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Abstract

While reinforcement learning from verifiable
rewards (RLVR) has been proven highly effec-
tive for enhancing reasoning, its application to
medical visual question answering (Med-VQA)
is hampered by models producing reasoning in-
consistent with either the visual evidence or
the final answer. Our analysis reveals a critical
flaw in RLVR training: it paradoxically encour-
ages models to disregard visual evidence and
generate answers that contradict their own rea-
soning. This degradation is most pronounced
in specialized medical modalities (e.g., Fundus,
Ultrasound) where base VLMs lack robust un-
derstanding, a failure we attribute to a flawed
reward mechanism exacerbated by the scarcity
of diverse training data. To tackle this, we in-
troduce Med-Zero-17K, a large-scale dataset
spanning over 30 modalities and 24 clinically
relevant tasks, and the Multi-Consistency Re-
ward (MCR) framework, which explicitly re-
wards both perceptual grounding and logical
coherence. Extensive experiments validate our
approach: integrating MCR into the RLVR
framework delivers robust performance gains.
This success stems from our crucial finding that
rewarding internal consistency is significantly
more effective than attempting to judge rea-
soning correctness. Furthermore, MCR proves
highly versatile, exhibiting strong generaliza-
tion across diverse VLM backbones, compati-
bility with RL algorithms like GRPO and DPO,
and extending its effectiveness to 3D VQA
tasks and R1-style training paradigms.

1 Introduction

Recent advancements have significantly improved
the accuracy of Medical Visual Question Answer-
ing (Med-VQA) (Jiang et al., 2024; Li et al., 2024a;
Kim et al., 2024; Jiang et al., 2025a). However,
the high-stakes nature of the medical domain has
precipitated an urgent shift in focus towards the
interpretability and transparency of the reasoning
processes underlying these decisions (Bouazizi

and Ltifi, 2024; Dong et al., 2025). Reinforce-
ment Learning from Verifiable Rewards (RLVR),
a paradigm that enhances reasoning by rewarding
verifiable outcomes like correctness, has shown
great promise in general domains (Li et al., 2025;
Yue et al., 2025). Approaches like Deepseek-
R1 (Guo et al., 2025) demonstrate that RLVR can
foster robust reasoning without extensive, high-
quality Chain-of-Thought (CoT) data. This makes
it a particularly appealing avenue for the medical
field, where such specialized reasoning data is in-
herently scarce (Liu et al., 2025b, 2024; Zhang
et al., 2025a,c,b).

Despite its promise, the direct application of
RLVR to Med-VQA yields only limited improve-
ments (Liu et al., 2025c; Bai et al., 2024b). We
observe two fundamental failure modes. First, as
depicted in Figure 1(a), models exhibit perceptual-
reasoning misalignment, generating plausible-
sounding rationales that bypass correct image anal-
ysis. Second, Figure 1(b) illustrates reasoning-
answer inconsistency, where the final answer fails
to logically follow from the stated reasoning. These
errors highlight a significant gap between achieving
correctness and ensuring trustworthy reasoning.

To understand if these failures are isolated inci-
dents or a systemic issue, we conducted an in-depth
analysis of the RLVR training dynamics. Our inves-
tigation reveals a paradoxical degradation: as accu-
racy rewards increase, models paradoxically learn
to disregard visual evidence and generate more
answers inconsistent with their own reasoning (Fig-
ure 1(c)). Crucially, this failure is most pronounced
in specialized medical modalities (e.g., fundus, ul-
trasound) where the base VLM lacks robust under-
standing (Figure 1(d)). We attribute these issues
to a flawed reward mechanism exacerbated by the
scarcity of diverse medical datasets suitable for
RLVR (Liu et al., 2025b).

To address these dual challenges, we propose a
framework that jointly advances data and algorith-
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Figure 1: Inconsistency patterns in medical decision-making reasoning. This phenomenon is more pronounced in
modalities where base VLMs demonstrate limited understanding.

mic design. On the data front, we introduce Med-
Zero-17K, a large-scale dataset specifically curated
for medical RL. Spanning over 30 modalities and
24 clinical tasks, it provides the diverse and chal-
lenging scenarios necessary for robust policy opti-
mization. On the algorithmic front, we propose the
Multi-Consistency Reward (MCR) framework. It
augments standard RLVR by directly targeting the
identified failure modes with two novel reward sig-
nals: The perceptual-cognitive consistency reward
encourages genuine visual grounding by leveraging
contrastive perturbations. By rewarding the model
for its ability to distinguish between clean and cor-
rupted images—maintaining accuracy on the for-
mer while failing on the latter—it disincentivizes
hallucinated reasoning and forces the model to rely
on actual visual features. The cognitive-decision
consistency reward addresses inconsistency by em-
ploying an external LLM as an automated judge.
Critically, this judge does not evaluate the correct-
ness of the reasoning, but simply verifies the logical
entailment between the model’s generated thought
process and its final answer, ensuring the decision
is a direct consequence of the stated rationale.

We validate our approach across six diverse
benchmarks, encompassing in-domain and out-
of-distribution tests that span broad modality un-
derstanding, knowledge-driven reasoning, and in-
depth modality VQA. Across these, MCR consis-
tently enhances the RLVR framework, with partic-
ularly pronounced gains on generalization bench-
marks. This success is rooted in a central finding
from our analysis: rewarding internal consistency
provides a more stable and effective learning signal
than attempting to reward absolute correctness. No-
tably, we also observe that this consistency-focused
approach fosters an emergent behavior during RL
training: the generation of longer and more elabo-
rate reasoning chains. Beyond these findings, our
analyses underscore MCR’s versatility. We show

it delivers consistent gains across diverse VLM
backbones, generalizes to 3D VQA tasks without
domain-specific training, and maintains compat-
ibility with multiple RL algorithms like GRPO
and DPO, even proving effective within R1-style
paradigms. Collectively, these results establish
MCR as a robust and practical framework for ad-
vancing trustworthy reasoning in medical AI.

2 Related Work

Reinforcement Learning with Verified Rewards.
RLVR has shown strong promise in enabling rea-
soning without extensive supervision (Shao et al.,
2024; Jiang et al., 2026; Lambert et al., 2024;
Zhang et al., 2025b). GRPO (Shao et al., 2024) im-
proves on PPO (Schulman et al., 2017) by replacing
value functions with group-based scoring, and R1-
Zero (Liu et al., 2025c) demonstrates that purely
RL-driven training guided by rule-based rewards
can foster robust reasoning without explicit CoT
supervision. Consistency-based training has been
explored across domains: self-consistency sam-
pling improves CoT reasoning (Wang et al., 2022),
process reward models verify step-wise correctness
in math (Luo et al., 2025; Liu et al., 2025a), self-
debugging enforces output-specification coherence
in code (Chen et al., 2023). Our work extends this
principle to medical RLVR, where we show that
rewarding reasoning-answer consistency provides
more stable training signals than judging reasoning
correctness.

Medical Reasoning and Cross-Modality Align-
ment. Earlier medical VLMs focused on domain
adaptation: LLaVA-Med (Li et al., 2024a), Hu-
atuoVision (Chen et al., 2024), Med-MoE (Jiang
et al., 2024, 2025a). More recent work targets
reasoning capability through supervised CoT (Liu
et al., 2024; Gai et al., 2024; Jiang et al., 2025a) or
RL-based approaches (Lai et al., 2026; Pan et al.,
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Figure 2: Overview of the Med-Zero-17K which encompasses 4 distinct granularity levels of image annotations and
24 diverse clinical tasks, covering various human organs and over 30 modalities.

2025; Jiang et al., 2025b), but these largely rely
on in-domain data and struggle to generalize. For
cross-modality alignment, MMed-RAG (Xia et al.,
2024) constructs preference pairs using unrelated
images for offline DPO-based RAG alignment. Our
RPCR differs in three key aspects: (1) perturbation
strategy—we use cosine-annealed diffusion noise
instead of unrelated images, creating a curriculum
that prevents reward hacking (Table 16); (2) train-
ing regime—we operate within online GRPO rather
than offline DPO, and validate compatibility with
both (Appendix C.5); (3) problem scope—we tar-
get CoT-level visual grounding in RLVR rather
than text-retrieval alignment.

2.1 Med-Zero-17K Dataset

To address the scarcity of high-quality RL
datasets in the medical domain, we introduce
Med-Zero-17K, a comprehensive dataset spanning
30 medical imaging modalities and 24 clinically rel-
evant tasks. We employed Qwen2.5-VL-72B (Bai
et al., 2025) to generate VQA pairs from PubMed-
Vision’s (Chen et al., 2024) image-caption data,
significantly enhancing modality diversity. Clini-
cal questions are categorized into three complexity
levels representing progression from basic percep-
tion (Level 1) through detailed feature assessment
(Level 2) to complex diagnostics (Level 3), as illus-
trated in Figure 2. Annotations are provided across
4 perceptual granularities: image-level, shape-level,
bounding box, and segmentation masks.

To ensure high quality, we implemented a multi-
stage filtering pipeline addressing: (1) image reso-
lution and aspect ratio filtering to preserve diagnos-
tic information, (2) aesthetic scoring to remove low-
quality images, (3) diversity-ensuring sampling via
k-NN clustering to balance modality representa-
tion, (4) mixed difficulty filtering retaining ques-
tions with partial correctness to avoid advantage
skew, and (5) generated QA validation ensuring
visual grounding. Complete filtering details are
provided in Appendix B. This carefully structured
dataset facilitates stable, progressive RL training,
empowering models to transition from fundamental
perception to sophisticated clinical reasoning.

2.2 Multi-Consistency Reward (MCR)
Framework

To address the perceptual-reasoning misalignment
and reasoning-answer inconsistency identified in
our analysis, we propose the Multi-Consistency
Reward (MCR) framework. MCR enhances stan-
dard RLVR by augmenting policy optimization
with specialized reward signals that enforce coher-
ence throughout the reasoning-to-answer pipeline.
Importantly, MCR is compatible with RL algo-
rithms including GRPO and DPO (Appendix C.5).
Key hyperparameters are in Appendix Table 11.

Decision Accuracy Reward (RDAR). To provide
the primary verifiable learning signal, this com-
ponent rewards correct final answers. Given a
question-image pair q and model output o = (p, a)
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Figure 3: Overview of MCR which comprises four key components: (a) RL dataset construction using a mixed
difficulty strategy, (b) RPCR to align reasoning with visual inputs, (c) RCDR to maintain coherence between reasoning
and decisions, and (d) RDAR to align decisions with correct answers.

where p is the reasoning process and a is the final
answer, we define: RDAR(o) = rdar if a matches
ground truth, 0 otherwise, where rdar = 0.8.

Cognitive-Decision Consistency Reward (RCDR).
To enforce logical consistency between reason-
ing and answers, we employ an external LLM
judge to verify logical entailment—whether the
answer follows from the reasoning—rather than
judging reasoning correctness, which is unreliable.
We use GPT-4o (prompt in Appendix 14) where
J (p, a) ∈ {True,False} denotes the judge’s as-
sessment of whether a logically follows from p.
Then RCDR(o) = rcdr if J (p, a) = True, 0 oth-
erwise (rcdr = 0.1). Table 5 shows open-source
alternatives achieve comparable performance.

Perceptual-Cognitive Consistency Reward
(RPCR). To incentivize stronger visual fea-
ture utilization in multimodal reasoning, this
reward provides a self-supervised learning
signal through contrastive image pairs. Unlike
prior cross-modality alignment methods that
use unrelated images (Xia et al., 2024), we
employ cosine-annealed diffusion corruption with
timesteps decreasing from 500 to 100 (detailed
in Appendix C.2), implementing a curriculum
from coarse-level to fine-grained visual feature
learning within online GRPO. At batch level, we
compute accuracy on clean (accclean) and corrupted
(acccorrupt) images. Individual samples receive
rpcr = 0.1 when: (1) accclean − acccorrupt > 0.3

at batch level, indicating the model actively uses
visual features, and (2) the sample is correct
on clean images. This self-supervised signal
incentivizes visual evidence utilization while
maintaining training stability through batch-level
computation.

Policy Optimization. The total MCR reward
combines all components: RMCR(o) = RDAR(o) +
RPCR(o) + RCDR(o). Following mainstream
practices in RLVR, we integrate MCR with
GRPO (Shao et al., 2024) for Med-VQA tasks. For
each input q, the policy model πθ generates G can-
didate outputs. We compute advantages via group-
wise normalization: Ai = (RMCR(oi)−µG)/(σG+
δ), where µG and σG are the group mean and stan-
dard deviation. These advantages weight the PPO-
clipped objective with ϵ = 0.2. Complete GRPO
integration details are in Appendix C.3. We also
validate MCR’s compatibility with DPO in Ap-
pendix C.5. By integrating MCR, the RL algorithm
optimizes simultaneously for answer correctness,
logical coherence, and genuine utilization of visual
evidence.

3 Experiments

3.1 Experiments Setup

Evaluation Benchmarks. We evaluate MCR
across six benchmarks spanning three categories,
following established protocols (Chen et al., 2024;
Li et al., 2024a; Jiang et al., 2024). (1). Domain-
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Table 1: The results of the medical VQA benchmark.

Model VQA-RAD SLAKE PathVQA PMC-VQA Avg.

Gemini-2.0-flash-lite 59.4 73.1 64.9 50.8 60.5
GPT-4.1-Nano 61.8 73.1 70.6 53.1 64.5
Med-Flamingo 45.4 43.5 54.7 23.3 41.7
RadFM 50.6 34.6 38.7 25.9 37.5
LLaVA-Med-7B 51.4 48.6 56.8 24.7 45.4
Qwen-VL-Chat 47.0 56.0 55.1 36.6 48.9
Yi-VL-34B 53.0 58.9 47.3 39.5 49.7
LLaVA-v1.6-7B 52.6 57.9 47.9 35.5 48.5
LLaVA-v1.6-13B 55.8 58.9 51.9 36.6 50.8
LLaVA-v1.6-34B 58.6 67.3 59.1 44.4 57.4
LLaVA-v1.5-LLaMA3-8B 54.2 59.4 54.1 36.4 51.0
LLaVA_Med -LLaMA3-8B 60.2 61.2 54.5 46.6 55.6
PubMedVision-8B 63.8 74.5 59.9 52.7 62.7
HuatuoGPT-Vision-34B 68.1 76.9 63.5 58.2 66.7
Qwen2.5-VL-7B 70.9 72.8 65.7 54.9 66.0
Qwen2.5-VL-7B + SFT 75.2 81.0 66.9 52.2 68.8
Qwen2.5-VL-7B + MCR-GRPO 78.5 79.1 68.9 55.5 70.5
Qwen2.5-VL-7B + MCR-GRPO-R1 82.5 81.3 71.5 52.9 72.1

Figure 4: Comparision of MCR and GRPO. More details are in Table 15

Table 2: The accuracy of OmniMedVQA (Hu et al., 2024) within different modalities. Specifically, FP denotes
Fundus Photography, MRI denotes Magnetic Resonance Imaging, CT denotes Computed Tomography, OCT denotes
Optical Coherence Tomography, Der denotes Dermoscopy, Mic denotes Microscopy Images, US denotes Ultrasound,
and X-Ray denotes X-Ray.

Model CT FP MRI OCT Der Mic X-Ray US Avg.

Med-Flamingo 34.6 33.3 27.5 26.0 28.3 28.1 30.1 33.2 30.2
RadFM 33.3 35.0 22.0 31.3 36.3 28.0 31.5 26.1 30.5
LLaVA-Med-7B 25.3 48.4 35.9 42.1 45.2 44.0 31.7 83.7 44.5
Qwen-VL-Chat 51.5 45.4 43.9 54.0 55.4 49.5 63.1 33.5 49.5
Yi-VL-34B 39.8 57.2 51.4 70.5 54.5 61.4 64.2 40.5 54.9
LLaVA-v1.6-7B 40.1 39.5 54.8 58.4 54.0 48.8 53.3 47.9 49.6
LLaVA-v1.6-13B 40.0 43.6 47.4 63.2 58.0 50.5 59.6 42.6 50.6
LLaVA-v1.6-34B 50.6 63.4 60.9 68.4 65.7 62.8 74.7 44.5 61.4
LLaVA-v1.5-LLaMA3-8B 33.0 49.7 53.8 76.0 63.1 48.4 56.6 31.2 48.8
LLaVA_Med -LLaMA3-8B 60.8 68.5 66.3 79.0 66.6 60.3 73.3 49.3 65.5
PubMedVision-8B 61.6 80.2 65.1 86.3 71.6 67.4 81.4 87.4 75.1
HuatuoGPT-Vision-34B 60.8 85.5 66.5 90.0 74.0 71.3 83.8 81.7 76.7
Qwen2.5-VL-7B 63.9 73.3 68.5 74.0 67.1 73.9 74.7 33.4 66.1
Qwen2.5-VL-7B + SFT 62.1 66.3 62.5 59.6 59.2 66.6 74.6 34.4 60.7
Qwen2.5-VL-7B + MCR-GRPO 65.7 82.1 74.3 75.6 67.8 74.7 75.4 37.7 69.2

Specific Medical VQA Benchmarks. We assess stan-
dard medical VQA capabilities on Rad-VQA (Lau
et al., 2018), SLAKE (Liu et al., 2021) (English
CLOSED segment), PathVQA (He et al., 2020),

and PMC-VQA (Zhang et al., 2023). These bench-
marks evaluate question answering across radi-
ology, pathology, and general medical imaging.
(2). Expert-Level Multimodal Reasoning. We use
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Table 3: Results on the MMMU Health & Medicine track (Yue et al., 2024). The Health & Medicine track is
divided into five categories: BMS for Basic Medical Science, CM for Clinical Medicine, DLM for Diagnostics and
Laboratory Medicine, P for Pharmacy, and PH for Public Health. Results are obtained by submitting to the official
website.

Model BMS CM DLM P PH MMMU
Health & Medicine

Gemini-2.0-flash-lite 56.7 66.8 43.3 66.8 60.0 58.7
GPT-4.1-Nano 63.3 60.0 43.3 63.3 73.3 60.6
Med-Flamingo 29.6 28.1 24.8 25.3 31.2 28.3
RadFM 27.5 26.8 25.8 24.7 29.1 27.0
LLaVA-Med-7B 39.9 39.1 34.6 37.4 34.0 36.9
Qwen-VL-Chat 36.5 31.7 32.7 28.4 34.6 32.7
Yi-VL-34B 49.4 48.9 43.2 40.5 32.0 41.5
LLaVA-v1.6-7B 40.5 36.9 32.1 32.3 26.9 33.1
LLaVA-v1.6-13B 53.6 46.7 33.3 22.2 40.0 39.3
LLaVA-v1.6-34B 56.4 56.0 46.9 46.7 41.7 48.8
LLaVA-v1.5-LLaMA3-8B 42.3 44.0 37.0 34.7 35.2 38.2
LLaVA_Med -LLaMA3-8B 48.2 43.8 42.0 39.7 35.8 41.1
PubMedVision-8B 61.0 58.8 50.0 44.7 38.7 49.1
HuatuoGPT-Vision-34B 64.6 62.5 50.6 54.1 44.2 54.4
Qwen2.5-VL-7B 53.6 60.0 40.0 66.7 53.3 54.7
Qwen2.5-VL-7B + SFT 57.1 60.0 26.7 55.6 60.0 51.9
Qwen2.5-VL-7B + MCR-GRPO 60.7 70.0 40.0 74.1 56.7 60.0

Table 4: MCR generalizes across diverse VLM backbones. While SFT improves in-domain performance, it degrades
out-of-domain (OOD) generalization. MCR consistently achieves gains on both in-domain and OOD benchmarks.

Model VQA-RAD SLAKE PathVQA PMC-VQA (OOD)

PubMedVision-8B
Base 63.8 74.5 59.9 52.7
+ SFT on Med-Zero-17k 70.1 79.2 63.4 45.3 ↓7.4
+ MCR-GRPO on Med-Zero-17k 72.5 81.3 66.2 54.5 ↑1.8

InternVL-2.5-8B
Base 71.7 74.0 60.4 50.9
+ SFT on Med-Zero-17k 76.5 79.8 63.1 47.3 ↓3.6
+ MCR-GRPO on Med-Zero-17k 78.1 80.3 64.6 52.1 ↑1.2

the Health & Medicine track of MMMU (Yue
et al., 2024), which contains real clinical ques-
tions requiring professional-level expertise. Since
MMMU has no overlap with our training data,
it serves as a challenging out-of-distribution test.
(3). Diverse Modality Understanding. We eval-
uate on OmniMedVQA (Hu et al., 2024), which
aggregates 42 traditional medical imaging datasets
across eight modalities (CT, MRI, X-ray, ultra-
sound, etc.), enabling comprehensive assessment
of cross-modality generalization.

Baselines. We compare against two categories
of models. (1). Medical-specialist VLMs include
HuatuoGPT-Vision-34B (Chen et al., 2024), Med-
Flamingo (Moor et al., 2023), and RadFM (Wu
et al., 2023). (2). General-purpose VLMs in-
clude LLaVA-v1.6-34B (Li et al., 2024b), Yi-
VL-34B (Young et al., 2024), and Qwen2.5-VL-
72B (Bai et al., 2025), representing current state-

of-the-art vision-language models.

3.2 Main Results

Integration with GRPO. Integrating MCR into
the GRPO framework significantly improves train-
ing dynamics compared to the vanilla implementa-
tion, as shown in Figure 4. Our MCR-GRPO not
only achieves higher rewards with greater stability
but also fosters a key emergent property: deeper
and more stable reasoning. Specifically, while
vanilla GRPO exhibits unpredictable fluctuations in
response length, our method promotes a steady in-
crease throughout training, indicating more stable
and sustained reasoning processes. This suggests
that our consistency-oriented rewards do not just
improve accuracy, but enhance the model’s cog-
nitive depth by encouraging more thorough and
elaborate thought processes. Importantly, this in-
creased length is not over-verbosity: validation on
challenging samples (with ≤0.25 base accuracy)
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confirms continued improvement in both top-k suc-
cess rate and reward, indicating the model learns to
tackle difficult problems through deeper reasoning.

Consistent In-Domain Performance with Supe-
rior Stability. MCR achieves 78.5% on VQA-
RAD and 68.9% on PathVQA using Qwen2.5-
VL-7B (Table 1), outperforming both medical-
specialist models (e.g., HuatuoGPT-Vision-34B:
68.1%) and general VLMs. More critically, MCR
demonstrates superior training stability compared
to supervised fine-tuning. While SFT achieves
strong in-domain gains (75.2% on VQA-RAD),
it suffers severe overfitting on PMC-VQA (-2.7
points from baseline). MCR maintains consistent
improvements across all benchmarks, including
+0.6 on PMC-VQA, indicating that consistency-
based rewards provide more robust learning signals
than supervised objectives alone.

Out-of-Distribution Generalization. On Omn-
imedVQA and MMMU Health & Medicine—two
benchmarks with zero training overlap—MCR
shows substantial generalization advantages. MCR
achieves 69.2% average accuracy on Omnimed-
VQA versus 60.7% for SFT (Table 2), with par-
ticularly strong gains on challenging modalities:
fundus photography (+15.8%), MRI (+11.8%), and
CT (+3.6%). On the expert-level MMMU bench-
mark (Table 3), MCR reaches 60.0% overall and
70.0% on Clinical Medicine, surpassing SFT by
8.1 points. This OOD superiority reveals a key
insight: explicit consistency constraints prevent
models from exploiting dataset-specific shortcuts,
forcing genuine multimodal reasoning that trans-
fers across domains.

Cross-Architecture Generalization. We vali-
date MCR across three diverse architectures:
general-purpose InternVL-2.5-8B and medical-
specialist PubMedVision-8B (Table 4). A striking
pattern emerges: while SFT uniformly degrades
OOD performance (-7.4, -3.6 on PMC-VQA),
MCR maintains gains (+1.8, +1.2). Medical-
specialist backbones show particularly strong syn-
ergy with MCR (PubMedVision: +8.7 on VQA-
RAD), suggesting domain-specific pretraining pro-
vides richer representations for consistency learn-
ing.

3D VQA Performance Analysis To test dimen-
sional generalization, we evaluate on 3D medical
imaging using M3D (Bai et al., 2024a). MCR
achieves 34.57% accuracy without any 3D-specific

training, outperforming SFT (28.33%) and vanilla
GRPO (32.16%) by substantial margins (Figure 5
a). This demonstrates MCR’s consistency princi-
ples extend beyond 2D images to volumetric data.

3.3 Ablation Study
Ablation of Reward Components. We system-
atically evaluate each reward component in Ta-
ble 7. Using only the accuracy reward (RDAR)
as a baseline provides solid in-domain results but
limited OOD generalization. Adding either RCDR
(for logical coherence) or RPCR (to anchor reason-
ing in visual evidence) individually delivers signif-
icant gains across all benchmarks. The full MCR
framework, which combines all three, achieves the
strongest performance, particularly on OOD tasks.
This indicates the reward components are synergis-
tic: RCDR enforces a logical flow from reasoning to
answer, while RPCR ensures the reasoning itself is
tied to the visual input, validating our multi-faceted
approach.

Ablation of Diffusion Timesteps. Our cosine-
annealed schedule (500→100) for image corrup-
tion optimally balances exploration and refinement,
outperforming the alternatives shown in Table 17.
A less aggressive schedule (500→300) fails to push
the model towards fine-grained analysis in later
stages, while an overly strong one (800→100) can
disrupt early-stage learning. This confirms our
curriculum-based approach is most effective for
teaching the model to rely on visual features.

Ablation of Noise Types. As shown in Table 16,
adaptive diffusion noise surpasses simpler meth-
ods like masking or cropping. Its naturalistic cor-
ruption better tests genuine visual understanding
without introducing artificial artifacts. This encour-
ages more robust visual processing, leading to supe-
rior generalization, especially on OOD benchmarks
where the performance gap is most pronounced.

Ablation of Reward Ratios. Table 8 shows our
8:1:1 ratio for RDAR:RPCR:RCDR is optimal. The
results confirm that while the accuracy reward must
be dominant to prioritize correctness, our consis-
tency rewards provide a crucial complementary
signal. Notably, MCR demonstrates robust perfor-
mance across ratios from 5:1:1 to 8:1:1, indicating
the framework is stable and does not require exten-
sive hyperparameter tuning.

Ablation of Threshold τpcr. A value of 0.3 for
the activation threshold τpcr strikes the best balance,
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Figure 5: (a) Performance on 3D benchmarks.

Table 5: Comparison of different judge models for RCDR.

Judge Model VQA-RAD SLAKE PathVQA PMC-VQA OmnimedVQA MMMU Health

Qwen3-30B-A3B 79.3 78.5 69.4 55.2 69.0 59.3
VOmniMed-1.5B 78.1 79.8 68.5 55.6 68.9 60.7
GPT-4o (Original) 78.5 79.1 68.9 55.5 69.2 60.0

as seen in Table 18. Lower thresholds are suscepti-
ble to noise from random performance fluctuations,
leading to unstable rewards. Conversely, higher
thresholds are too restrictive and filter out many
valid training signals. Our chosen value ensures
rewards are assigned only upon clear evidence that
the model’s reasoning is visually-grounded.

Ablation of Med-Zero-17K Composition. Fig-
ure 6 ablates the composition of Med-Zero-17K.
While both our curated 8K VQA pairs and the 9K
pairs from public datasets improve in-domain per-
formance, their contributions to out-of-distribution
(OOD) generalization diverge sharply. The pub-
lic data, with its narrow modality coverage, offers
minimal OOD gains. In contrast, our curated data,
spanning 30 modalities and 24 clinical tasks, drives
substantial OOD improvements (e.g., +5.6 on Om-
nimedVQA). This confirms that the diversity of
our curated data is the key driver of MCR’s strong
cross-domain generalization.

3.4 Further Analysis
MCR vs. Judging Correctness: Consistency is
Key. To dissect MCR’s core mechanism, we com-
pared rewarding consistency against rewarding ab-
solute reasoning correctness. For the latter, we used
Gemini2.5-Flash as an external judge. As shown in
Table 6, directly rewarding correctness failed, of-
ten degrading performance. This provides a critical
insight: judging the correctness of complex medi-
cal reasoning is fraught with noise and bias, which

destabilizes RL training. In stark contrast, MCR’s
strategy of rewarding logical coherence provides a
stable learning signal, delivering substantial gains
across all benchmarks. This comparison power-
fully validates our hypothesis: enforcing internal
consistency is a more robust and practical learning
signal than pursuing correctness with an imperfect
external oracle.

Why Diffusion Noise for RPCR? A key design
choice in MCR is the use of cosine-annealed diffu-
sion noise for image corruption, rather than simpler
strategies. Table 16 compares our approach against
masking, cropping, and fixed-step diffusion. Sim-
ple corruptions (mask, crop) are too easily distin-
guished by the model in the online GRPO setting,
leading to reward hacking rather than genuine vi-
sual grounding. Fixed diffusion noise lacks the
curriculum effect. Our cosine-annealed schedule
provides naturalistic, gradually refined corruption
that forces robust visual reasoning, yielding the
strongest results especially on OOD benchmarks.

In-Domain vs. OOD Trade-off in R1 Paradigms.
A revealing pattern emerges from comparing MCR-
GRPO-R0 and MCR-GRPO-R1 (Table 1). While
R1 yields strong in-domain scores through cold-
start SFT, it uniformly degrades OOD performance.
Notably, SFT alone already causes substantial
OOD drops (PMC-VQA: −2.7, OmnimedVQA:
−5.4, MMMU: −2.8 from base), and subsequent
RL training cannot fully recover this loss. This
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Table 6: Comparison of MCR with an alternative reward strategy based on judging reasoning correctness.

Model VQA-RAD SLAKE PathVQA PMC-VQA OmnimedVQA MMMU Health

Qwen2.5-VL-7B (Base) 70.9 72.8 65.7 54.9 66.1 54.7
+ SFT 75.3 80.9 66.9 52.2 60.7 51.9
+ GRPO (Vanilla) 74.1 74.8 67.2 53.8 65.4 57.2
+ Judge Correctness 74.5 (+0.4) 74.0 (-0.8) 66.6 (-0.6) 53.1 (-0.7) 63.9 (-1.5) 56.0 (-1.2)
+ MCR 78.5 (+4.4) 79.1 (+4.3) 68.9 (+1.7) 55.5 (+1.7) 69.2 (+3.8) 60.0 (+2.8)

Table 7: Ablation Study of Reward Components.

RPCR RCDR RDAR RAD SLAKE PVQA OmniMed

✗ ✗ ✗ 70.9 72.8 65.7 66.1
✗ ✗ ✓ 74.1 74.8 67.2 65.4
✗ ✓ ✓ 76.9 76.7 68.1 68.1
✓ ✗ ✓ 76.5 75.5 67.5 68.4
✓ ✓ ✓ 78.5 79.1 68.9 69.2

Table 8: Sensitivity analysis of reward weights.

Ratio RAD SLAKE PVQA OmniMed

1:1:1 71.7 70.9 65.4 63.2
2:1:1 72.5 73.3 67.2 64.5
5:1:1 77.7 78.7 68.1 67.7
8:1:1 (Ours) 78.5 79.1 68.9 69.2

is corroborated by our Pass@k analysis: the R0
paradigm achieves greater accuracy gains across
VQA datasets, indicating it better preserves the
base model’s exploratory capacity. These find-
ings suggest that for medical RLVR, where OOD
generalization is critical for clinical safety, the R0
paradigm paired with MCR offers a more robust
path than the R1 approach.

Effect of Mixed Difficulty Strategy. To inves-
tigate the learning dynamics of RL training, we
evaluated the effect of incorporating samples with
varying difficulty levels. As shown in Figure 5,
our mixed difficulty strategy leads to consistent
performance gains across all benchmarks. This
improvement stems from alleviating “advantage
bias”, where models trained on uniformly easy or
hard samples tend to produce skewed advantage
estimates, leading to unstable or suboptimal pol-
icy updates. We further compared our approach
against curriculum RL (easy-to-hard) training, as
shown in Table 9. While the easy-to-hard strategy
achieves reasonable performance, it consistently
underperforms our mixed difficulty filtering across
both in-domain and OOD benchmarks. This stems
from a fundamental GRPO limitation: in the easy-
to-hard setting, the model may answer all easy sam-
ples correctly or all hard samples incorrectly within

Table 9: Comparison of data difficulty strategies.

Strategy RAD SLAKE PVQA MMMU

Without Mixed 78.1 77.4 67.0 58.6
Easy-to-Hard 77.7 78.5 67.6 58.6
Mixed (Ours) 78.5 79.1 68.9 60.0

a rollout group, leading to empty within-group ad-
vantages that degrade training efficiency.

Are R1-Like Paradigms Effective in the Med-
ical Domain? Although R1-like paradigms
have proven successful in mathematical reason-
ing—particularly by cold-starting with CoT data
during SFT before RL—their effectiveness in the
medical domain remains unclear. To explore this,
we used Qwen2.5-VL-72B for rejection sampling
to collect high-quality medical CoT data for cold-
start SFT (Details in Appendix 8). The detailed
in-domain vs. OOD trade-off analysis is presented
above.

4 Conclusion

In this paper, we propose a new RL framework
MCR for Med-VQA that addresses key challenges
in aligning perception, reasoning, and answer gen-
eration. To support this, we introduce Med-Zero-
17K, a diverse dataset spanning over 30 medical
modalities and 24 clinical tasks. Experiments on
in-domain, out-of-domain, and 3D benchmarks
show that MCR outperforms strong baselines, en-
abling more consistent and generalizable medical
reasoning. Our work demonstrates the potential of
consistency-aware RL in advancing medical AI.
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A Limitations

While the proposed approach demonstrates strong
generalization across diverse medical VQA tasks,
its effectiveness is still limited by the scope of pub-
licly available medical datasets. Although we con-
struct the Med-Zero-17K dataset to improve di-
versity, existing data sources still lack sufficient
coverage of rare diseases, underrepresented modal-
ities, and fine-grained reasoning annotations. This
limitation may restrict the model’s ability to learn
more comprehensive and complex clinical reason-
ing patterns. Moreover, potential risks remain in
real-world deployment. Since real clinical data
are often more diverse and noisy than benchmark
datasets, the model may produce unreliable pre-
dictions or clinically inaccurate explanations when
facing unseen cases or low-quality inputs. There-
fore, this system should be considered an assistive
tool rather than a standalone diagnostic solution.
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A Appendix

B Med-Zero-17K Dataset Details

B.1 Quality Control and Filtering Pipeline
We implemented a rigorous, multi-stage filtering
pipeline to ensure high quality and utility of our RL
training data, designed to enhance training stability,
data diversity, and task relevance.

Image Resolution and Aspect Ratio Filtering
We begin by filtering out images with extreme as-
pect ratios. Such images often suffer from sig-
nificant distortion when resized to the fixed input
dimensions of the vision encoder, which can lead
to the loss of critical diagnostic information and
impede model learning.

Aesthetic and Quality Score Filtering Follow-
ing established practices, we employ an aesthetic
scoring model to discard visually poor images.
This step removes inputs with low diagnostic value,
such as blurry images, those with severe artifacts,
or poor lighting, ensuring the model learns from
clear, high-quality medical evidence.

Diversity-Ensuring Sampling To prevent the
dataset from being dominated by common modal-
ities (e.g., chest X-rays), we enforce diversity by
clustering images based on their visual features
extracted from the base VLM’s ViT. By apply-
ing k-NN clustering and then sampling a limited
number of images from each cluster, we ensure
Med-Zero-17K maintains a broad representation of
modalities.

Mixed Difficulty Filtering We employ a mixed
difficulty sampling strategy to create a balanced
and effective training curriculum. For each ques-
tion, we generate 10 candidate responses and retain
only those question-answer pairs where the model
exhibits partial correctness (i.e., not all responses
are correct, but at least one is). This strategy avoids
advantage skew by filtering out samples that are
either too easy or too hard, focusing the training
on questions that are within the model’s learning
frontier.

Generated QA Validation For all VQA pairs
generated from image-caption data, we perform
a final validation step. We verify that each ques-
tion can be answered using only the information
present in the source caption. This sanity check
ensures that the task is visually grounded and pre-
vents data leakage where the model might learn to
answer questions based on the LLM’s parametric
knowledge rather than the visual input.

C MCR Framework Implementation
Details

C.1 Judge Model Implementation
Directly judging the correctness of medical reason-
ing requires expert-level domain knowledge and
often leads to noisy reward signals. Instead, we
focus on verifying logical entailment—whether the
answer follows from the reasoning—which is more
reliable and does not require medical expertise.

We employ GPT-4o with the prompt template
shown in Table 14. The judge receives the ques-
tion q, reasoning p, and answer a, returning a
binary judgment on whether a logically follows
from p. Table 5 demonstrates that open-source al-
ternatives including Qwen3-30B and VOmniMed-
1.5B achieve comparable performance, making the
framework accessible without requiring expensive
API calls.

C.2 Cosine-Annealed Image Corruption
To encourage visual feature utilization, we employ
a self-supervised signal based on performance con-
trast between clean and corrupted images. The
corruption intensity must be carefully controlled:
too strong renders images uninformative; too weak
allows shortcuts to remain effective. We address
this through curriculum learning using cosine an-
nealing.

Early in training, stronger corruption increases
exploration diversity and amplifies performance
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gaps between strategies that genuinely use visual
features versus those exploiting shortcuts. As train-
ing progresses, we reduce corruption to preserve
diagnostic details and refine attention to specific
visual features. The corruption timestep decreases
from tinit = 500 to tfinal = 100 following:

te = tfinal+
1

2
(tinit−tfinal)

(
1 + cos

(π · e
E

))
(1)

where e is the current epoch. The noise level fol-
lows the standard cosine schedule:

ᾱt = cos2
(
t/Tmax + s

1 + s
· π
2

)
(2)

with s = 0.008 and Tmax = 500. Corrupted images
are generated as x̃ =

√
ᾱtex0 +

√
1− ᾱteϵ where

ϵ ∼ N (0, I). Table 16 validates that this adaptive
approach outperforms fixed-step corruption.

C.3 GRPO Integration Details
We integrate MCR with Group Relative Policy
Optimization (GRPO) (Shao et al., 2024), which
avoids training a separate value function by comput-
ing advantages through group-wise normalization.
For each input q, the policy πθ generates G = 8
candidate outputs. The advantage for output oi is:

Ai =
RMCR(oi)− µG

σG + δ
(3)

where µG = 1
G

∑G
j=1RMCR(oj), σG =√

1
G

∑G
j=1(RMCR(oj)− µG)2, and δ = 1× 10−8.

This normalization reduces variance and eliminates
critic training overhead.

The advantage weights the PPO-clipped objec-
tive:

LCLIP(θ) = E [min (ρiAi, clip(ρi, 1− ϵ, 1 + ϵ)Ai)]
(4)

where ρi = πθ(oi|q)/πθold(oi|q) and ϵ = 0.2.

C.4 Training Parameters
We trained our model using 8 NVIDIA A100 GPU.
Each rollout worker used a batch size of 128, with
a global batch size of 128. The micro-batch sizes
were set to 4 for policy updates and 16 for experi-
ence collection. The KL loss coefficient was 1e-2,
and entropy regularization was set to 1e-3 to en-
courage exploration. We used a maximum prompt
length of 25,600 tokens and a maximum response
length of 4,096 tokens to accommodate long clini-
cal contexts. Training was conducted with Ray and
vLLM backend, leveraging the Qwen2.5-VL-7B
model as the base.

C.5 DPO Integration

To validate that MCR’s principles are algorithm-
agnostic, we integrate them into the Direct Pref-
erence Optimization (DPO) framework (Rafailov
et al., 2024). We leverage the core ideas of MCR to
construct specific preference pairs (ochosen, orejected)
that explicitly teach the model to avoid perceptual
and reasoning inconsistencies.

Preference Pair Construction. For each ques-
tion, a single high-quality chosen response is paired
with two distinct types of rejected responses, each
targeting a specific failure mode.

1. Chosen Response Generation: We use a
powerful teacher model (Qwen2.5-VL-72B)
with rejection sampling. Specifically, we gen-
erate up to 5 responses and select the first one
that yields the correct final answer. This com-
plete CoT and answer becomes the ‘chosen‘
response, ochosen.

2. Rejected Response for Perceptual Incon-
sistency: To teach the model to rely on vi-
sual evidence, we first corrupt the clean im-
age by applying diffusion noise with a ran-
domly sampled intensity from timesteps 100-
500. We then prompt the base model with
this corrupted image, generating 5 candidate
responses. Finally, we select a response that
leads to an incorrect final answer to serve as
the ‘rejected‘ response, orejected, perceptual.

3. Rejected Response for Reasoning-Answer
Inconsistency: To enforce logical coherence,
we synthesize a ‘rejected‘ response using the
base model. This is done in two ways: (1)
pairing the high-quality reasoning from ochosen
with an incorrect final answer, or (2) pairing
a flawed reasoning chain—taken from one of
the rejected candidates in the initial sampling
step—with the correct final answer. This syn-
thesized response serves as the second ‘re-
jected‘ response, orejected, reasoning.

Multi-Objective DPO Training. With one ‘cho-
sen‘ response and two distinct types of ‘rejected‘ re-
sponses, we formulate a multi-objective DPO loss.
This allows the model to learn from both types of
negative examples simultaneously for each positive
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example. The loss is defined as:

LMCR-DPO =− E
[
log σ(β log

πθ(ochosen)

πref(ochosen)
− β log

πθ(orej,p)

πref(orej,p)
)

]

− E
[
log σ(β log

πθ(ochosen)

πref(ochosen)
− β log

πθ(orej,r)

πref(orej,r)
)

]

(5)
where orej, p and orej, r are the perceptually inconsis-
tent and reasoning-inconsistent rejected responses,
respectively. This objective simultaneously teaches
the model to improve both its connection to visual
evidence and its internal logical coherence within
the DPO framework.

Results. We evaluated the effectiveness of MCR-
DPO on the benchmarks presented in Table 10. For
a strong baseline, we followed the methodology of
POVID, which synthesizes rejected responses by
using an external model (GPT-4o) to introduce hal-
lucinations into the chosen response. As the results
show, our MCR-DPO approach consistently outper-
forms the POVID-style baseline across all bench-
marks. More critically, this comparison highlights
a potential risk of the POVID approach: by focus-
ing only on hallucinations, it can inadvertently de-
grade performance on certain benchmarks, particu-
larly PMC-VQA and OmnimedVQA. In contrast,
our method demonstrates a more robust profile. It
significantly mitigates the performance degradation
on PMC-VQA and, notably, turns a performance
loss into a gain on OmnimedVQA.

C.6 Hyperparameters Summary

Table 11 summarizes key MCR hyperparameters.

C.7 CoT Reasoning for Cold Start Training
Construction

In this study, we explore the construction of cold
start training using CoT data, aiming to enhance
the reasoning capabilities of models in Med-VQA
tasks. Figure 8 illustrates the detailed steps of this
process. Starting with an original set of medical
images, a visual question is posed, such as "What
visual observation can be made in this picture?"
We then utilize the pre-trained Qwen2.5-VL-72B
model to generate multiple reasoning paths. These
paths include detailed analysis of the image and
logical reasoning to reach a final answer. For in-
stance, the model might identify irregularities in
the joint space, thinning of the cartilage, signs of
inflammation in the bone structure, misalignment
of the vertebrae, or irregular bone growth. Af-
ter generating several reasoning paths, we select

the most plausible ones through a filtering strategy.
This involves two main filtering processes: first, we
select reasoning paths that align with the correct
answers; second, we further filter to select chal-
lenging questions that require more complex logic
and deeper analysis during the reasoning process.
Ultimately, we extract a high-quality question set
from the selected reasoning paths for subsequent re-
inforcement learning training. This process ensures
that the model is exposed to high-quality reasoning
examples from the outset and enhances the model’s
generalization capabilities through diverse reason-
ing paths.

C.8 Broader Impacts
Our work contributes to the advancement of med-
ical AI by introducing a scalable reinforcement
learning framework and a high-quality dataset tai-
lored for medical visual question answering. By im-
proving consistency and generalization in clinical
reasoning, MCR has the potential to assist health-
care professionals in diagnostic decision-making,
particularly in resource-limited settings. However,
we acknowledge that the current reliance on pub-
licly available datasets may limit representation
across demographic groups, rare diseases, and
global health contexts. Additionally, while our
system is not intended for direct clinical use, in-
appropriate deployment without expert oversight
could pose risks. We encourage future work to
incorporate fairness, transparency, and real-world
validation in collaboration with clinical stakehold-
ers to ensure safe and equitable deployment.
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Table 10: Comparison of MCR-DPO with a POVID-style baseline. While both methods improve upon the base
model on some benchmarks, MCR-DPO provides more consistent gains and mitigates the performance degradation
seen with the POVID approach on benchmarks like PMC-VQA and OmnimedVQA.

Methods VQA-RAD SLAKE PathVQA PMC-VQA OmnimedVQA

Qwen2.5-VL-7B (Base) 70.9 72.8 65.7 54.9 66.1
+ POVID 71.7 73.1 64.8 53.2 64.9
+ MCR-DPO (Ours) 73.3 73.4 65.9 54.7 66.8

Table 11: MCR Framework Hyperparameters

Parameter Value

Decision Accuracy Reward (rdar) 0.8
Cognitive-Decision Reward (rcdr) 0.1
Perceptual-Cognitive Reward (rpcr) 0.1
PCR Threshold (τpcr) 0.3
Initial Corruption Timestep (tinit) 500
Final Corruption Timestep (tfinal) 100
Diffusion Schedule Offset (s) 0.008
Max Diffusion Steps (Tmax) 500
Group Size (G) 8
PPO Clipping (ϵ) 0.2
Stability Constant (δ) 1× 10−8

Figure 6: Effect of different composition of Med-Zero-17K.

Figure 7: Comparision of Different RL Training Paradigms

1802



Table 12: Ablation Study of Key Components on Various VQA Datasets (Full Version)

RPCR RCDR RDAR VQA-RAD SLAKE PathVQA OmnimedVQA MMMU Health
& Medicine

✗ ✗ ✗ 70.9 72.8 65.7 66.1 54.7
✗ ✗ ✓ 74.1 74.8 67.2 65.4 57.2
✗ ✓ ✓ 76.9 76.7 68.1 68.1 59.7
✓ ✗ ✓ 76.5 75.5 67.5 68.4 58.4
✓ ✓ ✓ 78.5 79.1 68.9 69.2 60.0

Table 13: Sensitivity analysis of reward component weights (Full Version, RDAR : RPCR : RCDR). The accuracy
reward requires dominant weight, but MCR is robust across ratios from 5:1:1 to 8:1:1.

Ratio VQA-RAD SLAKE PathVQA PMC-VQA OmnimedVQA MMMU Health

1:1:1 71.7 70.9 65.4 51.2 63.2 56.7
2:1:1 72.5 73.3 67.2 52.5 64.5 57.3
5:1:1 77.7 78.7 68.1 54.6 67.7 59.3
8:1:1 (Ours) 78.5 79.1 68.9 55.5 69.2 60.0

Figure 8: CoT Cold Start Reasoning Data Construction
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Table 14: Prompt Template for Consistency Review

Prompt Section Content / Instruction

Initial Request Please review the "Think" (thought process) and "Answer" provided below.
Referring to the "Question" for context, determine if the "Think" and "Answer" are
consistent.

Definition "Consistent" means: The logical reasoning in the "Think" process can reasonably
lead to the "Answer", and the "Answer" aligns with the final conclusion of the
"Think" process.

Input Placeholders Question: {question}
Think: {think}
Answer: {answer}

Output Logic If they are consistent, please answer: yes
If they are inconsistent (e.g., the conclusion of the "Think" process contradicts the
"Answer", or the "Answer" is not derived from the "Think" process), please answer:
no

Final Instruction Now output your judgement with yes or no directly:

Table 15: Direct comparison between MCR and vanilla GRPO. MCR consistently outperforms GRPO, especially
on diverse modality benchmarks like OmnimedVQA and MMMU Health.

Method VQA-RAD SLAKE PathVQA PMC-VQA OmnimedVQA MMMU Health

Qwen2.5-VL-7B (Base) 70.9 72.8 65.7 54.9 66.1 54.7
+ SFT 75.2 81.0 66.9 52.2 60.7 51.9
+ GRPO (Vanilla) 74.1 74.8 67.2 53.8 65.4 57.2
+ MCR (Ours) 78.5 79.1 68.9 55.5 69.2 60.0

Improvement over GRPO +4.4 +4.3 +1.7 +1.7 +3.8 +2.8

Table 16: Ablation on Noise Type

Noise Type RADVQA SLAKE PathVQA OmnimedVQA
Cosine Diffusion (Ours) 78.5 77.1 68.9 69.2
Mask 76.1 74.5 66.9 67.3
Crop 77.7 76.2 68.4 67.9
Fixed Diffusion 77.3 76.7 68.2 68.1

Table 17: Ablation on Diffusion Steps

Diffusion Steps RADVQA SLAKE PathVQA OmnimedVQA
500→100 (Ours) 78.5 77.1 68.9 69.2
baseline 70.9 72.8 65.7 66.1
500→300 77.2 75.5 68.3 67.9
800→100 77.7 75.9 68.1 68.3

Table 18: Ablation on Threshold τpcr

Threshold τpcr RADVQA SLAKE PathVQA OmnimedVQA
0.3 (Ours) 78.5 77.1 68.9 69.2
0.1 76.5 75.2 66.6 67.4
0.5 75.7 76.0 68.2 67.6

1804



Table 19: Clinical Task Composition of Med-Zero-17K

Clinical Task Checklist

Disease Diagnosis Severity Grading Organ Recognition Abdomen
Surgical Instrument Recognition Counting Bone
Organ Recognition Thorax Organ Recognition Neck Blood Vessels Recognition
Microorganism Recognition Attribute Recognition Cell Recognition
Surgeon Action Recognition Organ Recognition Pelvic Surgical Workflow Recognition
Image Quality Grading Muscle Nervous Tissue
Tumor Detection Lesion Localization Medical Image Segmentation
Disease Progression Prediction Anatomical Structure Measurement Tissue Classification

Table 20: Modality Checklist of Med-Zero-17K

Modality Checklist

Plain X-ray Texture Characterization of Bone Radiograph Mammography
CT MRI Ultrasound
Fluoroscopy Echocardiography Thermal Imaging
Endoscopy Colposcopy OCT
Optical Coherence Tomography Fundus Photography CBCT
Laparoscopy Dermoscopy Electrocardiogram
Histopathology Adaptive Optics Ophthalmoscopy Microscopy
Angiography SPECT PET Scan
Scintigraphy Infrared Reflectance imaging Medical Photography
Medical diagram Graph/Chart Electroencephalogram
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