn-
ing signals more selectively across the reasoning
trajectory. For example, FSPO (Li and Ng, 2025)
uses step-wise factual verification to reward sup-
ported reasoning steps and penalize hallucinated
ones. CAPO (Xie et al., 2025a) leverages an LLM
to generate step-wise critiques for token-level re-
wards. MRPO combines this token-level credit
assignment with medical step-level evaluation. By
assigning exponentially stronger penalties to ear-
lier invalid steps, MRPO corrects faulty reasoning
more effectively than prior medical process super-
vision and steers the model toward valid reasoning.

B Reliability of LLM-as-Judge
Evaluation

B.1 Human-LLM Evaluator Alignment

To validate the reliability of our LLM-as-judge eval-
uation for answer correctness (Section 3 and 5.1)
and step-wise reasoning quality (Sections 3, 4.1,
and 5.3), we conduct a comparison study with a
medical-student human evaluator.

We randomly sample 100 instances from the test
sets of VQA-RAD, SLAKE, and PathVQA, and
generate responses using Qwen2.5-VL-7B-Instruct.
Both the LLM and human evaluators independently
assess these responses. Answer correctness is eval-
uated using the prompt in Appendix H.1 and step-
wise reasoning quality using the prompt in Ap-
pendix H.2, all with GPT-5-mini as the LLM eval-
vator. The human evaluator is provided with the
same criteria specified in each prompt.
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Metrics. We measure inter-rater agreement be-
tween the two evaluators using agreement rate
and Cohen’s k. Agreement rate represents the pro-
portion of samples on which both evaluators made
identical judgments. However, this metric can be
misleading under class imbalance, as high agree-
ment may occur by chance. To address this, we
additionally report Cohen’s x, which adjusts for
chance agreement. Following the guidelines of
Landis and Koch (1977), a Cohen’s x above 0.61
indicates substantial agreement.

Answer Correctness Table 3a reports the align-
ment between the LLLM evaluator and the human
evaluator on the 300 selected instances, broken
down by benchmark. While the agreement rate
approaches 90% across all three benchmarks, we
additionally report Cohen’s x to account for class
imbalance. For VQA-RAD and SLAKE, Cohen’s
x exceeds 0.7, indicating substantial alignment.
For PathVQA, Cohen’s k is lower due to more
severe class imbalance, where the proportion of
incorrect answers is higher. Under such imbalance,
Cohen’s k can be reduced even when agreement
rate remains high. Additionally, PathVQA involves
longer answers and higher question difficulty, mak-
ing correctness judgments more challenging and re-
sulting in lower inter-evaluator agreement. Finally,
when aggregating results across all three bench-
marks, we obtain Cohen’s k = 0.717, indicating
strong alignment between the human evaluator and
the LLM evaluator.

Step-wise Reasoning Quality For step-wise rea-
soning quality evaluation, we first segment each
generated rationale into sentence-level steps and
then score each step based on two metrics: Gold
Alignment and Answer Contribution, which are de-
rived from the process reward criteria introduced in



Method Judge Model Method Judge Model
GPT-5-mini GPT-54 Claude-4.5-haiku GPT-5-mini GPT-54 Claude-4.5-haiku
Qwen2.5-VL-7B-Instruct Early-Stage
GRPO 26.06 24.37 24.96 Baseline 64.0 52.3 54.8
MRPO 26.79 25.01 26.17 GRPO 21.2 24.1 233
Owen3-VL-8B-Instruct MRPO 13.0 19.4 16.7
GRPO 28.69 26.91 28.05 Mid-Stage
MRPO 29.09 27.57 28.73 Baseline 26.4 335 30.4
GRPO 35.1 36.6 359
InternVL3-8B-Instruct
GRPO 30.84 29.32 28.28 MRPO 399 377 37.0
MRPO 31.94 30.69 29.15 Late-Stage
Baseline 9.6 14.2 14.8
. . . GRPO 43.6 39.3 40.8
Table 4: Performance comparison under different MRPO 470 429 163

judge models. Average accuracy of GRPO and MRPO
across three backbones, evaluated by GPT-5-mini, GPT-
5.4, and Claude-4.5-haiku.

Section 3, 4.1, and Section 5.3. Since each instance
contains an average of 3.9 reasoning steps, evaluat-
ing all steps for the full set of 300 instances would
be prohibitively costly. We therefore randomly
sample 50 instances from the 300 and evaluate all
reasoning steps within these instances, resulting in
a total of 178 reasoning steps.

Table 3b reports the alignment between the LLM
evaluator and the human evaluator on the 178 rea-
soning steps. Agreement rates exceed 80% for both
metrics, and Cohen’s x exceeds 0.68 for both Gold
Alignment and Answer Contribution. We further
measure alignment on the reasoning process re-
ward derived from these two metrics. As described
in Section 4.1, this reward is computed binarily, as-
signing 1 when either metric receives a score of
1 and 0 otherwise. Both evaluators independently
score the two metrics and compute the correspond-
ing process reward. We obtain an agreement rate
of 85.5% and Cohen’s k = 0.712, indicating sub-
stantial agreement between the two evaluators.

B.2 Cross-Judge Evaluation

Since MRPO employs GPT-5-mini both as the pro-
cess reward judge during training and as the evalu-
ator for answer correctness, a concern arises as to
whether the observed gains in both answer accuracy
and reasoning quality stem from evaluator-aligned
overfitting to a single judge rather than genuine
reasoning improvement. To address this, we repeat
the evaluations from Section 5.2 and Section 5.3,
replacing the judge with GPT-5.4 and Claude-4.5-
haiku to re-assess answer accuracy and reason-
ing step evaluation across all three backbones and
benchmarks.
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Table 5: Sample distribution across First Failure
Point (FFP) stages under different judge models.
Proportions of early, mid, and late-stage failures for
the baseline, GRPO, and MRPO under different judge
models.

Answer Accuracy. Table 4 reports answer accu-
racy under the three judges. Using each alterna-
tive judge, we re-evaluate answer accuracy on all
benchmarks from Section 5.2, and report the aver-
age score across benchmarks in the table. While
the absolute scores vary across judges, reflecting
differences in their scoring strictness, the relative
ordering between GRPO and MRPO is preserved in
every case. Across all three backbones and all three
judges, MRPO consistently outperforms GRPO
without a single exception. This consistency indi-
cates that the advantage of MRPO is not an artifact
of the specific judge used during training, but rather
a substantive improvement in answer quality that
holds independently of the evaluating judge.

First Failure Point (FFP) Analysis. Under each
judge, we compute the proportion of samples
across FFP stages (Early, Mid, and Late-Stage),
following Section 5.3.

Table 5 reports the resulting proportion of sam-
ples falling into each FFP stage for the baseline,
GRPO, and MRPO under each judge. Although
the exact magnitudes differ across judges, the same
monotonic trend emerges consistently: moving
from the baseline to GRPO and then to MRPO pro-
gressively reduces the share of early-stage failures
while shifting failures toward later stages. Under
all three judges, MRPO records the lowest early-
stage failure proportion and the highest late-stage
proportion, confirming that its effect of delaying
the first failure point is preserved regardless of the



judge. Taken together, these results demonstrate
that MRPO’s mitigation of cascading failures is a
robust property of the method rather than a judge-
specific phenomenon.

C Experimental Setup

C.1 Dataset

Training Dataset. Our training set is derived
from the training splits of medical VQA bench-
marks, VQA-RAD (Lau et al., 2018), SLAKE (Liu
et al., 2021), and PathVQA (He et al., 2020).

* VQA-RAD. VQA-RAD is the first manually
constructed radiology VQA dataset, contain-
ing 315 images from the MedPix database
paired with 2,247 clinician-generated QA
pairs. The images cover head CT and MRI,
chest X-ray, and abdominal CT, with both
open-ended and closed-ended questions.

SLAKE. SLAKE is a bilingual English-
Chinese medical VQA dataset comprising 642
radiology images including CT, MRI, and X-
ray, paired with 14,028 question-answer pairs
annotated by experienced physicians. It cov-
ers five body regions. We use only the English
subset in our experiments.

PathVQA. PathVQA is the first pathology
VQA dataset, containing 4,289 pathology im-
ages and 32,632 question-answer pairs across
eight categories. The dataset was constructed
using a semi-automated pipeline from pathol-
ogy textbooks and digital libraries, with all
pairs manually verified. The majority of ques-
tions are open-ended.

From these sources, we exclude binary and
multiple-choice questions to focus on open-ended
instances, where answers are provided as free-form
text. Gold reasoning annotations are obtained from
MedThink (Gai et al., 2024), a rationale-augmented
resource built on the same benchmarks. To ensure
every training example is paired with a gold reason-
ing annotation, we align our training instances to
MedThink by exact matching on the image, ques-
tion, and answer triple. This procedure yields a
one-to-one mapping between the final training set
and the gold reasoning annotations. After align-
ment, the training set contains 13,381 open-ended
QA instances over 3,556 unique images.
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Evaluation Dataset. For evaluation, we use
two types of benchmarks: in-distribution bench-
marks, consisting of the test splits of our train-
ing datasets, and five out-of-distribution bench-
marks. For the in-distribution benchmarks, we
filter the test splits of the training datasets, VQA-
RAD (Lau et al., 2018), SLAKE (Liu et al., 2021),
and PathVQA (He et al., 2020), to open-ended
QA only, yielding 200, 706, and 3,357 samples
respectively, for a total of 4,263 samples. For
the out-of-distribution evaluation, we additionally
adopt five benchmarks, PMC-VQA (Zhang et al.,
2024), VQA-Med-2021 (Ben Abacha et al., 2021),
Quilt-VQA (Seyfioglu et al., 2025), RadImageNet-
VQA (Butsanets et al., 2026), and MIMIC-Ext-
MIMIC-CXR-VQA (Bae et al., 2024), that span
diverse imaging modalities unseen during training.

* PMC-VQA. PMC-VQA is a large-scale med-
ical VQA dataset comprising 227K question—
answer pairs over 149K images, automati-
cally constructed from figure—caption pairs
in PubMed Central articles via a scalable
pipeline. The dataset spans diverse imaging
modalities and diseases, and although it pro-
vides multiple-choice options for every ques-
tion, we evaluate in an open-ended setting
in our experiments. Specifically, we use the
2,000-sample manually-verified clean test set.

* VQA-Med-2021. VQA-Med-2021 is a radi-
ology VQA benchmark released as part of
the ImageCLEF 2021 challenge, with a pro-
nounced focus on questions about abnormali-
ties in radiology images. Its test set consists of
500 radiology images paired with 500 abnor-
mality questions, and the reference answers
of the test set were manually validated by a
medical doctor to ensure data quality. Among
these, we use only the 425 QA pairs that have
a single ground-truth answer.

* Quilt-VQA. Quilt-VQA is a histopathology
VQA benchmark comprising 985 images
paired with 1,283 human-generated question—
answer pairs, extracted from educational
histopathology videos on YouTube. The
benchmark covers a wide range of diagnos-
tic concepts and supports both open-ended
and closed-ended questions for evaluating
pathology-focused multimodal models. As
Quilt-VQA is released as an evaluation set, in



our experiments we use only the 724 open-
ended QA pairs.

RadImageNet-VQA. RadlmageNet-VQA is
a large-scale CT and MRI VQA dataset built
from expert annotations, providing 750K im-
ages paired with 7.5M question—answer sam-
ples. It covers three diagnostic tasks, abnor-
mality detection, anatomy recognition, and
pathology identification across 8 anatomical
regions and 97 pathology categories, and sup-
ports open-ended, closed-ended, and multiple-
choice questions. For evaluation, the authors
provide a stratified benchmark of 1,000 im-
ages with 9,000 QA pairs. From this bench-
mark, we use only the 2,000 open-ended ques-
tions in our experiments.

MIMIC-Ext-MIMIC-CXR-VQA. MIMIC-
Ext-MIMIC-CXR-VQA is a complex and
large-scale chest radiograph VQA dataset
comprising approximately 377K question-
answer pairs derived from the MIMIC-CXR
database. The dataset is constructed using 48
question templates that involve set and logi-
cal operations, designed to evaluate diverse
aspects of chest X-ray interpretation. From
the test set, we filter to open-ended questions
of the query semantic type, and we further re-
strict these to the 1,724 test samples that have
a single ground-truth answer.

C.2 Implementation Detail

All experiments are conducted with Py-
Torch (Paszke et al.,, 2019) on 8xNVIDIA
A100 GPUs, and we adopt FlashAttention-2 (Dao,
2023) to improve training efficiency. Our imple-
mentation builds on VLM-R1 (Shen et al., 2025),
an open-source GRPO framework for VLMs.

We train MRPO on three backbones, Qwen2.5-
VL-7B-Instruct, Qwen3-VL-8B-Instruct, and
InternVL3-8B-Instruct. To quantify MRPO’s effec-
tiveness and compare it against other methods, all
RL methods including MRPO, GRPO, and GDPO
are trained on the same training dataset under iden-
tical settings. Each method is trained for 1 epoch
with a batch size of 64 and a learning rate of 106,
sampling 8 rollouts per prompt. Following the stan-
dard GRPO configuration (Shao et al., 2024), we
set the KL coefficient 8 = 0.04 and the clipping
range € = (.2 for all RL methods.

For SFT, we train on the same training dataset
augmented with gold reasoning annotations, so the
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Metric GRPO GDPO MRPO
Training Time 110h 25min  113h 39min  120h 54min
Input Tokens 234.3M 245.0M 273.3M
Output Tokens 73.0M 72.8M 78.7TM
Total Cost $192.96 $201.74 $215.48

Table 6: Training resource comparison across RL
methods. We compare training time, token usage, and
total cost for GRPO, GDPO, and MRPO.

model jointly learns to produce the reasoning trace
and the final answer. We employ LoRA (Hu et al.,
2021) with rank 8, alpha 32, and dropout 0.05, with
a learning rate of 2 x 1075 for 3 epochs.

C.3 Training Cost and Efficiency

We compare of training time, token usage, and
total cost across RL methods on Qwen2.5-VL-7B-
Instruct in Table 6. MRPO, GRPO, and GDPO all
issue only a single API call per rollout to jointly
evaluate all reasoning sentences. With 13K sam-
ples and 8 rollouts, this amounts to roughly 107K
calls per epoch across all configurations.

As shown in Table 6, the total cost ranges from
$192.96 (GRPO) to $215.48 (MRPO), with GDPO
in between. MRPO incurs only a marginal increase
over GRPO (x12%), which arises not from addi-
tional judge queries but from MRPO generating
longer, more structured reasoning traces that con-
sume more tokens. This indicates that step-wise
process supervision is practically affordable at this
scale. For larger-scale training, the results in Ap-
pendix D.4 show that while MRPO maintains con-
sistent gains over GRPO even with open-source
judges, their absolute performance still falls short
of API-based judges, as the quality of step-level
evaluation governs the magnitude of RL gains. This
motivates the development of dedicated local pro-
cess reward models that match frontier-judge qual-
ity. We leave this as future work, which would
enable both stronger RL-driven gains and the com-
plete elimination of API dependency.

D Ablation Study

To better understand the contribution of each design
choice in MRPO, we conduct four ablation studies
on two backbones, Qwen2.5-VL-7B-Instruct and
Qwen3-VL-8B-Instruct. Specifically, we examine
the SFT cold-start initialization prior to RL train-
ing, the token-level shaping function for advantage
reshaping, the advantage reweighting strategy, and
the choice of process reward model. All ablations



Method In-Distribution

Out-of-Distribution

VQA-RAD SLAKE PathVQA AVG PMC-VQA VQA-Med Quilt-VQA Rad-VQA MIMIC-VQA AVG

Owen2.5-VL-7B-Instruct

Base 42.00 5829 17.10 25.10 28.35 5.18 19.06 27.20 15.08 22.28
SFT 3850 63.88 18.83 2630 28.50 471 18.37 26.20 15.02 2191
GRPO 44.00 65.27 20.52 29.06 31.05 3.76 20.99 29.30 16.71 24.20
MRPO 41.50 65.89 21.30 29.63 30.85 5.65 22.79 29.65 18.65 25.04
SFT + GRPO  42.00 66.82 22.34 29.67 30.40 6.82 21.13 26.65 13.81 22.71
SFT + MRPO 4250 68.68 23.44 30.85 31.15 6.59 22.24 26.90 14.79 23.35
Owen3-VL-8B-Instruct

Base 43.00 59.69 2148 28.81 31.00 9.41 23.90 33.15 15.31 25.61
SFT 45.00 66.29 21.27 29.84 30.35 7.76 19.48 33.40 15.20 24.89
GRPO 45.00 67.14 20.11 29.06 30.25 9.65 24.03 40.60 18.79 28.46
MRPO 41.50 68.27 2043 2935 33.00 12.00 23.90 40.20 17.46 28.94
SFT + GRPO  40.00 6742 2595 3347 28.25 6.59 19.75 35.20 15.43 24.82
SFT + MRPO 40.50 68.41 26.57 34.15 29.20 7.53 19.48 35.75 14.50 25.05

Table 7: Ablation on SFT cold-start initialization. We compare six configurations across two backbones, Qwen2.5-
VL-7B-Instruct and Qwen3-VL-8B-Instruct, including the base model, SFT, GRPO, MRPO, SFT followed by
GRPO, and SFT followed by MRPO. VQA-Med denotes VQA-Med-2021, Rad-VQA denotes RadImageNet-VQA,
and MIMIC-VQA denotes MIMIC-Ext-MIMIC-CXR-VQA.

are conducted on the same training dataset and
evaluated on three in-distribution and five out-of-
distribution medical VQA benchmarks.

D.1 SFT Cold-Start Initialization

Table 7 reports the effect of initializing the model
with supervised fine-tuning prior to RL training.
We compare six configurations against the base
model, including SFT alone, GRPO alone, MRPO
alone, SFT followed by GRPO, and SFT followed
by MRPO. The cold-start SFT is trained under the
same setting as SFT alone, with training details
provided in Appendix C.2.

A consistent pattern emerges across both back-
bones. SFT cold-start substantially improves
in-distribution performance but degrades out-of-
distribution performance. For Qwen3-VL-8B-
Instruct, combining SFT with MRPO further
improves PathVQA from 20.43 to 26.57 and
SLAKE from 68.27 to 68.41, achieving the highest
in-distribution average among all configurations.
However, the same configuration drops the out-of-
distribution average from 28.94 to 25.05, falling
below MRPO without SFT cold-start. The same
pattern holds for Qwen2.5-VL-7B-Instruct, where
SFT+MRPO yields gains on PathVQA from 21.30
to 23.44 and SLAKE from 65.89 to 68.68 in the
in-distribution setting, but underperforms MRPO
alone on out-of-distribution benchmarks.

This trade-off suggests that SFT on gold rea-
soning annotations overfits the model to the spe-
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cific reasoning patterns of the training distribution,
which improves performance on the matched in-
distribution test sets but weakens the transferable
reasoning capability that RL alone is able to in-
duce. The effect is particularly pronounced on
PathVQA, where SFT cold-start brings the largest
gains, since the gold reasoning annotations from
MedThink most directly align with the PathVQA
test distribution. In contrast, the out-of-distribution
benchmarks such as PMC-VQA, VQA-Med, and
Quilt-VQA show consistent degradation, indicat-
ing that the reasoning patterns learned through SFT
do not generalize to unseen imaging modalities and
question styles. Based on this finding, we adopt
direct RL training without SFT cold-start in our
main experiments, prioritizing the generalization
capability that better reflects the demands of real-
world clinical deployment, where models routinely
encounter queries beyond the training distribution.

D.2 Token-Level Shaping Function

Table 8 reports the effect of different token-level
shaping functions in MRPQO’s advantage reshaping.
We compare four functions for assigning penalties
to tokens in failed reasoning steps: uniform, linear,
quadratic, and exponential. For a failed reasoning
step at relative position %, where k£ denotes the
step index and K denotes the total number of steps,
the penalty multipliers are defined as —1 for uni-

2
form, — < k-1 ) for linear, — < k-1 ) for

K-1 K-1



In-Distribution

Out-of-Distribution

Shaping Function AVG
VQA-RAD SLAKE PathVQA PMC-VQA VQA-Med Quilt-VQA Rad-VQA MIMIC-VQA

Owen2.5-VL-7B-Instruct

Uniform 43.00 6147 18.17 29.20 4.47 20.72 27.10 15.43 24.16
Linear 42.50 6246 19.66 29.95 541 19.89 28.70 16.13 25.18
Quadratic 40.50 64.45 18.59 29.25 5.88 20.17 28.35 17.81 25.05
Exponential (MRPO) 41.50 65.89 21.30 30.85 5.65 22.79 29.65 18.65 26.79
Owen3-VL-8B-Instruct

Uniform 36.00 61.33 19.24 28.60 8.00 20.17 33.35 13.63 25.19
Linear 41.50 62.75 19.72 30.30 7.53 21.55 40.55 16.94 27.70
Quadratic 40.50 62.61 19.48 31.50 7.76 22.10 39.80 14.50 27.35
Exponential (MRPO) 41.50  68.27 20.43 33.00 12.00 23.90 40.20 17.46 29.09

Table 8: Ablation study on token shaping strategies. We compare four token-level shaping functions, namely
uniform, linear, quadratic, and exponential, on two backbones, Qwen2.5-VL-7B-Instruct and Qwen3-VL-8B-
Instruct. VQA-Med denotes VQA-Med-2021, Rad-VQA denotes RadlmageNet-VQA, and MIMIC-VQA denotes
MIMIC-Ext-MIMIC-CXR-VQA. The exponential function corresponds to the proposed shaping strategy in MRPO.

In-Distribution

Out-of-Distribution

Reweighting Strategy AVG
VQA-RAD SLAKE PathVQA PMC-VQA VQA-Med Quilt-VQA Rad-VQA MIMIC-VQA

Qwen2.5-VL-7B-Instruct

Soft Reweighting 45.00 66.71 19.63 28.50 6.35 21.13 28.55 14.10 25.00
Full Reweighting 3550 64.02 20.67 29.65 4.71 19.20 30.40 15.55 25.55
Selective Reweighting (MRPO)  41.50 65.89 21.30 30.85 5.65 22.79 29.65 18.65 26.79
Qwen3-VL-8B-Instruct

Soft Reweighting 45.00 6445 20.88 30.20 6.59 22.38 36.95 14.62 27.29
Full Reweighting 41.50 6445 20.52 30.15 8.00 25.83 38.80 11.95 27.34
Selective Reweighting (MRPO)  41.50 68.27 20.43 33.00 12.00 23.90 40.20 17.46 29.09

Table 9: Ablation study on advantage reweighting strategies. We compare three strategies, namely Soft
Reweighting, Full Reweighting, and Selective Reweighting, on two backbones, Qwen2.5-VL-7B-Instruct and
Qwen3-VL-8B-Instruct. VQA-Med denotes VQA-Med-2021, Rad-VQA denotes RadIlmageNet-VQA, and MIMIC-
VQA denotes MIMIC-Ext-MIMIC-CXR-VQA. The selective reweighting strategy corresponds to the proposed
method in MRPO, which applies advantage reshaping only to instances with incorrect final answers.

k—1

K—1
Each multiplier is applied to | A;]|.

quadratic, and — exp(l — ) for exponential.

Uniform applies the same penalty regardless
of position, while the other three apply progres-
sively stronger penalties to tokens in earlier failed
steps, with exponential providing the steepest de-
cay from early to late positions. A clear pattern
emerges across both backbones. All position-aware
shaping functions substantially outperform the uni-
form baseline, confirming that penalizing early
failures more strongly than later ones is benefi-
cial. Among them, exponential shaping yields the
largest improvement, gaining 2.63 and 3.90 points
on Qwen2.5-VL-7B-Instruct and Qwen3-VL-8B-
Instruct over the uniform baseline, exceeding lin-
ear shaping at 1.02 and 2.51 points and quadratic
shaping at 0.89 and 2.16 points. Exponential shap-
ing also achieves the highest average score on
both backbones, reaching 26.79 on Qwen2.5-VL-
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7B-Instruct and 29.09 on Qwen3-VL-8B-Instruct.
Based on this finding, we adopt exponential shap-
ing as the default token-level function in MRPO,
as it provides the strongest signal for correcting the
root causes of reasoning failures.

D.3 Advantage Reweighting Strategy

Table 9 reports the effect of different advantage
reweighting strategies. We compare three strate-
gies, namely Soft Reweighting, Full Reweighting,
and the proposed selective strategy in MRPO. Full
Reweighting applies the step-wise advantage re-
shaping to all training instances regardless of an-
swer correctness, Soft Reweighting applies the
same reshaping to all instances but scaled by a fac-
tor of 0.5, and MRPO applies the reshaping only
when the answer reward falls below the threshold
T, leaving the advantages of correctly answered
trajectories unchanged.



In-Distribution

Out-of-Distribution

RL method PRM AVG
VQA-RAD SLAKE PathVQA PMC-VQA VQA-Med Quilt-VQA Rad-VQA MIMIC-VQA

Owen2.5-VL-7B-Instruct

- (Base Model) - 42.00 5829 17.10 28.35 5.18 19.06 27.20 15.08 23.26
GRPO MedGemma 41.00 64.73 18.41 30.30 6.35 20.30 28.85 17.34 25.26
GRPO Med-PRM 40.50  65.01 17.27 29.80 6.12 16.99 26.15 14.21 23.64
GRPO GPT-5-mini  44.00 65.27 20.52 31.05 3.76 20.99 29.30 16.71 26.06
MRPO MedGemma 42.00 66.29 19.06 30.60 4.94 20.99 28.50 16.94 25.49
MRPO Med-PRM 3950  62.32 1698 28.60 6.35 18.23 25.85 14.04 23.16
MRPO GPT-5-mini  41.50 65.89 21.30 30.85 5.65 22.79 29.65 18.65 26.79
Owen3-VL-8B-Instruct

- (Base Model) - 43.00 59.69 21.48 31.00 9.41 23.90 33.15 15.31 26.83
GRPO MedGemma 45.00 65.86 19.42 31.20 11.76 21.69 38.45 18.97 28.14
GRPO Med-PRM 43.00 64.87 1298 27.25 7.53 15.19 32.00 18.62 23.59
GRPO GPT-5-mini  45.00 67.14 20.11 30.25 9.65 24.03 40.60 18.79 28.69
MRPO MedGemma 44.00 66.71 19.54 31.05 11.76 22.38 38.65 18.91 28.26
MRPO Med-PRM 40.00 66.29 13.40 27.00 5.18 16.99 33.25 21.00 24.34
MRPO GPT-5-mini  41.50 68.27 20.43 33.00 12.00 23.90 40.20 17.46 29.09

Table 10: Ablation study on process reward models. We compare three process reward models, MedGemma-27B,
Med-PRM, and GPT-5-mini, under both GRPO and MRPO training on two backbones, Qwen2.5-VL-7B-Instruct
and Qwen3-VL-8B-Instruct. VQA-Med denotes VQA-Med-2021, Rad-VQA denotes RadlmageNet-VQA, and
MIMIC-VQA denotes MIMIC-Ext-MIMIC-CXR-VQA. GPT-5-mini is the default process reward model in MRPO.

On both backbones, MRPO consistently out-
performs both Full and Soft Reweighting. On
Qwen3-VL-8B-Instruct, MRPO achieves an aver-
age of 29.09, surpassing Full Reweighting at 27.34
and Soft Reweighting at 27.29 by 1.75 and 1.80
points respectively. The same pattern holds for
Qwen2.5-VL-7B-Instruct, where MRPO reaches
26.79 compared to 25.55 and 25.00 for the two
alternatives. These results indicate that applying
advantage reshaping indiscriminately to all training
instances harms performance by disrupting reason-
ing trajectories that already lead to correct answers.
Restricting reshaping to failed predictions allows
the model to retain the reasoning patterns that al-
ready work while concentrating the learning signal
on the root causes of failure. Based on this finding,
we adopt selective reweighting in MRPO, applying
advantage reshaping only to instances where the
final answer is judged incorrect.

D.4 Process Reward Model

Table 10 reports the effect of different process re-
ward models (PRMs) used to compute the step-
wise reasoning reward [?poc. We compare three
alternatives under both GRPO and MRPO training.
MedGemma-27B is a strong open-source medical
multimodal LLM repurposed as a local judge, Med-
PRM is a process reward model trained specifically

for medical reasoning evaluation that takes only the
question and reasoning text as input without the im-
age, and GPT-5-mini is a frontier general-purpose
LLM accessed via APL

Two clear patterns emerge from the results. First,
MRPO outperforms GRPO in most configurations,
indicating that step-wise advantage reshaping ben-
efits across a wide range of process reward mod-
els. On Qwen3-VL-8B-Instruct, MRPO outper-
forms GRPO with all three PRMs, with gains
of 0.12, 0.75, and 0.40 points with MedGemma,
Med-PRM, and GPT-5-mini, respectively. The
same trend holds on Qwen2.5-VL-7B-Instruct with
MedGemma and GPT-5-mini, while only with the
weakest judge, Med-PRM, does MRPO underper-
form GRPO by a small margin. This pattern sug-
gests that the core benefit of MRPO, the step-
wise reshaping mechanism, is largely robust to
the choice of judge model, as long as the judge
provides sufficiently reliable step-level signals.

Second, GPT-5-mini achieves the highest aver-
age across both backbones and training paradigms,
which is why we adopt it as the default process
reward model in MRPO: it provides the highest
performance ceiling, reaching the best average
on every backbone. On Qwen2.5-VL-7B-Instruct,
MRPO with GPT-5-mini reaches 26.79, surpassing
MedGemma at 25.49 and Med-PRM at 23.16. On

19



Sample Proportion
o
@
i
R
Sample Proportion

12.0%

8.0%

Early-Stage

Mid-Stage
First Failure Point (FFP)

(A) Qwen2.5-VL-7B-Instruct

Late-Stage

0.8

z
E]
3
o
°
>

53.3%

°
IS

35.6% 35.0% 342

Sample Proportion
o
2

14.3%
11.7%

o
Early-Stage Mid-Stage

First Failure Point (FFP)

(B) Qwen3-VL-8B-Instruct

Late-Stage

Baseline
GDPO

. GRPO

N MRPO

anzw 45.8%

42.0%41.6%
38.04 3845

20.0%
17.2%

5.2%
1.8%

Early-Stage Mid-Stage

First Failure Point (FFP)

(C) InternVL3-8B-Instruct

Late-Stage

Figure 5: Sample distribution across First Failure Point (FFP) stages for each backbone. Proportions of samples
falling into Early, Mid, and Late-Stage FFP ranges for the baseline, GRPO, GDPO, and MRPO on Qwen2.5-VL-7B-
Instruct, Qwen3-VL-8B-Instruct, and InternVL3-8B-Instruct.
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Figure 6: Failure Accumulation Rate (FAR) across FFP bins for each backbone. FAR across First Failure Point
(FFP) bins for the baseline, GRPO, GDPO, and MRPO on Qwen2.5-VL-7B-Instruct, Qwen3-VL-8B-Instruct, and
InternVL3-8B-Instruct.

Qwen3-VL-8B-Instruct, MRPO with GPT-5-mini
reaches 29.09, surpassing MedGemma at 28.26
and Med-PRM at 24.34. We attribute this to step-
level evaluation quality. GPT-5-mini is a stronger
evaluator of reasoning steps and aligns well with
human judgments, achieving substantial agreement
on step-wise reasoning quality with Cohen’s
above 0.7, as shown in our human-LLM alignment
study in Appendix B.1. In contrast, MedGemma-
27B is a weaker judge, and Med-PRM receives
only the question and reasoning text without the
image, so it cannot properly assess visual reasoning
and consequently fails to accurately identify which
reasoning steps are invalid. Since the effectiveness
of MRPO’s step-wise advantage reshaping funda-
mentally depends on accurately identifying which
reasoning steps are invalid, a judge with stronger
reasoning-evaluation capability translates directly
into stronger downstream RL performance.

dency as a promising direction for future work.

E Reasoning Analysis

E.1 Reasoning Analysis Across Backbones

To examine the results of Section 5.3 in greater
detail, we decompose the First Failure Point (FFP)
analysis by backbone. As shown in Figure 5,
across all three backbones, the most consistent
finding is the suppression of early-stage, cascade-
inducing failures. The baseline concentrates fail-
ures in the early stage, and while all RL methods re-
duce this, MRPO lowers it the most on every back-
bone, reaching 8.0% on Qwen2.5-VL-7B-Instruct,
14.3% on Qwen3-VL-8B-Instruct, and 12.8% on
InternVL3-8B-Instruct, the lowest among all meth-
ods and below both GRPO and GDPO in each
case. The removed early failures are correspond-
ingly redistributed to later stages, most prominently
as a clean early-to-late shift on Qwen2.5-VL-7B-
Instruct, where the late stage rises from 15.3% to
58.7%. Overall, the directional pattern of fewer
early-stage failures and more late-stage failures
holds consistently across three backbones from dif-
ferent model families, demonstrating that MRPO’s
distinctive contribution, the suppression of early
cascade failures, generalizes across architectures.

Based on these findings, we adopt GPT-5-mini
as the default process reward model in MRPO. We
note that MedGemma-27B yields competitive re-
sults that approach those of GPT-5-mini, making it
a viable alternative when API access is constrained,
and we leave the development of dedicated medical
VQA process reward models that match frontier-
LLM judgment quality without external API depen-
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Figure 6 reports the Failure Accumulation Rate
(FAR) across FFP bins for each backbone, where
MRPO attains the lowest FAR in the earliest bin,
FFP 0.0-0.2, on all three backbones, reaching
43.9%, 39.0%, and 47.1% for Qwen2.5-VL-7B-
Instruct, Qwen3-VL-8B-Instruct, and InternVL3-
8B-Instruct, below every competing method and
well under the baseline. In other words, even when
an early failure does occur, MRPO is the most
effective at preventing it from cascading through
the remaining steps, indicating improved recovery
from early errors. This advantage is concentrated
in the early bins, consistent with MRPO’s design:
because the exponential penalty targets the earliest
failed steps, its strongest effect on failure accumu-
lation emerges precisely where the penalty is ap-
plied. Together with the suppression of early-stage
failures above, this shows that MRPO addresses
cascading failures along two complementary and
architecture-agnostic axes, delaying the onset of
failures and improving recovery once they begin.

E.2 Paired Comparison of GRPO and MRPO

Since MRPO is derived directly from GRPO by
reshaping step-wise advantages, we conduct a
paired, instance-level comparison between the
two methods to isolate the effect of this re-
shaping on individual predictions. We pool the
reasoning traces generated on the test splits of
the three in-distribution benchmarks (VQA-RAD,
SLAKE, and PathVQA) across all three back-
bones (Qwen2.5-VL-7B-Instruct, Qwen3-VL-8B-
Instruct, and InternVL3-8B-Instruct), and evalu-
ate each instance under both methods. Table 11
summarizes the resulting prediction consistency.
The two methods agree on the large majority of
instances, with 25.2% jointly correct and 62.0%
jointly incorrect. The discordant cases, where ex-
actly one method succeeds, are of primary interest:
MRPO is uniquely correct on 6.8% of instances
while GRPO is uniquely correct on 6.0%. We ana-
lyze these two disjoint groups separately. For the
MRPO-only-correct group, we ask how MRPO re-
covers instances that GRPO fails, by examining
where reasoning failures occurred under GRPO
and how they are redistributed under MRPO. For
the GRPO-only-correct group, we conversely char-
acterize the nature of the failures that MRPO newly
introduces. Together, these two analyses reveal not
only the net change in accuracy but the underlying
shift in reasoning behavior that GRPO and MRPO
induce on the same inputs.
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GRPO \ MRPO Correct Wrong
Correct 3220 (25.2%) 768 (6.0%)
Wrong 875 (6.8%) 7926 (62.0%)

Table 11: Prediction consistency between GRPO and
MRPO. Rows indicate GRPO predictions and columns
indicate MRPO predictions.

N NoFFP Early Mid Late |SUM
No FFP 209 8 17 46 | 280
Early (S:Z%) (7.11{%) (172.;'7%) (452?%) Lk
Mid 91 24 33 35 | 183
Late 13817 42 61 | 258
SUM 485 60 119 211 | 875

Table 12: Transition matrix of First Failure Point
(FFP) stages between GRPO and MRPO for MRPO-
only-correct instances. Rows indicate the GRPO FFP
stage and columns the MRPO FFP stage. The GRPO
Early-stage row is highlighted, with percentages com-
puted within that row.

To characterize how MRPO recovers instances
that GRPO answers incorrectly, we track, for each
MRPO-only-correct instances, the First Failure
Point (FFP) stage of its reasoning trace under both
methods. Table 12 reports the resulting transition
matrix, where rows index the GRPO FFP stage and
columns index the MRPO FFP stage. The clear-
est signal is the reduction of early and mid-stage
failures. Under GRPO, these instances exhibit a
substantial concentration of failures in the early and
mid stages, consistent with the cascading-failure
pattern that drives incorrect predictions. Under
MRPO, both are markedly reduced, with early-
stage failures falling from 154 to 60 and mid-stage
failures from 183 to 119, indicating that step-wise
advantage reshaping corrects the early reasoning
errors that GRPO fails to resolve. The redistribu-
tion is most pronounced for the early-stage GRPO
row, highlighted in Table 12: of the 154 instances
that fail early under GRPO, only 7.1% remain in
the early stage under MRPO, while the remaining
92.9% move out of it. Specifically, 30.5% are re-
solved without a detectable failure point, 17.5%
shift to the mid stage, and 44.8% shift to the late
stage. This indicates that MRPO rarely leaves an
early failure in place; instead, it either eliminates
the initial failure or pushes its onset to a later stage,
where the residual error is far less likely to cascade.



GRPO MRPO No FFP Early Mid Late | SUM
No FFP 252 25 66 105 | 448
Early 11 13 6 31 | 6l
Mid 35 18 57 13 | 123
Late 66 1116 43 | 136
S

Table 13: Transition matrix of First Failure Point
(FFP) stages between GRPO and MRPO for GRPO-
only-correct instances. Rows indicate the GRPO FFP
stage and columns the MRPO FFP stage. The MRPO
SUM row is highlighted, with percentages computed
over the total number of samples.

We further note that a portion of the MRPO-only-
correct instances corresponds to GRPO traces with
no detected failure point, the No-FFP row. These
appear to be cases where the reasoning trajectory is
essentially valid but the answer is marked incorrect
due to surface-level expression mismatches rather
than a genuine reasoning error, and thus fall outside
the step-level reasoning behavior analyzed here.
Table 13 reports the symmetric analysis on the
GRPO-only-correct group, characterizing the fail-
ures MRPO newly introduces. Since GRPO an-
swers these correctly, a failure point necessar-
ily emerges under MRPO, so the question is not
whether MRPO fails but at which stage. As shown
in the highlighted SUM row, MRPO’s failures con-
centrate in the late stage at 25.0%, exceeding the
mid (18.9%) and early (8.7%) stages, while many
traces remain free of any detected failure point at
47.4%. In other words, when MRPO answers an
instance incorrectly, the failure tends to occur late
in the trajectory rather than an early failure that
triggers a cascade. Taken together, the two matri-
ces reveal a consistent asymmetry that aligns with
MRPO’s accuracy gain: the instances it newly an-
swers correctly are those where it removes a GRPO
early-stage failure, while the failures it newly intro-
duces shift to the non-propagating late stage.

F Qualitative Analysis

F.1 Stage-wise failure taxonomy

We conduct reasoning evaluation on the test sets of
VQA-RAD, SLAKE, and PathVQA across three
backbones (Qwen2.5-VL-7B-Instruct, Qwen3-VL-
8B-Instruct, and InternVL3-8B-Instruct). We ran-
domly sample 30 failed traces from each First Fail-
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ure Point (FFP) bin of width 0.1, yielding 300
traces, and the authors manually examine the first
invalid step of each. We find that traces with sim-
ilar FFP positions exhibit similar failure patterns
and error types, allowing them to be grouped into
three contiguous ranges, 0.0-0.4, 0.4-0.7, and 0.7-
1.0, with largely homogeneous error types within
each. We refer to these three ranges as the early,
mid, and late stages, respectively. The taxonomy
reveals that failure types are clearly stratified by
stage, and their position determines how severely
they affect the final answer: early-stage failures cor-
respond to errors in establishing the visual premise
and mostly trigger a cascade that corrupts the en-
tire downstream trajectory and leads to an incorrect
answer; mid-stage failures arise during the interpre-
tation of correctly perceived content and propagate
only partially, often still permitting recovery in later
steps; and late-stage failures are confined to termi-
nological expression and rarely affect the validity
of the preceding reasoning. We describe the failure
types and patterns at each stage below.

Early-stage errors. Early-stage failures occur
when the model fails to establish a correct visual
premise at the outset of reasoning, corrupting every
subsequent step that builds upon it. We identify two
types. (1) Default Staining/Modality Assump-
tion (Figure 7): rather than reading the actual
image, the model begins reasoning by defaulting
to the most common modality (e.g., H&E stain-
ing), grounding the entire trace in an unverified
assumption. (2) Wrong Organ/Structure Identifi-
cation (Figure 8): the model correctly recognizes
the image type but, in its first sentence, confidently
specifies an incorrect organ or anatomical structure.

Mid-stage errors. Mid-stage failures arise after
the visual premise is established, when the model
engages with the image but errs in interpretation
or diagnostic judgment. Because the premise is
correct, these errors typically corrupt only the steps
depending on the specific misjudgment rather than
the entire trajectory, so later steps may still recover
and reach the correct answer. We identify two types.
(1) Structural Misidentification (Figure 9): the
model misrecognizes a microstructure as a different
organ or structure. (2) Pathology Omission (Fig-
ure 10): despite a lesion in the image, the model
describes only normal findings.

Late-stage errors. Late-stage failures occur after
the model has correctly perceived the image and



carried out largely valid reasoning, with the error
confined to the final step. Because the preceding
reasoning remains intact, these failures rarely prop-
agate or induce a cascade; they instead reflect a
local breakdown at the point of producing the final
answer. We identify two types. (1) Non-committal
Terminal Conclusion (Figure 11): although the
reasoning proceeds correctly until the late steps,
the model fails to converge on a specific answer
and instead hedges with vague expressions such
as "consistent with" or "possibly”. (2) Terminal
Label/Term Mismatch (Figure 12): having cor-
rectly identified the relevant structure or finding,
the model mismaps it at the final step to an incor-
rect name, laterality (left/right), or specific term.

F.2 Qualitative Case Studies

To complement the quantitative analyses, we qual-
itatively compare GRPO and MRPO reasoning
traces on identical inputs. Each case pairs the two
methods on the same question with every step an-
notated as valid or invalid, so that the divergence
point is visible. We organize the cases around three
mechanisms: Case 1. correcting early failures be-
fore they cascade, Case 2. recovering from early
failures when they occur, and Case 3. the nature of
the residual failures MRPO introduces.

Case 1: Cascade Correction. The most direct
effect of MRPO is correcting the early-stage error
GRPO commits at the outset, before it propagates.
Here GRPO establishes an incorrect visual premise
in its first step, such as a Wrong Organ/Structure
Identification, and every subsequent step inherits
it, locking the trace onto a wrong answer. Given
the same input, MRPO instead grounds its open-
ing steps in the actual visual evidence, so the re-
maining reasoning builds on a correct premise and
converges to the right answer. Figure 13 shows a
gross pathology specimen where GRPO misreads
the liver’s reddish-brown granular cut surface as
spongy lung parenchyma and cascades into an in-
correct organ identification, answering Lung, while
MRPO anchors on the correct premise of a solid
visceral organ and recovers the right answer, Liver.
This reflects the core mechanism behind MRPO’s
reduction of early-stage failures (Section 5.3): sup-
pressing the first misperception sufficies to redirect
the entire trajectory, since downstream reasoning
is conditioned on the corrected premise.

Case 2: Early Recovery. Beyond preventing
early failures, MRPO can also recover from a fail-
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ure once it occurs, which GRPO rarely does. In
these cases both methods reach the same wrong
answer early in the trace, but for different reasons
and with diverging subsequent behavior. GRPO
commits to the mistaken premise and every follow-
ing step inherits it, whereas MRPO re-examines
the image and reverses the error before it reaches
the answer. Figure 14 illustrates this on an MRI-
weighting question. Both traces initially settle
on T2 but for different reasons. GRPO defaults
to the assumption that abdominal MRI is typi-
cally T2-weighted without inspecting the image,
while MRPO engages the image but misreads the
dark peri-hepatic regions as fluid. GRPO never
returns to the image and locks in the wrong answer,
whereas MRPO re-examines the scan, anchors on
the clearly bright subcutaneous fat that signals T1-
weighting, and reverses its drift to recover the cor-
rect answer. This behavior is the case-level counter-
part of MRPO’s lower Failure Accumulation Rate
in the early bins (Section 5.3). Even when an early
error arises, the step-wise penalty discourages the
model from compounding it, allowing later steps
to correct course rather than propagate the mistake.

Case 3: MRPO Loss. For completeness, we also
examine the instances that GRPO answers correctly
but MRPO does not. Consistent with the paired
analysis in Appendix E.2, where MRPO’s losses
concentrate in the late stage, these failures are typ-
ically not cascading errors but local breakdowns
at the final step, after the reasoning has otherwise
proceeded correctly. Here MRPO perceives the
image and reasons validly, but commits a Terminal
Label/Term Mismatch when producing the answer,
mapping a correctly described finding to the wrong
term. Figure 15 shows a representative instance,
where MRPO correctly identifies the spleen and
describes its smooth, curved contour, yet labels the
shape as “lobulated” at the final step, contradicting
its own description and yielding the wrong answer
where GRPO succeeds. Such losses indicate that
MRPO’s residual errors stem from terminal termi-
nology rather than corrupted reasoning, leaving the
preceding trajectory intact and far less likely to
cascade. This points to refining terminal answer
grounding, rather than the reasoning process itself,
as a direction for further improvement.

G RL Training Plots

We provide training-dynamics plots for all
three backbones, Qwen2.5-VL-7B-Instruct (Fig-



ure 16), Qwen3-VL-8B-Instruct (Figure 17), and
InternVL3-8B-Instruct (Figure 18), covering an-
swer reward, reasoning process reward, KL diver-
gence, and completion length.

Across the three backbones, MRPO holds a
slight edge over GRPO on answer reward and a
clearer margin on reasoning process reward. KL
divergence runs somewhat higher for MRPO, a
natural consequence of its stronger step-wise ad-
vantage reshaping, but in all cases it rises early
and then settles rather than diverging, so training
remains stable. Completion length varies by back-
bone and shows no consistent ordering between the
two methods, except on Qwen3-VL-8B-Instruct,
where MRPO produces clearly longer completions.

H Prompts

H.1 Answer Correctness Check Prompt

Answer Correctness Check Prompt

Given a question about a medical image, there
is a correct answer to the question and an
answer to be determined.

If the answer to be determined matches the
correct answer or is a good enough answer
to the question, output ‘O°; otherwise output
‘X‘. Evaluate the answer to be determined
(‘O or ‘X9).

Question

- question about the medical image: {prob-
lem}

- Image: {image}

Answers

- correct answer (ground truth): {solution}

- answer to be determined: {generated an-
swer}

Your response must be a single character: ‘O°
(correct) or ‘X* (incorrect).

H.2 Step-wise Reasoning Evaluation Prompt

Answer Correctness Check Prompt

You are a medical reasoning verification mod-
ule.

Task

You will be given:

- Image: A medical image (provided sepa-
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rately)

- Problem: A medical VQA question about
the image

- Ground_Truth: The correct answer to the
problem

- Gold_Reasoning: Gold reasoning steps (ref-
erence standard)

- Reasoning_Sentences: Generated reasoning
sentences to evaluate

For EACH generated sentence, output:

- Gold Alignment: 0/1
- Answer Contribution: 0/1

General Rules (Apply First)

Automatic 0 for BOTH Gold Alignment
and Answer Contribution:

- Meta-Commentary: "I will identify...", "Con-
sider the possibilities..."

- Empty or meaningless statements

- Pure repetition of previous steps without new
content

Check these rules FIRST before evaluating
Gold Alignment and Answer Contribution.

Evaluation Criteria

#it# Gold Alignment (Gold_Reasoning Con-
sistency)

First, extract Key Elements from
Gold_Reasoning:

- Modality, Context, Key Findings, Anatomi-
cal Location (including laterality), Diagnostic

Direction

"Is this step
Gold_Reasoning?"

Gold Alignment ONLY checks whether the
step matches Gold_Reasoning, regardless of
contribution to answer.

consistent with

- Gold Alignment = 1:

- Early (First 1-2 steps) : Correctly identifies
modality (e.g., "X-ray", "CT", "MRI", "elec-
tron microscopy"), tissue type (e.g., "histolog-

ical section", "gross specimen"), or staining




method (e.g., "H&E", "immunostain") that
matches Gold_Reasoning

- Middle (Middle steps) : Identifies specific
findings mentioned in Gold_Reasoning, in-
cluding: abnormalities, pathological features,
key structures, AND correct anatomical lo-
cation/laterality. Must match Gold’s level of
specificity.

- Later (Last 1-2 steps) : Reaches or clearly
approaches the same diagnostic conclusion as
Gold_Reasoning. Must demonstrate diagnos-
tic reasoning toward Ground_Truth, not just
restate observations.

- If Gold_Reasoning contains diagnostic con-
clusions (e.g., "tuberculosis"”, "adenocarci-
noma", "hemorrhage", "fracture"), generated
reasoning MUST progress toward that diag-
nosis to get Alignment = 1

- Gold Alignment = 0:

- Wrong Location/Laterality: Gold says
"LEFT" but generated says "right"

- Contradiction:  Directly contradicts
Gold_Reasoning

- Misdirection: Different diagnostic direction
than Gold

- Content not mentioned or supported by
Gold_Reasoning
- Missing Critical Findings: Gold identifies
pathological/abnormal findings but generated
only describes normal or generic features
- Specificity Mismatch: Gold is specific (e.g.,
"lymphoma", "abnormal features") but gener-
ated is generic (e.g., "cellular structure"”, "tis-
sue"

- If Gold identifies specific pathology (e.g.,
"granuloma", "infarction", "metastasis", "fi-
brosis") but generated only describes generic
features (e.g., "tissue changes", "some abnor-
mality", "lesion")

- Describing only normal-appearing struc-
tures when Gold identifies abnormalities

### Answer Contribution (Ground_Truth
Derivation)

"Does this step directly help reach

Ground_Truth: ’{solution}’?"

Answer Contribution = 1:
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- Directly mentions Ground_Truth or seman-
tically equivalent terms

- Identifies a finding that is explicitly required
to derive Ground_Truth

- States the specific diagnosis, location, or
structure that matches Ground_Truth

Answer Contribution = 0:

- No direct relevance to Ground_Truth
- Generic observation that applies to any im-
age of this type

- Describes features not connected to
Ground_Truth
- Evasion: "Unknown", "
"None"
- Context-only: states modality/setting with-
out advancing toward Ground_Truth

cannot determine",

Output Format (JSON ONLY):

Return JSON only, with this exact structure:

{
"Reasoning_Check": {

"stepl": {
"Gold Alignment": 1,
"Answer Contribution": 1
o
"step2": { ... }
}
}

Rules:

- Apply General Rules FIRST (meta-
commentary — both 0)
- Evaluate Gold Alignment and Answer Con-
tribution INDEPENDENTLY
- Both values must be 0 or 1
- Do NOT output explanations outside JSON

Inputs:

- "Problem": {problem}

- "Image": {image}

- Ground_Truth: {ground_truth}

- Gold_Reasoning: {gold_reasoning}
"Reasoning_Sentences": {reason-

ing_sentences }




Question | What show apple-green birefringence?
Gold Answer | congophilic areas

Gold Reasoning |

The apple-green birefringence is characteristic of amyloid deposits
when stained with Congo red dye and viewed under polarized light.
The molecular structure of the amyloid fibrils allows them to bind
to Congo red, and when they are aligned in a certain way, they
exhibit this distinctive apple-green color when viewed under the
polarized light. This is a diagnostic feature used in pathology to
confirm the presence of amyloid in tissue samples. The image
likely shows a comparison between tissue sections viewed under
regular light microscopy (on the left, without the birefringence) and
under polarized light microscopy (on the right, exhibiting the apple- |
green birefringence). ,

Early-Stage Failure Case 1 : Default Staining/Modality Assumption

Step1 | x The image appears to be a histological slide, likely stained for lipid or
cholesterol, given the context of birefringence.

The model defaults to a "lipid/cholesterol stain" assumption instead of reading the
actual Congo-red stain, whose apple-green birefringence is the pathognomonic sign
of amyloid. This premise leads it to reinterpret the apple-green signal as lipids rather
than amyloid, propagating through every step to the wrong answer ("cholesterol
esters" instead of congophilic/amyloid deposits

Step2 | x Apple-green birefringence is a characteristic feature seen under polarized
light microscopy when certain lipids, such as cholesterol esters, are present.

Step3 | x The staining method used in the image suggests it could be a lipid stain,
which would explain the birefringence observed.

Step4 | x The presence of this birefringence indicates the presence of these lipids in
the tissue sections.

Answer | x Cholesterol esters

Figure 7: Early-stage failure: Default Staining/Modality Assumption. The model defaults to the most common
modality (e.g., H&E staining) instead of reading the actual image, grounding the entire trace in an unverified premise
that corrupts all subsequent steps.
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Question | Whatis the largest organ in the picture?
Gold Answer | Liver

Gold Reasoning |

The explanation for identifying the liver as the largest organ in the picture
is based on the recognition of the typical shape and location as seen on
atransverse (axial) CT scan of the abdomen. The liver typically appears
as a large, dark area in the upper right quadrant of the abdomen on such
scans, with a characteristic shape that can be distinguished from other
abdominal organs. Given that it's one of the largest solid organs in the
human body and what we can see from the CT scan's cross-section, the
liver is visible and takes up the most space compared to other organs
identified in the same slice. !

Early —Stage Failure Case 2 : Wrong Organ/Structure Identification

Step1 | x The image provided is a CT scan of the chest.

The model correctly identifies the CT modality but misreads the anatomical level as
"chest" rather than upperabdomen, constraining the answer space to thoracic
organs. This premise leads it to fixate on the basal lung air pockets while overlooking
the liver dominating the frame, yielding the wrong answer

Step2 | x In such scans, the largest organ typically visible is the lung.

Step3 | x The lung occupies a significant portion of the thoracic cavity and is usually
the most prominent structure in a chest CT scan.

Step4d | x The lung appears as the large, dark areas on either side of the heart

Step5 | x Given the context of the image, the lung is the largest organ present.

Answer | x Lung

Figure 8: Early-stage failure: Wrong Organ/Structure Identification. The model recognizes the image type
correctly but, in its first sentence, confidently specifies an incorrect organ or anatomical structure, leading the
downstream reasoning to cascade into a wrong answer.
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#77%% Question | What did the microscopic appearance of
medulloblastoma show?

", Gold Answer | small

Gold Reasoning |

"« Medulloblastoma is a type of brain tumor that predominantly
affects children. Under the microscope, medulloblastoma cells
typically appear small, round, and densely packed together with
hyperchromatic nuclei. The cells exhibit high nuclear-to-
cytoplasmic ratios, meaning the nuclei take up most of the cell
volume. The provided image likely shows these features, revealing
the small and densely arranged cells characteristic of this
malignancy. The "small" in the answer refers to the appearance of
the cells when viewed under the microscope, not the overall size of |
the tumor.

Step1 | Q The image provided is a microscopic view of a tissue sample, likely stained to
highlight cellular and structural details.

Step2 | Q Medulloblastoma is a type of brain tumor that originates in the cerebellum.

Step3 | O Microscopically, medulloblastoma typically shows a dense population of
small, round cells with uniform nuclei and scant cytoplasm.

Step4 | x The cells are often arranged in a pattern that can resemble a "fried-egg"
appearance, with a central nucleus surrounded by a halo of cytoplasm.

The "fried-egg" appearance (perinuclear halo) is the hallmark of oligodendroglioma,
not medulloblastoma. This is Structural Misidentification: itimposes a different
tumor's cytologic pattern absent from the image.

Step5 | x The background may show a pinkish or purplish hue due to the staining
method used, which helps in differentiating the cellular components.

Step6 | O The image shows a dense collection of small, round cells with darkly stained

nuclei, consistent with the microscopic appearance of medulloblastoma.

In the final step, the model returns to the actual image and re-derives the correct
features (small round cells, hyperchromatic nuclei), recovering to the right answer

Answer | O dense population of small, round cells with uniform nuclei and scant cytoplasm

Figure 9: Mid-stage failure: Structural Misidentification. After establishing a correct premise, the model
misrecognizes a microstructure as a different organ or structure, corrupting only the steps that depend on this
misjudgment while later steps may still recover.
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Question | What are the hyperintensities surrounding the aorta?
Gold Answer | Calcified atherosclerosis

Gold Reasoning |

\

I

I

I

I

I

I

I

I

I
The hyperintensities noted on the CT scan surrounding the aorta '
represent areas where the tissues have a higher radiodensity compared |
to surrounding structures. In this context, the term \"calcified '
atherosclerosis\" refers to the deposition of calcium within the '
atherosclerotic plagues. Atherosclerosis is a condition in which the \
arteries become narrowed and hardened due to a buildup of plaque :
around the artery wall. The plaque consists of fat, cholesterol, calcium, :
and other substances found in the blood. When this plaque calcifies, it :
can appear as hyperintense on a CT scan due to the high radiodensity of :
I

calcium, which blocks X-rays more than the soft tissue or blood, !
resulting in the brighter area seen on the image. This phenomenon is !
indicative of atherosclerotic disease, which can be arisk factor for !
various cardiovascular events, such as heart attack or stroke. /

Mid-Stage Failure Case 2 : Pathology Omission

Step1 | Q The image is a CT scan showing a cross-sectional view of the abdomen.
Step2 | Q The aorta is visible in the center, and surrounding it are areas of hyperintensity.

Step3 | ° Hyperintensities in CT imaging typically indicate regions with higher density
or contrast uptake.

Step4 | x In this context, the hyperintensities surrounding the aorta could be due to
several reasons such as inflammation, fat deposition, or contrast material.

This step omits calcification, the real finding (calcified plaque) along the aortic wall,
steering the differential toward benign causes. The omission cascades: later steps
commit to "fat" and never reconsider, locking in the wrong answer

Step5 | x Given the location and appearance, these hyperintensities likely represent
fat surrounding the aorta, a normalfinding in abdominal CT scans.

Step6 | x Fat appears hyperintense on CT due to its lower density than surrounding
tissues.

Answer | x Fat

Figure 10: Mid-stage failure: Pathology Omission. Despite the presence of a lesion in the image, the model
describes only normal findings, an interpretation error that arises after the visual premise is correctly established.
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Question | Which sign do you see in the aortopulmonary
window in this image?

Gold Answer | middle mogul
Gold Reasoning |

The aortopulmonary window is an anatomical space between the
aortic arch and the pulmonary artery. On a chest radiograph, like the
one provided, the middle mogul sign refers to an abnormal prominent
bulge or mass in this area. It is typically seen as a silhouette or
contour abnormality on the left border of the mediastinum at the
level of the aortic arch. The sign suggests an enlargement or mass in
the aortopulmonary window, which may be indicative of certain
pathological conditions such as lymphadenopathy, aortic aneurysm,
or other masses. The provided answer of "middle mogul" is based on
\ the recognition of this radiographic feature in the image. ;

Late-Stage Failure Case 1 : Non-committal Terminal Conclusion

Step1 | Q The image provided is a chest X-ray.

Step2 | O In this X-ray, the aortopulmonary window is a region where the aorta and
pulmonary artery are visible.

Step3 | O The aortopulmonary window is typically seen as a clear area between the
aorta and the pulmonary artery.

Step4d | Q In this image, the aorta and pulmonary artery are visible, and there is a clear
space between them, which is the aortopulmonary window.

Step5 | Q Such a prominent contour can correspond to a mass, lymphadenopathy, or
an aneurysm in this region.

Step6 | x This prominent contour points to a mass or lymphadenopathy, though further
. . d L led firm i

The reasoning correctly identifies the abnormal contour through Step 5 and even
points toward the right region, but at the final step the model hedges with "would be
needed to confirm" rather than committing to the specific sign (middle mogul). The
error is confined to the terminal step and leaves the earlier reasoning intact.

Answer | x Mass

Figure 11: Late-stage failure: Non-committal Terminal Conclusion. The reasoning proceeds correctly until
the late steps, but the model fails to converge on a specific answer and hedges with vague expressions such as
“consistent with” or “possibly,” avoiding a definitive conclusion.
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Question | What do renal tubules and glomeruli show?
... Gold Answer | typical coagulative necrosis

. Gold Reasoning |

\
1
1
1
1
1
1
:
1
| Coagulative necrosis is a type of tissue necrosis where the !
 : architecture of dead tissues is preserved for a couple of days. The !
¢ necrosis is typically caused by ischemia or infarction, and in the !
kidneys, it often affects the renal tubules and glomeruli due to their '
high sensitivity to oxygen deprivation. In the given image, which is '
I

I

I

I

I

I

I

I

I

I

I

I

:

I

1

likely a microscopic image of kidney tissue, the typical coagulative
necrosis can be identified by the presence of pale, eosinophilic (pink)
staining cells with loss of nuclear staining, indicating that these cells
are dead but still maintain their basic structural outlines. Even

without the cellular detail that would be provided with higher
maghnification or additional stains, the alteration of normal tissue
architecture and the presence of pale cells suggest necrosis, which

in the context of the kidneys often manifests as coagulative necrosis. ,

Late-Stage Failure Case 2 : Terminal Label/Term Mismatch

Step1 | Q The image is a histological section stained with hematoxylin and eosin (H&E),
commonly used in pathology to visualize tissue architecture.

Step2 | Q The structures visible include tubular formations (renal tubules) and vascular
structures with a central lumen and surrounding capillary loops (glomeruli).

Step3 | Q These are hallmark features of kidney tissue.

Step4 | O The presence of both tubules and glomeruli indicates the image is showing
a kidney biopsy or section, and the question implies a pathological state.

Step5 | x The image shows tubules with pale, shrunken cytoplasm and loss of
nuclear staining, indicating widespread cellular degeneration consistent
with severe pathology.

Step 5 fits Terminal Label/Term Mismatch: the model correctly describes coagulative
necrosis (pale, shrunken cells with loss of nuclear staining) but maps it at the final

step to the wrong term, "atrophy." The error stays local rather than cascading, as only
the terminal naming slips, collapsing an otherwise correct trace into a wrong answer.

Answer | x Atrophy

Figure 12: Late-stage failure: Terminal Label/Term Mismatch. Having correctly identified the relevant structure
or finding, the model mismaps it at the final step to an incorrect name, laterality, or specific term, while the preceding
reasoning remains intact.
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Qualitative Case Study: Case 1) Cascade Correction

- - - - - S S S S S e S S S e e S e e e e e e e e e,

Question | What does this image show?
Gold Answer | Liver

Gold Reasoning |

The image displays a human liver. This organ has been identified by
its distinctive lobular shape and the dark reddish-brown color
which is typical of the liver due to its rich blood supply and iron
content. The visceral surface is shown, and typical liver
morphology, such as the larger right lobe and smaller left lobe, can
be seen. The liver's texture and the vessels that are visible on its
surface also contribute to this identification.

o — ———_——— ———————

1. GRPO

Step1 | x The specimen has a reddish-brown, spongy surface resembling aerated
lung parenchyma.

Early-stage failure(Wrong Organ/Structure Identification) : GRPO misreads the liver's
reddish-brown granular cut surface as "spongy lung parenchyma," setting a wrong-

organ premise at the outset. This false premise cascades: the nodular areas become
alveolar spaces and the central area a bronchial lumen, locking the trace onto "lung."

Step2 | x The pale nodular areas look like air-filled alveolar spaces.
Step3 | x A central cavity suggests a bronchial lumen running through the lobe.

Step4 | x Together, the spongy texture and cavity indicate a lung specimen.

Step1 | Q The image is a gross pathology specimen on a blue background with a scale
bar, not a microscopic or radiological image.

MRPO anchors on the actual evidence from the start reading them as a solid visceral
organ. Building on this correct premise, it converges to the liver, avoiding the lung
misinterpretation that derailed GRPO.

Step2 | Q It has a deep reddish-brown color, a lobulated shape, and a granular, nodular
cut surface.

Step3 | 0 The large size and heterogeneous parenchyma point to a solid visceral organ.
Step4 | ° This color and nodular cut surface are most consistent with the liver.

Step5 I Q Therefore, the image shows a liver.

Figure 13: Case 1: Cascade correction. GRPO’s incorrect premise in the first step cascades into a wrong organ
identification, while MRPO anchors on the correct visual evidence and reaches the right answer.
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Qualitative Case Study: Case 2) Early Recovery

- R R S e R R e e R R e R R e e RS e e e R e e e e e e e e,

Question | What is the mr weighting in this image?
Gold Answer | T1
Gold Reasoning |

The image provided is an MRI scan displaying high signal intensity in
areas of fatty tissue and low signalintensity in fluid areas. In T1-
weighted MR images, fat appears brighter (has a high signal), and water
or cerebrospinal fluid appears darker (has a low signal). The image
characteristics consistent with T1 weighting are the bright appearance
of the subcutaneous fat and other fatty structures, and the darker
appearance of the fluid-filled spaces, such as in the ventricles or any
potential fluid collections.

_____________________________________________________________________

Step1 | o The image is a cross-sectional MRl scan

step2 | I Mostabdominal MRI scans are T2-weighted by default, so this is most
likely T2-weighted.

Early-stage failure(Default Staining/Modality Assumption) : Rather than reading the
image, it defaults to the assumption thatabdominal MRl is usually T2-weighted,
committing to T2 without checking the signal characteristics. This unverified premise
cascades through steps 2-4, which lock in T2 without returning to the image.

Step3 | x T2-weighted images show fluid as bright, the contrast typically soughtin
abdominalimaging.

Step4 | x The appearance fits a standard T2-weighted study.

Step5 | x This indicates the image is T2-weighted.

step1 | €9 Theimage is an axial abdominal MRI showing the liver.

Step2 | x The dark regions in and around the liver look like fluid, suggesting a fluid-
sensitive T2 sequence.

Step3 | x This fluid reading would point toward T2-weighting.

Step4d | ° However, the subcutaneous fat is clearly bright, and bright fat with dark fluid
is the signature of T1-weighting.

MRPO misreads the dark regions around the liver as fluid, drifting toward a T2
interpretation. At step 4, it re-examines the image and anchors on the clearly bright
subcutaneous fat, the signature of T1-weighting, reversing the earlier drift and
recovering the correct answer, T1.

Step5 | Q Anchoring on this fat-bright, fluid-dark pattern, the image is T1-weighted.

Figure 14: Case 2: Early recovery. GRPO defaults to 332 assumption without inspecting the image and MRPO
misreads dark regions as fluid; GRPO locks in the error, while MRPO re-anchors on the T1-characteristic bright
subcutaneous fat and recovers the correct answer.



Qualitative Case Study: Case 3) MRPO Loss

______________________________________________________________________

Question | What is the shape of spleen in the picture?"
Gold Answer | Oval
Gold Reasoning |

The spleen appears oval in the image because of the way itis cutin the
particular cross-section provided by the CT scan. The spleen's shape
can vary depending on the angle of the image slice, and in this specific
image, the plane of the CT cut captures an oval shape of the organ.

1. GRPO
Step1 | 0 The image provided appears to be an axial CT scan of the abdomen.
Step2 | Q The spleen is visible on the left side of the image.

Step3 | Q Observing its shape, it appears to be elongated and somewhat oval.

Answer | Q Oval

2. MRPO
Step1 | 0 The image is an axial CT slice of the abdomen.
Step2 | Q The spleen is visible on the left side of the body, behind the stomach.

Step3 | 0 Its outline appears as a smooth, curved soft-tissue structure following the
contour of the abdominal wall.

Step4 | x Judging from this contour, its shape is lobulated rather than a simple
rounded form.

Late-stage failure (Terminal Label/Term Mismatch) : After correctly identifying the
spleen and its smooth, curved contour in steps 1-3, the model maps that same
contour to the wrong shape term, "lobulated," atthe final step. The error is purely
terminal, contradicting the smooth outline it just described, collapsing an otherwise
correcttrace into the wrong answer instead of "oval."

Answer | x Lobulated

Figure 15: Case 3: MRPO loss. MRPO correctly identifies and describes the spleen but labels its shape as
“lobulated” at the final step, a terminal term mismatch that leaves the preceding reasoning intact.
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Figure 16: Training dynamics of GRPO and MRPO on Qwen2.5-VL-7B-Instruct. Curves show the answer
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Figure 17: Training dynamics of GRPO and MRPO on Qwen3-VL-8B-Instruct. Curves show the answer
reward, reasoning process reward, KL divergence, and completion length over training.

36



InternVL3-8B-Instruct

Answer Reward Curve Reasoning Process Reward Curve
0.70 — GRPO — GRPO
— MRPO 0.9 — MRPO
0.65
0.60
0.55
0.50 /
0.45
400 800 1,200 1,600 400 800 1,200 1,600
Global Step Global Step
KL Divergence Curve Completion Length Curve
1.0 200
— GRPO — GRPO
— MRPO — MRPO
0.8 180
0.6 160
0.4 1 140
bl 120
400 800 1,200 1,600 400 800 1,200 1,600
Global Step Global Step

Figure 18: Training dynamics of GRPO and MRPO on InternVL3-8B-Instruct. Curves show the answer reward,
reasoning process reward, KL divergence, and completion length over training.
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