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Abstract. Vision–language models (VLMs) have recently shown promise
for assisting clinical reasoning in dermatological diagnosis. However, their
trustworthiness and clinical utility remain limited by three key chal-
lenges: heterogeneous datasets with inconsistent diagnostic labels and
concept annotations, the lack of grounded diagnostic rationales for re-
liable reasoning supervision, and limited scalability when transferring
knowledge from small, densely annotated datasets to large collections
with sparse labels.
To address these challenges, we propose Skin-R1, a dermatology-oriented
VLM that integrates textbook-grounded clinical reasoning supervision
with reinforcement learning (RL) to improve the accuracy and robustness
of diagnostic prediction. First, we construct a textbook-based reason-
ing generator that synthesizes hierarchy-aware and differential-diagnosis
(DDx) diagnostic trajectories derived from authoritative dermatology
knowledge. Second, these trajectories are used for supervised fine-tuning
(SFT), establishing a clinically grounded reasoning foundation for the
model. Finally, we introduce an RL training framework that incorporates
the hierarchical structure of dermatological diseases into the reward de-
sign, enabling the model to generalize grounded diagnostic reasoning to
large-scale datasets with sparse annotations.
Extensive experiments across multiple dermatology benchmarks demon-
strate that Skin-R1 consistently improves diagnostic accuracy and ro-
bustness compared to state-of-the-art Med-VLM baselines. Ablation stud-
ies further highlight the critical role of grounded reasoning supervision
introduced during the SFT stage.
Code and model weight are available at https://github.com/l593191569/
Skin-R1.

Keywords: Dermatology · Medical AI · Vision–Language Models · Re-
inforcement Learning · GRPO
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Table 1: Comparison of representative Medical VLMs in terms of key diagnostic rea-
soning abilities. Grounded Rationale indicates whether the model is designed to
produce rationales grounded in authoritative clinical sources; DDx Awareness re-
flects awareness of differential diagnoses through comparative reasoning; Hierarchi-
cal Awareness captures understanding of disease taxonomy and multi-level relations;
and Sparse-Supervision Learning measures the ability to learn and generalize from
sparsely annotated data.

Type Model Grounded Rationale DDx Awareness Hierarchical Awareness Sparse-Supervision Learning

RL-based

Med-R1 [22] ✗ ✗ ✗ ✓

MedVLM-R1 [34] ✗ ✗ ✗ ✓

MedCCO [39] ✗ ✗ ✗ ✓

RARL [35] RL reward ✗ ✗ ✓

[65] RL reward ✗ ✗ ✓

SFT-based

SkinVL-PubMM [59] grounding SFT ✗ ✗ ✗

OmniV-Med [17] grounding SFT ✓ ✗ ✗

LLaVA-Med [24] distillation ✓ ✗ ✗

HuatuoGPT-Vision [4] distillation ✓ ✗ ✗

Hybrid MedGemma [40] grounding SFT, distillation, RL reward ✓ ✗ ✓

Skin-R1 grounding SFT ✓ ✓ ✓

1 Introduction

Dermatological diagnosis is fundamentally a visual reasoning task: clinicians
interpret subtle visual patterns, compare them against hierarchical disease tax-
onomies, and perform differential diagnosis (DDx) to distinguish visually simi-
lar conditions. Recent advances in multimodal vision–language models (VLMs)
suggest that AI systems could assist this process by jointly interpreting medi-
cal images and clinical knowledge. However, enabling such systems to perform
reliable and scalable diagnostic reasoning remains an open challenge.

Each year, millions of people worldwide experience delayed or incorrect di-
agnosis of skin conditions such as melanoma, eczema, and psoriasis—often due
to limited access to dermatologists [9, 11, 38] or subjective interpretation of
visual symptoms. Advances in computer vision, deep learning, and multimodal
learning now offer the possibility of AI-assisted systems capable of analyzing der-
moscopic and clinical images with expert-level precision, supporting clinicians
in triage, screening, and treatment planning. By combining clinical expertise
with AI, dermatology-oriented vision models have the potential to democratize
access to high-quality care and reduce the global burden of preventable skin
disease [6, 29, 58, 62].

Recent multimodal vision foundation models and medical vision–language
models (Med-VLMs) [13, 20, 21, 52, 54, 55] have demonstrated promising per-
formance in dermatological image understanding and diagnosis. However, ex-
isting approaches still face important limitations. For example, models such as
SkinGPT-4 [62] rely heavily on labor-intensive human annotations and often
lack clinically grounded diagnostic rationales.

Building a reliable dermatology vision–language model (VLM) presents three
major challenges.

1. Data heterogeneity. Real-world dermatology datasets vary widely in their
diagnostic ontologies and concept vocabularies. For example, SkinCon [7]
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provides annotations for 29 dermatological concepts (e.g., erythema, plaque)
but only two coarse diagnostic labels (benign vs. malignant). In contrast,
DermNet [8] contains images spanning more than 600 diseases but lacks
structured concept annotations. Such discrepancies lead to inconsistent su-
pervision and noisy training signals.

2. Lack of expert-like reasoning supervision. Accurate dermatological
diagnosis requires structured reasoning that respects hierarchical disease
taxonomies and supports differential diagnosis (DDx). However, existing
datasets rarely provide supervision that captures clinically grounded diag-
nostic reasoning processes.

3. Limited scalability of training paradigms. Models trained on small
datasets with dense annotations often struggle to generalize to large datasets
with sparse labels, making it difficult to transfer grounded diagnostic rea-
soning to large-scale heterogeneous data.

These challenges reflect a deeper issue: dermatological diagnosis is funda-
mentally a reasoning problem over a hierarchical disease space, where visually
similar conditions must be distinguished through structured clinical reasoning
and differential diagnosis. Existing training paradigms struggle to capture such
reasoning processes while remaining scalable to large heterogeneous datasets.

Motivated by this observation, a key open question is how to develop derma-
tology VLMs capable of performing expert-like clinical reasoning while remaining
scalable to large heterogeneous datasets. Existing approaches typically rely ei-
ther on small datasets with dense annotations that provide limited scale, or on
large weakly labeled datasets that lack reliable reasoning supervision. Bridging
this gap requires a framework that can first acquire grounded clinical reasoning
patterns from reliable sources and then effectively generalize them across diverse
datasets.

To address this problem, we propose Skin-R1, which, to the best of our knowl-
edge, is the first dermatology-oriented VLM that integrates textbook-grounded
clinical reasoning with reinforcement learning–based adaptation. Our framework
unifies expert-aligned reasoning and scalable knowledge transfer within a single
end-to-end training pipeline. Figure 1 illustrates the overall architecture and
training procedure of Skin-R1.

First, we construct a grounded dataset of hierarchy-aware and differential-
diagnosis (DDx)-informed diagnostic trajectories derived from authoritative der-
matology textbooks. We then perform supervised fine-tuning (SFT) on these
trajectories to establish a clinically grounded reasoning foundation. Finally, we
scale this reasoning capability to large datasets with sparse annotations through
a reinforcement learning (RL) framework guided by hierarchical diagnostic ac-
curacy and structured output regularization rewards, encouraging the model to
generalize grounded diagnostic reasoning across heterogeneous data sources.

The main contributions of this paper are summarized as follows:

1. We introduce Skin-R1, a novel training paradigm for dermatology vision–
language models that integrates textbook-grounded clinical reasoning with
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reinforcement learning to improve diagnostic accuracy and robustness across
heterogeneous datasets.

2. We design a textbook-grounded trajectory generation framework that syn-
thesizes hierarchy-aware and differential-diagnosis (DDx)-informed diagnos-
tic reasoning traces, providing scalable supervision for clinically consistent
reasoning.

3. We develop a hierarchical reward design that incorporates disease taxonomy
structure into reinforcement learning, enabling grounded reasoning patterns
learned from dense data to generalize effectively to large-scale sparsely an-
notated datasets.

4. We conduct extensive experiments across multiple dermatology benchmarks
demonstrating that Skin-R1 consistently outperforms state-of-the-art base-
lines in diagnostic accuracy and robustness.

More broadly, our results suggest that grounding vision-language models in
expert-level reasoning supervision may provide a promising path toward increas-
ing the reliability of AI systems for medical applications.
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Key Clinical Features and Visual Observations:…
2. Brownish Patch: The central brownish patch is irregular in shape and has a slightly raised 
appearance compared to the surrounding skin. This could indicate a lesion. …
Diagnosis:
The most likely diagnosis is a pigmented lesion. The irregular shape, color variation, and 
slight elevation suggest that this could be a mole (nevus) or a melanoma. 
…
Lesion Condition: precancerous in situ until further evaluation by a dermatologist.

Ground truth: 
Melanocytic Nevus,
Benign

The lesion exhibits the clinical features of melanocytic nevus, including 
a dark brown to black, sharply circumscribed macule with uniform 
color and no signs of asymmetry or irregular borders, indicating a 
benign pigmented nevus rather than melanoma. Therefore, the most 
likely diagnosis corresponds to 
"melanocytic nevus". 
The lesion is therefore classified as benign.

Fig. 1: Top: Overview of the proposed training framework, illustrating (1) the synthe-
sis of the SkinRationale dataset, (2) the SFT stage performed on SkinRationale, and
(3) the GRPO-based RL stage.
Bottom: Two representative cases comparing diagnostic responses from Skin-R1 and
baseline models. The response from Skin-R1 is concise, accurate, and aligned with ex-
pert diagnostic reasoning. Red text highlights incorrect or hallucinated content; Green
text denotes hierarchical-aware reasoning; and content enclosed within the blue box
indicates the DDx comparison derived from prior differential diagnostic reasoning.

2 Related Work

Medical Vision–Language Models. Vision–language models (VLMs) [1, 2,
27, 57, 63] extend large language models (LLMs) [32, 43, 47] to multimodal
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reasoning by enabling joint processing of visual and textual inputs. Medical
VLMs (Med-VLMs) [37, 46, 61] adapt these architectures for clinical applications
by developing domain-specific visual encoders, integrating them with LLMs, and
aligning multimodal representations across diverse biomedical datasets.

Early efforts focused on improving visual understanding in specialized medi-
cal domains through medical foundation models, including radiology [50], pathol-
ogy [30], and dermatology [20, 52–54]. Subsequent approaches introduced encoder–
decoder Med-VLM architectures that combine medical visual encoders with
language models. For example, XrayGPT [45] integrates MedCLIP [50] with
a fine-tuned LLM, while LLaVA-Med [24] improves multimodal alignment using
PubMed image–text pairs. BiomedGPT [31] adopts a BERT–GPT hybrid ar-
chitecture trained on biomedical corpora, and HuatuoGPT-Vision [4] scales this
paradigm using the large PubMedVision dataset. More recently, HealthGPT [25]
unifies medical image understanding and generation within a single autoregres-
sive framework, and SkinGPT-4 [62] applies instruction tuning to improve der-
matological reasoning.

Despite these advances, most Med-VLMs rely on large volumes of high-
quality annotated data, limiting their applicability in domains where expert
annotations are scarce. In contrast, Skin-R1 learns grounded diagnostic reason-
ing from a small set of high-quality expert-derived trajectories and then scales
this capability using reinforcement learning.

RL for Reasoning in Med-VLMs. Recent work has demonstrated that re-
inforcement learning (RL) can induce reasoning abilities in large language and
vision–language models [3, 10, 15, 51, 60]. Methods based on RL with verifiable
rewards (RLVR), such as DeepSeek-R1 [10], employ Group Relative Policy Opti-
mization (GRPO) to encourage structured reasoning behaviors without explicit
chain-of-thought (CoT) supervision.

RL has also been applied to improve reasoning in Med-VLMs for diagnostic
tasks [22, 28, 34, 35, 39, 65]. Because high-quality annotated medical reason-
ing data are scarce, many of these approaches bypass supervised fine-tuning
(SFT) and instead apply RL directly using GRPO-style objectives. This RL-
only paradigm has shown promising improvements in medical visual question
answering and cross-domain generalization.

For example, MedVLM-R1 [34] demonstrates that GRPO can induce emer-
gent chain-of-thought reasoning without explicit reasoning supervision. Simi-
larly, Med-R1 [22] reports that models trained without explicit reasoning su-
pervision can sometimes outperform those trained with CoT-style supervision,
suggesting that conventional SFT may introduce memorization shortcuts. How-
ever, we argue that this phenomenon arises because existing approaches lack
clinically grounded reasoning supervision, often leading to heuristic or halluci-
nated rationales [16, 23].

Unlike prior work, Skin-R1 first establishes a grounded diagnostic reason-
ing foundation using textbook-derived diagnostic trajectories and then employs
RL to amplify and generalize this reasoning capability. Ablation experiments
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(Sec. 4.2) confirm that this combination of grounded supervision and RL signif-
icantly improves diagnostic reasoning performance.

3 Methods

Pipeline Overview. The top panel of Figure 1 illustrates the overall training
pipeline of Skin-R1. Our framework consists of three stages. First, we construct
SkinRationale, a textbook-derived dataset that captures hierarchy-aware and
differential diagnosis (DDx)-informed reasoning trajectories grounded in authori-
tative dermatology knowledge. Second, we perform supervised fine-tuning (SFT)
on these trajectories to initialize the model with clinically consistent diagnostic
reasoning. Finally, we apply reinforcement learning (RL) using Group-Relative
Policy Optimization (GRPO) to generalize this reasoning ability to large-scale
dermatology datasets with sparse annotations. Through this pipeline, the model
learns to produce structured diagnostic reasoning while maintaining robustness
across heterogeneous clinical data distributions.

In the following sections, we first describe the construction of SkinRationale,
and then present the two-stage training strategy consisting of SFT and GRPO.

3.1 Training Data for Grounded Reasoning

Reliable dermatological diagnosis requires resources that capture multi-step clin-
ical reasoning. However, existing dermatology datasets primarily focus on visual
classification or lesion segmentation and rarely include diagnostic rationales link-
ing visual concepts to clinical conclusions. To address this limitation, we intro-
duce SkinRationale, a textbook-derived dataset designed to provide clinically
grounded reasoning supervision.

Extracting Textbook-Grounded Knowledge We extract three complemen-
tary components from the dermatology textbook of [18]: (1) Diagnostic exem-
plars D = {(Ii, ri, di)}Ni=1, each represented as a triplet (Ii, ri, di) consisting of a
clinical image Ii, a textual rationale ri, and a diagnostic label di, (2) A differen-
tial diagnosis graph GDDx, where edges connect clinically confusable diseases; and
(3) A disease taxonomy Ttax, where parent–child relations represent hierarchical
disease categories.

In total, we collect 220 diagnostic exemplars, construct a DDx graph with
211 nodes and 245 edges (covering 61.36% of the collected exemplars), and build
a disease taxonomy containing 458 nodes and 473 edges.

The knowledge extraction pipeline largely follows the automated procedure
proposed in [20]. The pipeline consists of five stages: (1) image and text ex-
traction, (2) image clustering and filtering, (3) text pairing and filtering, (4)
diagnostic rule extraction, and (5) DDx and taxonomy confirmation and refine-
ment. Human involvement is limited to selecting representative image clusters.
Further implementation details are provided in Appendix.
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Constructing Reasoning Trajectories Generating reliable reasoning trajec-
tories for cold-start supervision is challenging. Prior work often relies on large
reasoning models (LRMs) such as QwQ-32B [44] to produce reasoning traces.
However, such model-generated rationales may contain partial errors, potentially
leading to model collapse [42] or hallucination propagation [49].

Instead, we construct reasoning trajectories from textbook-derived rationales,
which provide stable and expert-curated supervision signals.

Two structural challenges arise when converting textbook knowledge into
training trajectories:

1. Label granularity inconsistency: diagnoses may appear at different speci-
ficity levels (e.g., melanoma vs. superficial spreading melanoma); and

2. Differential diagnosis ambiguity: dermatological reasoning requires dis-
tinguishing visually similar diseases.

To address these issues, we introduce two complementary mechanisms.

Hierarchical diagnosis completion. We construct a dermatology diagnosis tree
capturing parent–child relationships among disease entities (e.g., melanoma →
superficial spreading melanoma). Each final label is augmented with its ancestral
and sibling nodes. This process mitigates inconsistencies in label granularity and
encourages taxonomic coherence across diagnostic levels.

Differential diagnosis reasoning enrichment. Using the DDx graph, we synthe-
size reasoning trajectories that explicitly describe how visually similar conditions
are differentiated. These DDx-informed rationales allow the model not only to
identify the correct diagnosis but also to provide interpretable justification for
excluding alternatives.

The resulting reasoning trajectories are defined as

{τi}Ki=1 = {(CoTi, di, ti)}Ki=1, (1)

where each trajectory contains a reasoning trace CoTi, a diagnosis label di,
and hierarchical diagnostic metadata ti. In total, we construct K = 2020 diag-
nostic trajectories. Details of trajectory synthesis are provided in Appendix.

3.2 Enhancing Grounded Medical Reasoning

Problem Formulation. We formulate dermatological diagnosis as a multimodal
reasoning task. Given a clinical image I and an instruction prompt p, the model
generates a structured diagnostic response consisting of: (i) a reasoning trajec-
tory CoT , (ii) a predicted disease label ℓ̂, and (iii) a lesion category b̂ (e.g.,
benign, malignant, or precancerous). Formally, the policy model πθ learns a con-
ditional distribution

πθ(y | I, p), (2)

where y = (CoT, ℓ̂, b̂) denotes the structured output. The objective is to learn a
policy that produces diagnostically correct predictions while maintaining clini-
cally coherent reasoning trajectories.
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Supervised Fine-Tuning on SkinRationale We first train the policy model
πθ using SFT on hierarchy-aware and DDx-informed diagnostic trajectories.
Given a clinical image I, an instruction prompt p, and the trajectory τ =
(x0, x1, . . . , xn), the training objective is

L = −
n∑

i=1

log πθ(xi | x<i, I, p). (3)

This objective allows the model to imitate expert diagnostic reasoning across
hierarchical disease categories and establishes a robust initialization for RL op-
timization.

Reinforcement Learning via GRPO Although SFT instills grounded rea-
soning ability, it remains limited to the curated trajectories. To generalize rea-
soning across large-scale sparsely annotated datasets, we formulate diagnosis as
a reinforcement learning problem and optimize the model using Group-Relative
Policy Optimization (GRPO) [41].

Given input x = (I, q), the policy generates K candidate responses

{y(j)}Kj=1 = {(CoT (j), ℓ̂(j), b̂(j))}Kj=1, (4)

where CoT (j) denotes the reasoning trace, ℓ̂(j) the predicted disease label,
and b̂(j) the predicted lesion category. Each candidate response receives reward
rj = Rtotal(P, y(j)), where P denotes the ground-truth diagnostic path in the
taxonomy. Rewards are normalized within groups, expressed as Aj = (rj −µ)/σ.
The GRPO objective is defined as

LGRPO(θ) = Ex

[
1

K

K∑
j=1

min(ρjAj , clip(ρj , 1− ε, 1 + ε)Aj)

]
− βKL(πθ(·|x)∥πref(·|x)).

(5)

Reward Function. The reward function encourages diagnostically correct and
structurally consistent outputs:

Rtotal = Rformat +Rgran +Rmalignancy. (6)

Format Compliance Reward.

Rformat =

{
1 if required output tags are present,
0 otherwise.

(7)

Granularity-wise Reward.

Rgran =

{
0.75wi∗ , if ℓ̂ ∈ P,

0, otherwise.
(8)

where wi = i/L represents the normalized depth of the taxonomy path. Details
of Rgran and an example are given in Appendix.
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Malignancy Discrimination Reward.

Rmalignancy =

{
0.25, if b̂ = b⋆,

0, otherwise,
(9)

where b⋆, b̂ ∈ {benign,malignant, precancerous in situ} denote the ground-truth
and predicted malignancy categories, respectively, which correspond to a funda-
mental clinical classification task.

In summary, Skin-R1 integrates textbook-grounded reasoning supervision
with reinforcement learning-based generalization. The combination of hierarchy-
aware reasoning trajectories, supervised initialization, and GRPO-based policy
refinement enables the model to produce clinically interpretable diagnostic pre-
dictions while remaining scalable to heterogeneous dermatology datasets.

4 Experiments and Results

Results Summary. Across a diverse set of dermatology benchmarks, Skin-R1 con-
sistently achieves the strongest diagnostic performance among all evaluated mod-
els on both in-distribution (ID) and out-of-distribution (OOD) datasets while
maintaining balanced performance on lesion condition classification. Ablation
studies further show that trajectory-based SFT provides a crucial foundation
for effective RL training, and that the proposed hierarchy-aware reward im-
proves generalization to unseen disease types. Additional targeted evaluations
confirm that Skin-R1 demonstrates stronger differential diagnosis (DDx) rea-
soning and improved awareness of disease taxonomies compared with existing
VLM baselines.
Key Findings.

– State-of-the-art diagnostic accuracy. Skin-R1 achieves the highest ac-
curacy on both ID and OOD disease diagnosis benchmarks.

– Balanced clinical decision performance. The model obtains the best
combined accuracy and Macro-F1 on lesion condition classification.

– Grounded reasoning improves RL training. Trajectory-based SFT
significantly improves structural alignment and raises the achievable per-
formance ceiling for RL.

– Hierarchy-aware rewards improve generalization. The proposed
granularity-wise reward yields stronger OOD performance by encouraging
hierarchical reasoning across disease categories.

– Improved differential diagnosis capability. Targeted DDx and
taxonomy-based evaluations confirm that Skin-R1 more reliably distin-
guishes visually similar dermatological conditions.

Training & Testing Datasets. We use six dermatology datasets for RL training
and evaluation: PAD-UFES-20 [33], DermNet [8], BCN20000 [5], DERM12345 [56],
Derm7pt [19], and HAM10000 [48]. To assess cross-dataset generalization, we
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additionally evaluate the trained model on the dermoscopy subset of OmniMed-
VQA [14]. Detailed descriptions of all datasets and dataset preprocessing are
provided in Appendix.

Task Description. We design a visual question answering (VQA) evaluation
framework to assess diagnostic reasoning under multiple distributional scenarios.
The evaluation includes three settings:

1. In-distribution disease diagnosis, where the model predicts the disease
category for dermoscopic images drawn from the training domain;

2. Out-of-distribution (OOD) disease diagnosis, which assesses general-
ization to unseen disease types outside the training distribution; and

3. Lesion condition classification, where the model classifies each case as
benign, malignant, or precancerous in situ.

All tasks are formulated as multiple-choice VQA problems and evaluated
primarily using accuracy. For lesion condition classification, Macro-F1 is addi-
tionally reported to account for class imbalance. To ensure fair comparison, an
answer extraction protocol is applied to baseline models lacking the required re-
sponse format. Details of the multiple-choice setup, distractor design, and answer
extraction protocol are provided in Appendix.

Implementation Details. We adopt Qwen2.5-VL-7B-Instruct [2] as the backbone
model. Both SFT and RL stages are trained using LoRA [12], with hyperparam-
eters lora_r=64, lora_alpha=32, and lora_dropout=0.1. Further implemen-
tation details are provided in Appendix.

Baselines. We compare Skin-R1 with a diverse set of recent VLMs spanning gen-
eral, medical, and dermatology-specific models. General-purpose VLMs include
Qwen2.5-VL-7B and -32B [2], Qwen3-VL-8B and -32B [36], InternVL3-8B [64],
and LLaVA-v1.6-7B and -13B [26]. Medical-domain VLMs include LLaVA-Med-
7B [24], HuatuoGPT-Vision-7B [4], and MedGemma-4B [40]. We also include a
dermatology-focused VLM, SkinVL-PubMM [59].

Methods such as Med-R1 [22] and MedVLM-R1 [34] primarily rely on GRPO-
style RL training. Therefore, the RL without SFT configuration in Sec. 4.2
can be viewed as their adaptation to dermatological diagnosis.

4.1 Skin-R1 Compared with SOTA Benchmarks

As shown in Tab. 2, Skin-R1 outperforms all baseline models on disease
diagnosis. It achieves the highest average accuracy on both ID datasets (0.6385,
+0.1955 over the next-best model) and OOD datasets (0.7171, +0.0284), demon-
strating strong diagnostic accuracy and generalization capability.

For lesion condition classification (Tab. 3), Skin-R1 achieves the most
balanced performance, obtaining the highest average accuracy (0.6928, +0.0297)
and Macro-F1 score (0.4287, +0.0633).
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Table 2: Comparison of Skin-R1 with baseline LVLMs on in-distribution and OOD
disease diagnostic tasks. Bold and underlined values indicate the best and second-best
results, respectively.

In-distribution OODType Model BCN20k HAM10k PAD Derm12345 Derm7pt DermNet Avg. ISBI16 ISIC18 ISIC19 ISIC20 Monk22 Avg.

General
Qwen2.5-VL-7B-Instruct 0.4911 0.5162 0.5033 0.3521 0.2962 0.4852 0.4367 0.3655 0.6301 0.6359 0.3325 0.7078 0.5027
Qwen3-VL-8B-Instruct 0.2947 0.2085 0.3275 0.2386 0.2354 0.2899 0.2585 0.6996 0.2890 0.3934 0.8837 0.4610 0.5939
InternVL3-8B 0.4996 0.4705 0.6009 0.3453 0.3364 0.5473 0.4430 0.4580 0.6474 0.7746 0.3531 0.6948 0.5841
LLaVA-v1.6-7B 0.2299 0.2416 0.3080 0.3046 0.2354 0.2885 0.2636 0.5819 0.1908 0.3134 0.5899 0.3312 0.4351
LLaVA-v1.6-13B 0.3933 0.3779 0.4469 0.4121 0.3376 0.4193 0.3960 0.2563 0.1676 0.3415 0.1584 0.2143 0.2560
Qwen2.5-VL-32B-Instruct 0.4746 0.4057 0.4469 0.3815 0.3596 0.5763 0.4307 0.5966 0.2601 0.3445 0.6040 0.3247 0.4587
Qwen3-VL-32B-Instruct 0.3156 0.2363 0.3688 0.2801 0.2536 0.3304 0.2892 0.6996 0.3353 0.5596 0.8408 0.6688 0.6651

Medical
LLaVA-Med-7b 0.2508 0.2091 0.2039 0.2503 0.2135 0.2870 0.2400 0.2542 0.2601 0.3928 0.5314 0.4545 0.4170
HuatuoGPT-Vision-7B 0.4799 0.4944 0.4295 0.3638 0.2561 0.4719 0.4241 0.4202 0.5896 0.5657 0.4505 0.5779 0.5101
MedGemma-4B 0.4130 0.2627 0.3753 0.3767 0.2924 0.3240 0.3548 0.5168 0.5318 0.7214 0.7508 0.5584 0.6887

Dermatology SkinVL-PubMM - - - - - - - - - - - - -
Skin-R1 0.6345 0.7214 0.6573 0.6608 0.4955 0.5370 0.6385 0.6828 0.7630 0.7630 0.6708 0.6494 0.7171

Table 3: Comparison of Skin-R1 with baseline LVLMs on in-distribution skin lesion
diagnostic tasks. Bold and underlined values indicate the best and second-best results,
respectively.

In-distributionType Model BCN20k HAM10k PAD Derm12345 Derm7pt DermNet Avg.
Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

General
Qwen2.5-VL-7B-Instruct 0.4308 0.3346 0.2905 0.2449 0.4100 0.3632 0.3046 0.2045 0.3661 0.3468 0.5399 0.4390 0.3698 0.2910
Qwen3-VL-8B-Instruct 0.4581 0.3105 0.6592 0.3601 0.3124 0.2891 0.7437 0.3716 0.6494 0.5858 0.5059 0.3503 0.5924 0.3649
InternVL3-8B 0.4795 0.3768 0.3514 0.2639 0.5033 0.4932 0.4769 0.3091 0.4334 0.4343 0.5932 0.5366 0.4619 0.3610
LLaVA-v1.6-7B 0.4014 0.3036 0.5897 0.3669 0.2907 0.2743 0.6414 0.3285 0.5356 0.5361 0.4601 0.3109 0.5174 0.3428
LLaVA-v1.6-13B 0.3704 0.3070 0.4057 0.2888 0.3536 0.3458 0.3847 0.2330 0.3739 0.4181 0.4267 0.3524 0.3849 0.2978
Qwen2.5-VL-32B-Instruct 0.4799 0.3507 0.4917 0.3390 0.3514 0.3027 0.6093 0.3442 0.4903 0.4948 0.5896 0.4511 0.5231 0.3654
Qwen3-VL-32B-Instruct 0.4481 0.2452 0.7598 0.3508 0.2560 0.1968 0.8716 0.3923 0.6986 0.4991 0.5333 0.3092 0.6491 0.3337

Medical
LLaVA-Med-7b 0.4465 0.2058 0.7968 0.2956 0.2299 0.1246 0.8994 0.3157 0.6986 0.4113 0.5459 0.2354 0.6631 0.2714
HuatuoGPT-Vision-7B 0.4489 0.3525 0.3349 0.2858 0.5098 0.4725 0.3682 0.2390 0.3842 0.3957 0.5562 0.4680 0.4105 0.3267
MedGemma-4B 0.0817 0.0746 0.0668 0.0558 0.3384 0.2302 0.0692 0.0574 0.0517 0.0813 0.1746 0.1531 0.0942 0.0816

Dermatology SkinVL-PubMM 0.4368 0.2373 0.7187 0.3459 0.2560 0.1733 0.8740 0.3196 0.6779 0.5491 0.5592 0.2816 0.6392 0.3100
Skin-R1 0.5370 0.3486 0.7472 0.4039 0.3536 0.2888 0.8918 0.4786 0.7089 0.6589 0.6257 0.4271 0.6928 0.4287

Several baseline models exhibit notable biases. MedGemma-4B shows a strong
bias toward the rare class C: precancerous in situ (7,860 of 8,390 predic-
tions), leading to poor overall performance. LLaVA-Med-7B demonstrates a bias
toward the majority class A: benign (5,563 of 8,390 predictions), resulting in
low F1 scores. SkinVL-PubMM also shows a mild bias toward the A: benign
category.

Moreover, SkinVL-PubMM rarely produces meaningful diagnostic responses
on both ID and OOD tasks even when prompts are simplified. Consequently, its
metrics are reported as “−”, indicating that the model fails to produce meaningful
answers rather than being affected by the answer extraction protocol.

4.2 Ablation Study

We summarize ablation results evaluating trajectory SFT, RL stages, and reward
design in Tab. 4 and Tab. 5.

1. Stage 1 (Trajectory SFT) Improves Diagnostic Ability and Struc-
tural Alignment. The SFT model outperforms the base model Qwen2.5-
VL-7B-Instruct overall. The base model also frequently fails to follow the re-
quired output format. Under strict answer extraction, it fails to produce valid
answers in approximately 30% of ID diagnosis cases, compared with only 2%
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for the SFT model. These results highlight the critical role of trajectory-
based SFT in establishing grounded diagnostic reasoning and structural
alignment.

2. Stage 2 (RL) Significantly Boosts Performance and Generaliza-
tion. The full Skin-R1 pipeline achieves markedly higher performance than
earlier checkpoints and the base model. The proposed reward design en-
courages structured hierarchical reasoning and lesion differentiation. Strong
OOD performance further confirms improved generalization. We select the
checkpoint at 1,500 RL steps as the representative model.

3. High-Quality SFT is Essential for Effective RL. The complete Skin-R1
pipeline consistently outperforms the RL without SFT variant. Although
RL without SFT improves upon the base model, its best performance re-
mains significantly lower (Fig. 2). This indicates that RL-only approaches
lack the grounded knowledge necessary for robust reasoning.

4. Granularity-wise Reward Improves Generalization Ability. Replac-
ing the granularity-aware reward with a standard binary reward leads to
weaker OOD performance. This suggests that the proposed reward pro-
vides more informative learning signals by encouraging hierarchical reasoning
across the disease taxonomy.

Table 4: Ablation study of Skin-R1 across in-distribution and OOD datasets. Bold
and underlined indicate the best and second-best performance, respectively.

In-distribution Out-of-distribution (OOD)Model BCN20k HAM10k PAD Derm12345 Derm7pt DermNet Avg. ISBI16 ISIC18 ISIC19 ISIC20 Monk22 Avg.

Qwen2.5-VL-7B-Instruct 0.4911 0.5162 0.5033 0.3521 0.2962 0.4852 0.4367 0.3655 0.6301 0.6359 0.3325 0.7078 0.5027
SFT 0.4899 0.6122 0.5358 0.4181 0.2937 0.4793 0.4743 0.5693 0.4509 0.5651 0.4249 0.6039 0.5153
RL without SFT 0.5898 0.6671 0.5813 0.6056 0.3855 0.5296 0.5843 0.4223 0.7514 0.7208 0.3663 0.7597 0.5674
RL with standard reward 0.6252 0.7227 0.6182 0.6628 0.5265 0.5444 0.6379 0.6870 0.7399 0.6885 0.5528 0.5195 0.6386
Skin-R1 (500 steps) 0.6139 0.6870 0.6095 0.6020 0.3351 0.4882 0.5875 0.6744 0.6474 0.6805 0.6848 0.5519 0.6742
Skin-R1 (1,000 steps) 0.6083 0.7009 0.6508 0.6487 0.4502 0.4956 0.6156 0.6660 0.7168 0.7648 0.5982 0.5909 0.6870
Skin-R1 (1,500 steps) 0.6345 0.7214 0.6573 0.6608 0.4955 0.5370 0.6385 0.6828 0.7630 0.7630 0.6708 0.6494 0.7171

Table 5: Ablation study of Skin-R1 on skin lesion diagnostic task across in-distribution
datasets. Bold and underlined indicate the best and second-best performance, respec-
tively.

In-distributionModel BCN20k HAM10k PAD Derm12345 Derm7pt DermNet Avg.
Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

Qwen2.5-VL-7B-Instruct 0.4308 0.3346 0.2905 0.2449 0.4100 0.3632 0.3046 0.2045 0.3661 0.3468 0.5399 0.4390 0.3698 0.2910
SFT 0.4972 0.3228 0.6373 0.3567 0.3688 0.2970 0.8072 0.4037 0.6223 0.5876 0.6006 0.4590 0.6271 0.3868
RL without SFT 0.4819 0.3654 0.3812 0.3037 0.4338 0.3740 0.4748 0.2839 0.3946 0.3824 0.5962 0.4792 0.4602 0.3414
RL with standard reward 0.5407 0.3633 0.6810 0.3849 0.3991 0.3232 0.8378 0.4480 0.6624 0.6416 0.6450 0.4841 0.6658 0.4254
Skin-R1(500 steps) 0.5229 0.3305 0.7565 0.3867 0.3362 0.2638 0.8994 0.4584 0.7413 0.6571 0.6036 0.4215 0.6928 0.4123
Skin-R1(1,000 steps) 0.5342 0.3528 0.6962 0.3880 0.3601 0.2916 0.8519 0.4421 0.6792 0.6386 0.6228 0.4325 0.6684 0.4150
Skin-R1(1,500 steps) 0.5370 0.3486 0.7472 0.4039 0.3536 0.2888 0.8918 0.4786 0.7089 0.6589 0.6257 0.4271 0.6928 0.4287
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Fig. 2: Training reward curve comparison of Skin-R1 with or without SFT stage.

4.3 Targeted DDx and Hierarchical Evaluation
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cal diagnosis tasks.

To evaluate DDx and hierarchy-aware
reasoning, we construct two targeted
evaluation tasks: (1) DDx diagnosis
and (2) hierarchical diagnosis. These
tasks modify the standard ID bench-
mark by replacing distractors using
the disease taxonomy Ttax and the dif-
ferential diagnosis graph GDDx.

Evaluation uses held-out images
never seen during training. The tax-
onomy and DDx graph are used only
to generate distractors and are not
provided to the model during infer-
ence.

– For hierarchical diagnosis, distractors correspond to ancestor nodes of the
ground-truth diagnosis.

– For DDx diagnosis, distractors correspond to confusable neighboring diseases
in GDDx.

As shown in Fig. 3, Skin-R1 achieves the highest accuracy in both settings,
demonstrating stronger differentiation of visually similar diseases and improved
awareness of taxonomic relationships.

4.4 Qualitative Analysis

Qualitative comparisons (Appendix) show that Skin-R1 produces responses that
are more concise, accurate, and consistent with expert diagnostic reasoning com-
pared with the base Qwen2.5-VL-7B model.

For example, in Open-ended Case 1 of Appendix, Skin-R1 correctly con-
cludes that the observed features “indicate a benign pigmented nevus rather
than melanoma”, demonstrating precise DDx reasoning. In contrast, the base
model fails to capture this critical clinical distinction.

While the base model tends to produce longer descriptive outputs, it often
sacrifices diagnostic precision. Skin-R1, in contrast, produces more focused and
reliable diagnoses, reflecting stronger grounded diagnostic reasoning capabilities.
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5 Summary and Discussion

Summary. We addressed three major challenges that limit the trustworthiness
and clinical utility of dermatological vision–language models: dataset hetero-
geneity, the scarcity of grounded reasoning supervision, and the difficulty of
transferring complex diagnostic reasoning to large-scale datasets with sparse an-
notations.

We introduced Skin-R1, a dermatology-oriented VLM trained through a
three-stage framework that integrates textbook-grounded supervision with re-
inforcement learning. First, we construct a textbook-based reasoning generator
that synthesizes hierarchy-aware and differential-diagnosis (DDx)-informed diag-
nostic trajectories, providing expert-aligned supervision. Second, these trajecto-
ries are used for supervised fine-tuning (SFT), establishing a grounded reasoning
foundation. Third, we introduce a reinforcement learning framework that lever-
ages hierarchical diagnostic rewards to generalize these reasoning patterns to
large-scale sparsely annotated datasets.

Extensive experiments across multiple dermatology benchmarks show that
Skin-R1 consistently outperforms state-of-the-art baselines in diagnostic accu-
racy and robustness. Ablation studies further highlight the critical role of trajectory-
based SFT in enabling effective reinforcement learning and improving general-
ization.

Overall, our results highlight the importance of grounded reasoning supervi-
sion for developing trustworthy medical VLMs and suggest a promising direction
toward clinically reliable multimodal diagnostic systems.

Discussion. Although Skin-R1 improves diagnostic reasoning and fine-grained
prediction, several limitations remain before reliable real-world deployment.

First, the reward signal and evaluation is answer-level: models are scored by
multiple-choice accuracy, while the correctness and faithfulness of the generated
reasoning traces are examined only qualitatively; quantifying rationale quality
in more open-ended, clinically realistic settings, together with confidence cali-
bration, abstention or referral under high uncertainty, and severity-aware error
analysis for malignant conditions, is left to future work.

Second, our pipeline extracts a taxonomy and DDx graph offline and keeps
them fixed during training; since these structures also generate the distractors
for the in-distribution and targeted evaluations, those results partially reflect
consistency with this fixed clinical knowledge, whereas the out-of-distribution
evaluation (OmniMedVQA), whose options are independent of our taxonomy, is
not subject to this coupling. This static design also limits adaptation to evolving
or dataset-specific ontologies.

Third, Skin-R1 is instantiated only on Qwen2.5-VL-7B; whether the same
SFT+RL recipe transfers to other backbones, including medical ones, and how
it compares with additional dermatology-specific foundation models, remains to
be studied.

Finally, we observe modest degradation in certain Fitzpatrick skin types (Ap-
pendix), likely reflecting training-data bias, and our outcome-level objective does
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not explicitly reward intermediate reasoning steps; fairness-aware training, do-
main adaptation, and process-level supervision are promising directions; how-
ever, defining reliable reward signals for clinical reasoning remains challenging.
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