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 A B S T R A C T

Multimodal skin lesion classification plays a crucial role in dermatological computer-aided diagnosis by 
jointly leveraging dermoscopic images and patient-level clinical metadata. However, existing methods face two 
fundamental challenges. (1) Multi-granularity semantic coupling arises because a shared network parameter 
space struggles to jointly optimize fine-grained local lesion discrimination and coarse-grained global semantic 
representation, leading to imbalanced performance across skin lesions of different scales and morphologies. 
(2) Cross-modal information entropy mismatch often causes fusion collapse, where high-entropy dermoscopic 
image modalities dominate the joint representation, while discriminative signals from low-entropy clinical 
features are weakened during multimodal fusion. To address these challenges, we propose the Pyramid Mutual 
Information Fusion Network (PyMIF-Net) for multimodal skin lesion classification. The proposed framework 
comprises three key components. A CLIP Semantic Encoder (CSE) serves as a CLIP-based transfer encoder that 
adapts generic vision–language representations to the dermatological domain through hierarchical Adapter 
modules, and employs bidirectional cross-attention together with contrastive learning to align dermoscopic 
images with clinical semantics. A Pyramid Feature Extraction Module (PFEM) constructs a four-level feature 
pyramid and introduces orthogonality constraints to decouple optimization across different semantic granulari-
ties. Furthermore, a Mutual Information Constrained Fusion (MICF) module formulates an entropy-aware fusion 
objective via variational mutual information estimation and applies dynamic gradient reweighting to enhance 
the contribution of low-entropy clinical modalities. Experiments conducted on public skin lesion datasets show 
that PyMIF-Net achieves competitive performance compared with state-of-the-art (SOTA) methods, providing 
empirical evidence for its effectiveness in multimodal skin lesion classification.
. Introduction

Multimodal skin lesion classification [1] constitutes a core tech-
ology in dermatological computer-aided diagnosis (CAD) and plays 
 pivotal role in skin lesion classification [2]. In real-world dermato-
ogical diagnostic practice, clinicians typically integrate dermoscopic 
maging with patient-level clinical metadata to make informed deci-
ions: the former provides visual morphological characteristics of skin 
esions, while the latter encodes patients’ physiological and patholog-
cal states. Effectively fusing these heterogeneous multimodal signals 
o emulate the clinical decision-making process is therefore crucial 

I This article is part of a Special issue entitled: ‘PR_Biomedical Data’ published in Pattern Recognition.
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1 These authors contributed equally to this work.

for improving the performance of automated skin lesion diagnosis 
systems [3]. Although deep learning has achieved remarkable suc-
cess in unimodal dermoscopic image analysis in recent years, efficient 
and reliable dermoscopic image–clinical metadata fusion still faces 
fundamental challenges.

Existing multimodal skin lesion classification methods [4,5] are 
constrained by two key technical bottlenecks. (1) Degradation of multi-
granularity semantic coupling. Medical lesions exhibit significant scale 
variability: small-scale abnormalities require fine-grained local dis-
crimination, whereas diffuse lesions depend more on global semantic 
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Fig. 1. Illustration of the two fundamental challenges in multimodal medical image classification.
understanding. To verify this, we analyze single-scale features extracted 
by ResNet-50. As shown in Fig.  1(a), the accuracy for small lesions is 
only 62.3%, compared to 81.7% for large diffuse lesions, yielding a 19.4 
percentage-point gap. t-SNE visualization further reveals that small-
lesion samples form dispersed clusters with blurred class boundaries, 
while large-lesion samples exhibit compact and well-separated distri-
butions. These results suggest that a single shared network struggles 
to jointly optimize local discriminative sharpness and global semantic 
compactness, leading to imbalanced performance across lesion scales. 
(2) Fusion collapse caused by cross-modal information entropy mis-
match. A substantial entropy gap exists between image and clinical 
modalities. Using Mutual Information Neural Estimation (MINE), we 
measure inter-modal mutual information under naive concatenation-
based fusion. The mutual information between the image modality 
and the fused representation is 3.42 nats, whereas that of the clin-
ical modality is only 0.51 nats. As shown in Fig.  1(b), the image 
modality contributes 87.0% to the fused representation, while the 
clinical modality accounts for merely 13.0%. This imbalance indicates 
that the high-entropy image modality dominates fusion, limiting the 
contribution of clinical information and causing multimodal learning 
to degenerate toward image-dominated overfitting. Modality sensitivity 
analysis further supports this observation: removing image informa-
tion leads to a larger performance drop, whereas removing clinical 
information results in relatively smaller changes.

To address the above challenges, we propose PyMIF-Net (Pyra-
mid Mutual Information Fusion Network), a deep learning frame-
work specifically designed for multimodal medical image classification. 
PyMIF-Net achieves independent optimization of multi-granularity fea-
tures through hierarchical parameter space decoupling and enforces 
entropy-balanced multimodal fusion via information-theoretic con-
straints. The overall architecture consists of three synergistic core 
modules. (1) The CSE introduces CLIP-ViT as the image encoder and 
employs a hierarchy-aware Adapter mechanism to facilitate domain 
transfer from natural images to medical images. Specifically, shallow 
layers preserve general visual priors, while deeper layers progressively 
incorporate domain-specific medical knowledge. In addition, a bidirec-
tional cross-attention mechanism is designed to establish fine-grained 
correspondences between local image regions and clinical semantics. A 
contrastive alignment loss is further introduced to enhance cross-modal 
semantic consistency. (2) Hierarchically Decoupled Pyramid Feature 
Extraction Module. To mitigate the degradation of multi-granularity 
semantic coupling, the PFEM constructs a four-level heterogeneous 
feature pyramid. The L1 layer establishes a semantic foundation via 
linear projection; the L2 layer captures structural relationships using 
a graph attention network; the L3 layer models global contextual de-
pendencies through multi-head self-attention; and the L4 layer enables 
deep cross-modal interaction via gated cross-attention. Each layer is 
2 
associated with an independent parameter subspace, and orthogonality 
constraints are imposed to decouple optimization across granularities, 
thereby enabling balanced learning of fine and coarse-grained features. 
(3) The MICF module estimates and maximizes the mutual information 
between each modality and the fused representation based on the 
Donsker–Varadhan variational formulation. This design encourages the 
fused representation to preserve sufficient discriminative information 
from all modalities. Moreover, an entropy-aware gradient reweighting 
mechanism is introduced to dynamically rescale loss weights according 
to modality entropy ratios, compensating for the optimization dis-
advantage of low-entropy clinical modalities. Extensive experiments 
conducted on multiple public skin lesion datasets demonstrate that 
PyMIF-Net significantly outperforms SOTA methods in terms of classi-
fication performance. Comprehensive ablation studies further validate 
the individual effectiveness and synergistic benefits of the proposed 
modules. The main contributions of this work can be summarized as 
follows:

1. We empirically identify two key challenges in multimodal
dermoscopy-based skin lesion classification: multi-granularity 
semantic coupling degradation and fusion imbalance induced by 
cross-modal information entropy mismatch.

2. We propose PyMIF-Net, a unified framework for dermoscopic 
image–clinical metadata fusion. Its core components, PFEM and 
MICF, are designed to alleviate inter-granularity optimization 
conflict and modality contribution imbalance, while CSE sup-
ports early-stage visual–clinical semantic alignment.

3. Experiments on multiple public skin lesion datasets show fa-
vorable performance of PyMIF-Net and provide empirical sup-
port for the proposed multimodal fusion and multi-granularity 
representation learning design.

2. Related works

In recent years, medical image analysis [3] has gradually shifted 
from unimodal modeling toward multimodal learning, aiming to en-
hance diagnostic performance by integrating heterogeneous sources of 
information, such as medical images and clinical data. Existing studies 
have demonstrated that unimodal image-based analysis is inherently 
constrained by the representational capacity of visual data alone [1], 
whereas multimodal learning can substantially improve model perfor-
mance by incorporating complementary clinical information, including 
patient history and examination indicators. Such integration enables 
a more comprehensive understanding of complex disease patterns and 
has shown particular advantages in tasks such as early-stage skin lesion 
diagnosis.
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Fig. 2. Comparison of five multimodal fusion methods for medical image classification.
2.1. Cross-modal information fusion

Effective multimodal skin lesion classification requires not only 
combining dermoscopic image features with clinical metadata, but also 
aligning their semantic representations. Early approaches [6] primarily 
adopted feature concatenation or integration strategies, in which fea-
ture vectors from multiple modalities are directly combined for classifi-
cation or regression. Although simple to implement, these methods lack 
explicit modeling of inter-modal relationships, making it difficult to 
fully exploit the complementary nature of multimodal information, and 
thus resulting in limited fusion performance. Subsequently, attention-
based multimodal fusion methods [7] and joint network learning [8] 
approaches were proposed. By explicitly modeling inter-modal corre-
lations or performing joint optimization in high-level feature spaces, 
these methods enhance cross-modal feature interaction. In addition, 
graph-based fusion methods model multimodal data as graph structures 
to capture complex dependencies, showing potential particularly in 
structured clinical data modeling.

However, most of these methods implicitly assume that the con-
tributions of different modalities are directly comparable, without ex-
plicitly modeling differences in their information content. In practical 
medical scenarios, high-entropy modalities often dominate the opti-
mization process, weakening the effective contribution of low-entropy 
modalities and leading to degraded fusion representations. More re-
cently, mutual information–based multimodal learning methods have 
been introduced to promote cross-modal feature alignment from an 
information-theoretic perspective. For example, CGMCL [9] improves 
medical image classification by effectively integrating both image and 
non-image data through cross-modality graphs and contrastive learn-
ing, enhancing accuracy, interpretability, and early disease prediction. 
While these methods alleviate modality heterogeneity to some ex-
tent, they typically rely on static constraints and lack mechanisms to 
dynamically regulate the contributions of different modalities.

Meanwhile, multimodal medical image analysis based on visual pre-
trained models, particularly vision–language models such as CLIP [10], 
has gained increasing attention. Despite their strong transferability 
in medical scenarios, existing methods generally adopt uniform fine-
tuning strategies and perform modality interaction only at the fu-
sion stage, lacking explicit cross-modal semantic alignment during 
feature encoding. This limitation restricts the consistency and stabil-
ity of learned multimodal representations. Fig.  2 illustrates different 
multimodal fusion strategies.
3 
2.2. Multi-granularity feature learning

Skin lesions often exhibit diverse scales, shapes, and morpholog-
ical patterns. Small lesions or local structures require fine-grained 
discrimination, whereas diffuse lesions rely more on global contextual 
understanding. Therefore, multi-granularity feature learning is critical 
for skin lesion classification. For example, Pacal et al. [11] intro-
duce a MetaFormer-based deep learning model that incorporates focal 
self-attention mechanisms, effectively integrating coarse-grained global 
features and fine-grained local features. Similarly, Aruk et al. [12] 
combine convolutional layers to capture detailed local features and 
transformer blocks to model global relationships, enabling the joint 
learning of coarse and fine-grained features for more accurate skin can-
cer classification. Chen et al. [13] introduce a dual-branch transformer 
that processes small and large patch tokens with separate branches, us-
ing cross-attention to fuse coarse-grained and fine-grained features, en-
abling stronger image representations for classification. Yun et al. [14] 
optimizes memory efficiency by using a single-head attention module 
that reduces computational redundancy, combining global and local 
information to effectively learn both coarse and fine-grained features. 
However, since features of different granularities often share the same 
parameter space, gradient conflicts can arise during training, making it 
difficult for the model to simultaneously maintain local discriminabil-
ity and global semantic consistency, with fine-grained features often 
being overshadowed by coarse-grained ones. To alleviate this problem, 
various multi-scale modeling methods have been proposed.

To tackle the above challenges, this paper explores solutions from 
two perspectives: parameter space decoupling and information con-
straint optimization. On one hand, a hierarchical feature modeling 
mechanism is introduced to decouple the learning processes of dif-
ferent granularity features, alleviating the coupling problem of multi-
granularity semantics within the shared parameter space. On the other 
hand, from an information theory perspective, the paper combines 
mutual information constraints and entropy-aware dynamic adjustment 
strategies to balance the optimization contributions of different modal-
ities during multimodal fusion, thereby improving the stability and 
discriminative power of feature representations.

3. Methodology

As illustrated in Fig.  3, PyMIF-Net is a deep learning framework de-
signed for multimodal skin lesion classification, aiming to address two 
core challenges: multi-granularity semantic coupling degradation and 
cross-modal fusion collapse induced by information entropy mismatch.
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Fig. 3. Overall architecture of the proposed PyMIF-Net framework.
Fig. 4. Overall architecture of the proposed CSE module.
Given an input medical image 𝐈 ∈ R𝐻×𝑊 ×3 and a clinical indica-
tor vector 𝐱clin ∈ R𝑑𝑐 , PyMIF-Net first extracts semantically aligned 
visual features 𝐅align and clinical features 𝐟clin through the CSE module. 
Subsequently, the PFEM constructs a multi-granularity feature pyramid 
and aggregates it into 𝐅pyr . Finally, the MICF module fuses the two 
modalities to generate the final representation 𝐟fuse for classification 
prediction. The detailed designs of each module are described below.

3.1. Visual–semantic aligned CLIP transfer encoder

Fig.  4 shows the schematic diagram of the CSE module. The CSE 
module leverages the transferable visual representation capability of 
CLIP-ViT and further learns visual–clinical semantic alignment through 
clinical feature embedding, bidirectional cross-attention, and
contrastive supervision.

3.1.1. Adaptive adapter-based domain transfer
Since CLIP is pre-trained on large-scale natural image-text pairs, 

directly applying it to medical imaging tasks introduces a significant 
domain shift. To address this issue, we insert lightweight Adapter mod-
ules into each Transformer layer of CLIP-ViT for domain adaptation, 
while freezing the original backbone parameters to preserve the pre-
trained knowledge. The key innovation lies in introducing a layer-wise 
adaptive scaling mechanism:
𝐙𝑙 = FFN(LN(𝐇𝑙)) + 𝛼𝑙 ⋅𝑙(𝐇𝑙) +𝐇𝑙 , (1)

where 𝑙 denotes a bottleneck Adapter consisting of a down-projection, 
a non-linear activation, and an up-projection. The scaling factor 
𝛼𝑙 = sigmoid

(

𝐰⊤
𝑔 ⋅ GAP(𝐇𝑙)

)

(2)

is dynamically adjusted according to the feature content. This design 
allows shallow layers to retain general visual priors, while deeper 
layers progressively incorporate domain-specific medical information. 
After 𝐿 Transformer layers, the visual encoder outputs the feature 
representation 𝐅 ∈ R(𝑁+1)×𝑑 .
𝑣

4 
3.1.2. Clinical feature embedding and bidirectional alignment
Clinical indicators are projected into the visual semantic space via 

a residual MLP: 

𝐟𝑐 = MLPres(𝐱clin) ∈ R𝑑 . (3)

To establish fine-grained cross-modal associations, we design a bidi-
rectional cross-attention mechanism that allows visual tokens to query 
clinical semantics, while clinical features simultaneously aggregate 
relevant visual information: 

𝐅′
𝑣 = 𝐅𝑣 + 𝛾𝑣 ⋅ CrossAttn(𝐅𝑣 → 𝐟𝑐 ), (4)

𝐟 ′𝑐 = 𝐟𝑐 + 𝛾𝑐 ⋅ CrossAttn(𝐟𝑐 → 𝐅𝑣), (5)

where 𝛾𝑣 and 𝛾𝑐 are learnable residual scaling factors initialized to zero 
to ensure training stability. To further enforce semantic consistency 
across modalities, we introduce a contrastive alignment loss: 

align = − 1
𝐵

𝐵
∑

𝑖=1
log

exp
(

sim(𝐟 ′𝑣,𝑖, 𝐟
′
𝑐,𝑖)∕𝜏

)

∑𝐵
𝑗=1 exp

(

sim(𝐟 ′𝑣,𝑖, 𝐟
′
𝑐,𝑗 )∕𝜏

) , (6)

where 𝐟 ′𝑣 = GAP(𝐅′
𝑣) denotes the global visual representation and 

𝜏 = 0.07 is the temperature parameter. The CSE module outputs the 
semantically aligned features 𝐅align = 𝐅′

𝑣 and 𝐟clin = 𝐟 ′𝑐 .
The clinical-to-visual attention is designed as a selective aggregation 

mechanism rather than a direct replacement of visual representations. 
Since clinical indicators are first projected into the visual semantic 
space, the clinical feature acts as a compact query to attend to clinically 
relevant visual tokens. The residual scaling factors 𝛾𝑣 and 𝛾𝑐 are initial-
ized to zero, allowing the model to start from unimodal representations 
and gradually learn cross-modal interaction, which helps reduce the 
risk of noisy or unstable alignment.
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Fig. 5. Overall architecture of the proposed PFEM module.
3.2. Hierarchically decoupled pyramid feature extraction module

Fig.  5 shows the schematic diagram of the PFEM module. To address 
multi-granularity semantic coupling, PFEM constructs a four-level het-
erogeneous feature pyramid for modeling lesion patterns at different 
granularities. Unlike multi-branch Transformer designs that usually ag-
gregate multi-scale feature streams with similar attention mechanisms, 
PFEM emphasizes inter-granularity decoupling through heterogeneous 
hierarchical modeling, level-specific parameter subspaces, orthogonal-
ity regularization, and gradient decoupling. It should be noted that 
these parameter subspaces are not strictly independent, since the pyra-
mid levels are sequentially connected and preserve forward depen-
dencies. Instead, ‘‘level-specific parameter subspaces’’ refers to the use 
of separate learnable transformations and regularization constraints 
for different granularity levels. This design aims to reduce optimiza-
tion interference between fine-grained local lesion discrimination and 
coarse-grained global semantic modeling while maintaining hierarchi-
cal information flow, making it suitable for dermoscopy-based skin 
lesion classification with lesions of diverse scales and morphologies.

3.2.1. Four-level feature pyramid architecture
Based on the semantically aligned features 𝐅align ∈ R𝑁×𝑑 output 

by the CSE module, where 𝑁 denotes the number of tokens, PFEM 
builds a four-level heterogeneous pyramid to capture multi-granularity 
information ranging from local details to global semantics. Each level 
is designed with distinct inductive biases and receptive fields, targeting 
specific granularity requirements in medical image classification.
L1: Semantic base layer. The L1 layer aims to establish a unified seman-
tic representation space that provides normalized inputs for subsequent 
layers. A learnable linear projection is applied to align the semantic 
scale of each token: 
𝐏(1) = LayerNorm(𝐖1𝐅align + 𝐛1), (7)

where 𝐖1 ∈ R𝑑×𝑑 . This layer introduces no non-linear transformation, 
thereby preserving fine-grained discriminative information from the 
original features as a foundation for subsequent multi-granularity ex-
traction. Layer normalization ensures feature distribution stability and 
prevents gradient vanishing in deeper layers.
L2: Structural relation layer. The L2 layer focuses on capturing local 
morphological characteristics and spatial topological structures of le-
sions. In medical images, pathological regions often exhibit specific 
spatial configurations (e.g., reticular pigmentation patterns), which 
provide critical diagnostic cues. To model such structural dependencies, 
we employ a Graph Attention Network (GAT) [15].
5 
First, a sparse adjacency graph is constructed based on cosine 
similarity between token features. For each token 𝑖, only its top-𝑘
most similar neighbors are retained (𝑘 = 8), balancing receptive field 
coverage and computational efficiency: 

𝑘(𝑖) = TopK
(

{

CosineSim(𝐩(1)𝑖 ,𝐩(1)𝑗 )
}𝑁

𝑗=1

)

. (8)

Neighborhood information is then aggregated using a standard GAT 
mechanism. For node 𝑖 and its neighbor 𝑗 ∈ 𝑘(𝑖), the attention 
coefficients are computed as: 
𝑒𝑖𝑗 = LeakyReLU

(

𝐚⊤
[

𝐖gat𝐩
(1)
𝑖 ∥ 𝐖gat𝐩

(1)
𝑗
]

)

, (9)

𝛼𝑖𝑗 =
exp(𝑒𝑖𝑗 )

∑

𝑗′∈𝑘(𝑖) exp(𝑒𝑖𝑗′ )
. (10)

The output of the L2 layer for node 𝑖 is obtained via weighted neighbor-
hood aggregation with a residual connection to preserve fine-grained 
information: 
𝐩(2)𝑖 = 𝐩(1)𝑖 +

∑

𝑗∈𝑘(𝑖)
𝛼𝑖𝑗 ⋅𝐖gat𝐩

(1)
𝑗 , (11)

where 𝐖gat ∈ R𝑑×𝑑 and 𝐚 ∈ R2𝑑 are learnable parameters. The 
sparse connectivity and local aggregation strategy enable this layer to 
specialize in fine-grained structural pattern recognition.
L3: Global context layer. The L3 layer is responsible for extracting 
coarse-grained global semantics and modeling long-range dependen-
cies. Classification of diffuse lesions requires integration of global 
contextual information across the entire image. To this end, we adopt 
multi-head self-attention for global modeling.

The input feature 𝐏(2) is linearly projected into query, key, and value 
representations: 
𝐐 = 𝐏(2)𝐖𝑄, 𝐊 = 𝐏(2)𝐖𝐾 , 𝐕 = 𝐏(2)𝐖𝑉 . (12)

For each attention head, global token dependencies are then mod-
eled as: 

headℎ = Attention(𝐐ℎ,𝐊ℎ,𝐕ℎ) = sof tmax

(

𝐐ℎ𝐊⊤
ℎ

√

𝑑∕𝐻

)

𝐕ℎ. (13)

The outputs of all heads are concatenated and projected to obtain 
the L3 representation: 
𝐏(3) = LayerNorm

(

𝐏(2) + Concat(head1,… , head𝐻 )𝐖𝑂
)

. (14)

We use 𝐻 = 8 attention heads with a per-head dimensionality of 
𝑑∕𝐻 = 64. Unlike the sparse local attention in the L2 layer, the fully 
connected attention matrix in L3 allows each token to perceive global 
context, making it suitable for capturing large-scale lesion distributions 
and holistic semantic patterns.
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Fig. 6. Overall architecture of the proposed MICF module.
L4: Cross-modal interaction layer. At the highest semantic level, the L4 
layer integrates visual and clinical modalities through deep cross-modal 
interaction to enhance discriminative capability. Clinical indicators 
(e.g., age, medical history) provide valuable prior constraints for im-
age interpretation. This layer employs gated cross-attention to enable 
selective information exchange between modalities.

Visual features query clinical semantics via cross-attention, where 
the clinical feature 𝐟clin serves as key–value pairs: 

𝐐𝑣 = 𝐏(3)𝐖𝑄𝑣
, 𝐊𝑐 = 𝐟clin𝐖𝐾𝑐

, 𝐕𝑐 = 𝐟clin𝐖𝑉𝑐 , (15)

𝐂 = sof tmax

(

𝐐𝑣𝐊⊤
𝑐

√

𝑑

)

𝐕𝑐 . (16)

Since not all visual regions require modulation by clinical information, 
we introduce an adaptive gating mechanism to dynamically control 
cross-modal information flow. The gating vector is generated by jointly 
considering global visual features and clinical features: 

𝐆 = 𝜎
(

𝐖𝑔
[

GAP(𝐏(3)); 𝐟clin
]

+ 𝐛𝑔
)

∈ R𝑑 . (17)

The output of the L4 layer is obtained via gated fusion of the original 
visual features and the cross-modally enhanced features: 

𝐏(4) = LayerNorm
(

(1 −𝐆)⊙ 𝐏(3) +𝐆⊙ 𝐂
)

. (18)

This design enables the model to adaptively regulate the strength of 
cross-modal interaction: when clinical information is beneficial for 
visual discrimination, 𝐆 → 1; otherwise, the model preserves purely 
visual representations with 𝐆 → 0.

3.2.2. Orthogonality constraint and gradient decoupling
To encourage lower correlation among parameter subspaces across 

different pyramid levels, we introduce an orthogonality regulariza-
tion loss on level-specific projection matrices. Here, 𝐖(𝑙) does not 
denote all parameters of the 𝑙th PFEM operation, since different lev-
els involve heterogeneous modules such as linear projection, graph 
attention, multi-head self-attention, and gated cross-attention. Instead, 
𝐖(𝑙) ∈ R𝑑×𝑑𝑝  denotes a learnable granularity projection matrix with 
unified dimensionality, which maps the output representation of the 
𝑙th pyramid level into a common 𝑑𝑝-dimensional comparison space. 
Therefore, the orthogonality regularization is computed only among 
these level-specific projection matrices: 

ortho =
∑

‖

‖

‖

𝐖(𝑙)⊤𝐖(𝑚)‖
‖

‖

2

𝐹
. (19)
𝑙≠𝑚
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Since all 𝐖(𝑙) are defined in the same projection space, the Frobenius-
norm-based comparison is dimensionally consistent. This regulariza-
tion encourages different pyramid levels to learn less correlated pro-
jection directions, rather than imposing strict orthogonality on the 
heterogeneous operations themselves.

In addition, we adopt a lightweight gradient-stopping strategy to 
reduce inter-granularity gradient interference. Specifically, lower-level 
features are detached in cross-level residual paths when constructing 
higher-level representations: 
𝐏(𝑙) =  (𝑙) (sg

(

𝐏(𝑙−1))) + 𝐏(𝑙−1), (20)

where sg(⋅) denotes the stop-gradient operation. All pyramid levels 
are still supervised by the final classification objective after adaptive 
hierarchical aggregation, rather than by separate layer-specific objec-
tives. Thus, the stop-gradient operation is used to reduce direct cross-
level gradient interference, while ortho encourages parameter-space 
decoupling.

3.2.3. Adaptive hierarchical aggregation
Features from different pyramid levels are adaptively aggregated 

using an attention-based mechanism. First, global pooling is applied 
to each layer to obtain 𝐬(𝑙) = GAP(𝐏(𝑙)). Hierarchical weights are then 
computed as: 
𝐰 = sof tmax

(

𝐖2 ⋅ ReLU
(

𝐖1 ⋅ [𝐬(1);… ; 𝐬(4)]
))

. (21)

The aggregated pyramid feature is given by 

𝐅pyr =
4
∑

𝑙=1
𝑤𝑙 ⋅ 𝐬(𝑙). (22)

This mechanism enables the network to dynamically adjust the con-
tribution of each granularity according to sample characteristics: small 
lesions rely more on fine-grained layers, whereas diffuse lesions benefit 
primarily from coarse-grained layers.

3.3. Mutual information constrained adaptive fusion module

Fig.  6 shows the schematic diagram of the MICF module. MICF is 
designed to alleviate fusion imbalance caused by cross-modal infor-
mation entropy mismatch, where the high-entropy dermoscopic image 
modality may dominate naive fusion and weaken the contribution of 
clinical metadata. To address this issue, MICF integrates four comple-
mentary components: bilinear gated fusion for cross-modal interaction 
modeling, variational mutual information maximization for informa-
tion preservation, entropy-aware gradient reweighting for modality-
balanced optimization, and multi-head adaptive ensemble for decision-
level fusion.
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3.3.1. Bilinear gated fusion
Given the visual feature 𝐟𝑣 = 𝐅pyr and the clinical feature 𝐟𝑐 = 𝐟clin, 

we design a gated fusion mechanism based on bilinear interactions. 
Both modalities are first projected into a common feature space, after 
which low-rank bilinear pooling is employed to capture second-order 
cross-modal relationships: 

𝐁(𝐟𝑣, 𝐟𝑐 ) =
𝐾
∑

𝑘=1
(𝐮⊤𝑘 𝐟𝑣) ⋅ (𝐯

⊤
𝑘 𝐟𝑐 ) ⋅ 𝐰𝑘. (23)

The gating vector integrates both first-order and second-order informa-
tion: 
𝐠 = 𝜎

(

𝐖𝑔[𝐟𝑣; 𝐟𝑐 ;𝐁]
)

, (24)

and the fused feature is computed as 
𝐟fuse = 𝐠⊙ 𝐟𝑣 + (1 − 𝐠)⊙ 𝐟𝑐 + 𝐁(𝐟𝑣, 𝐟𝑐 ). (25)

3.3.2. Variational mutual information maximization
To ensure that the fused representation preserves discriminative 

information from both modalities, we introduce a mutual information 
maximization constraint. Based on the Donsker–Varadhan variational 
formulation, a neural estimator 𝑇𝜃 is used to estimate a lower bound of 
mutual information: 
𝐼(𝐟𝑣; 𝐟fuse) = Ejoint [𝑇𝜃(𝐟𝑣, 𝐟fuse)] − logEmarginal

[

𝑒𝑇𝜃 (𝐟𝑣 ,𝐟fuse)
]

. (26)

The statistics network 𝑇𝜃 is implemented as a three-layer MLP, taking 
as input the concatenation of the two features and their element-wise 
product to capture interaction information. The clinical–fusion mutual 
information 𝐼(𝐟𝑐 ; 𝐟fuse) is symmetrically estimated using an independent 
network 𝑇𝜙 with a smaller learning rate, gradient clipping, numerical 
stabilization of the exponential term, and an exponential moving av-
erage for the marginal expectation, while treating the MI term as a 
regularization objective to encourage information preservation rather 
than an exact mutual information estimate.

3.3.3. Entropy-aware gradient reweighting
To compensate for the entropy mismatch across modalities, we 

design an entropy-aware loss reweighting strategy. The differential 
entropy of each modality is estimated on each mini-batch via kernel 
density estimation: 

𝐻̂(𝐟 ) = − 1
𝐵

𝐵
∑

𝑖=1
log

(

1
𝐵

𝐵
∑

𝑗=1
𝜅ℎ(𝐟 (𝑖) − 𝐟 (𝑗))

)

, (27)

where 𝜅ℎ denotes a Gaussian kernel. Based on the estimated entropies, 
modality balancing weights are defined as 

𝜆𝑣 =
𝐻̂(𝐟𝑐 )

𝐻̂(𝐟𝑣) + 𝐻̂(𝐟𝑐 )
, 𝜆𝑐 =

𝐻̂(𝐟𝑣)
𝐻̂(𝐟𝑣) + 𝐻̂(𝐟𝑐 )

. (28)

Notably, the low-entropy modality receives a larger weight, compen-
sating for its disadvantage in gradient propagation. The mutual infor-
mation loss is therefore defined as 
MI = −𝜆𝑣𝐼(𝐟𝑣; 𝐟fuse) − 𝜆𝑐𝐼(𝐟𝑐 ; 𝐟fuse), (29)

which encourages balanced contributions from both modalities during 
fusion-layer optimization.

3.3.4. Multi-head prediction and adaptive ensemble
To fully exploit discriminative information at different abstrac-

tion levels from the visual feature 𝐟𝑣, the clinical feature 𝐟𝑐 , and the 
fused feature 𝐟fuse, we design a multi-head prediction mechanism. Each 
feature branch independently predicts class logits: 
𝐳𝑣 = 𝑣(𝐟𝑣), 𝐳𝑐 = 𝑐 (𝐟𝑐 ), 𝐳fuse = fuse(𝐟fuse), (30)

where ∗ denotes a two-layer MLP classifier with a hidden dimension 
equal to half of the input feature dimension, GELU activation, and a 
dropout rate of 0.3.
7 
For adaptive integration, an attention-based prediction aggregation 
mechanism is introduced: 
𝝎 = sof tmax

(

𝐖𝜔[𝐟𝑣; 𝐟𝑐 ; 𝐟fuse]
)

, (31)

𝐳 = 𝜔𝑣𝐳𝑣 + 𝜔𝑐𝐳𝑐 + 𝜔fuse𝐳fuse, (32)

𝐲̂ = sof tmax(𝐳). (33)

This design enables the network to dynamically adjust the contribution 
of each branch according to input characteristics: for samples where 
unimodal information is sufficient, the corresponding modality branch 
is emphasized; for samples requiring cross-modal complementarity, the 
fusion branch dominates the prediction.

During training, all three branches are supervised. The classification 
loss is defined as 
cls = main

cls (𝐳, 𝐲) + 𝜇
[

aux
cls (𝐳𝑣, 𝐲) + aux

cls (𝐳𝑐 , 𝐲) + aux
cls (𝐳fuse, 𝐲)

]

, (34)

where the main loss main
cls  adopts a class-balanced label-smoothed cross-

entropy (described below), and the auxiliary losses aux
cls  are standard 

cross-entropy losses. The weight 𝜇 is set to 0.4 and linearly decayed to 
zero in the later training stage to avoid over-regularization.

3.4. Loss function and optimization

The overall training objective is composed of four terms: 
total = cls + 𝛼MI + 𝛽align + 𝛾ortho. (35)

Classification loss. The classification loss cls is defined in Section 3.3 
and consists of the main prediction loss and three auxiliary branch 
losses. The main loss adopts a class-balanced label-smoothed cross-
entropy, where 𝑛𝑐 denotes the number of samples in class 𝑐: 

𝑤𝑐 =
1∕

√

𝑛𝑐
∑𝐶

𝑘=1 1∕
√

𝑛𝑘
, main

cls = −
𝐶
∑

𝑐=1
𝑤𝑐 𝑦̃𝑐 log 𝑦̂𝑐 , 𝑦̃𝑐 = (1 − 𝜖)𝑦𝑐 + 𝜖∕𝐶.

(36)

The label smoothing parameter is set to 𝜖 = 0.1. The class-balanced 
weights encourage rare classes to receive higher loss weights, alleviat-
ing class imbalance.

The remaining loss components correspond to the three core con-
straints of the proposed model. The mutual information loss MI (Sec-
tion 3.3) maximizes the mutual information between each modality 
and the fused representation, 𝐼(𝐟𝑣; 𝐟fuse) and 𝐼(𝐟𝑐 ; 𝐟fuse), with entropy-
aware weights 𝜆𝑣 and 𝜆𝑐 , ensuring that discriminative information 
from both modalities is preserved during fusion. The alignment loss
align (Section 3.1.2) adopts an InfoNCE-style contrastive objective 
to establish discriminative correspondences between local visual fea-
tures and clinical semantics during encoding. The orthogonality loss
ortho (Section 3.2.2) minimizes the inner products between parameter 
matrices of different PFEM layers, ‖𝐖(𝑙)⊤𝐖(𝑚)

‖

2
𝐹 , enforcing indepen-

dent optimization of multi-granularity features in orthogonal parameter 
subspaces.

4. Experiments

4.1. Dataset

To comprehensively evaluate the proposed method under diverse 
data distributions and realistic clinical scenarios, experiments are con-
ducted on three widely used multimodal skin lesion benchmarks: 
HAM10000 [16], ISIC 2019 [17], and Derm7pt [18]. The HAM10000 
dataset contains 10,015 dermoscopic images spanning seven diagnostic 
categories with pronounced class imbalance, where NV is the dominant 
class (6705 images) and DF is the smallest (115 images). In addition 
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to images, it provides clinical metadata such as patient age, sex, 
lesion location, and diagnostic method, enabling multimodal analysis. 
ISIC 2019 is a larger-scale benchmark comprising 25,331 dermoscopic 
images from eight categories, also exhibiting significant class imbalance 
(NV: 12,875 images; DF: 239 images), and includes clinical informa-
tion such as age, sex, and anatomical site, with an approximately 
balanced gender distribution. To further assess robustness and fine-
grained feature modeling capability, the Derm7pt dataset is employed. 
It contains 1011 cases with dermoscopic images and clinical metadata, 
annotated according to the seven-point checklist, forming seven dermo-
scopic feature classification tasks, including both binary and multi-class 
tasks, along with a five-class diagnostic task (DIAG). Collectively, 
these datasets support multi-class, multi-label, and multimodal learning 
settings, enabling comprehensive evaluation of the proposed method in 
large-scale screening and fine-grained diagnostic scenarios. The dataset 
is partitioned according to the official method.

4.2. Implementation details

All experiments were implemented in PyTorch 2.8.0 with Python 
3.12 on Ubuntu 22.04 and CUDA 12.8, using a single NVIDIA GeForce 
RTX 5090 GPU with 32 GB VRAM. We adopt a two-stage training 
strategy. In the first stage, the original CLIP parameters are frozen, 
and only the Adapter modules, PFEM, and MICF are optimized with 
a learning rate of 𝜂1 = 10−4. In the second stage, the CLIP backbone 
is unfrozen and fine-tuned end-to-end with a reduced learning rate of 
𝜂2 = 0.1𝜂1. The batch size is set to 32 for all main experiments and 
ablation studies. We use AdamW with (𝛽1, 𝛽2) = (0.9, 0.999) and a weight 
decay of 10−4, together with cosine annealing and warm-up. The model 
is trained for 100 epochs.

PyMIF-Net contains 87.51 M parameters and requires 4.45 GFLOPs, 
with an inference latency of 1.15 ms on the RTX 5090 GPU. Although 
its CLIP-based visual backbone increases the parameter count, the 
graph-attention and cross-modal fusion backend remains lightweight 
by operating in a low-dimensional feature space. For comparison, 
CGMCL [9] has fewer parameters (15.07 M) and an estimated latency 
of 1.8 ms, but requires 68.052 GFLOPs. These results suggest that 
PyMIF-Net achieves a favorable trade-off between model capacity, com-
putational cost, latency, and classification performance. The training 
time is approximately 42.5 s per epoch, and the GPU memory footprint 
is 2150.4 MB.

4.3. Evaluation metrics

Following common practice in skin lesion classification, we evaluate 
all methods using Accuracy, Precision, Recall, and F1-score. These 
metrics provide complementary perspectives on overall correctness, 
positive prediction reliability, sensitivity to positive samples, and the 
balance between Precision and Recall, respectively. Since they are 
standard evaluation criteria widely used in this field, we omit detailed 
formula derivations.

4.4. Quantitative experiments

To comprehensively evaluate PyMIF-Net, we compare it with recent 
SOTA methods on the ISIC 2019, HAM10000, and Derm7pt datasets. 
As shown in Tables  1, 2, and 3, PyMIF-Net consistently achieves 
superior performance across lesion classification, fine-grained dermo-
scopic feature recognition, and multi-class diagnosis. On ISIC 2019 and 
HAM10000, the proposed method achieves approximately 0.95 Accu-
racy and F1-score, outperforming representative CNN-, Transformer-, 
and multimodal-based approaches. On Derm7pt, PyMIF-Net achieves 
an Accuracy and F1-score of 0.93 with stable performance across five 
independent runs, while also obtaining the best results on all seven 
dermoscopic feature subtasks, with particularly notable improvements 
on DaG, PIG, and PN. Moreover, it reaches an Accuracy of 0.98 on 
8 
Table 1
Comparison with existing methods on ISIC 2019 and HAM10000. The best 
performance results are highlighted in bold, and underlines indicate the 
second-best methods based on the original unrounded values.
 Dataset Method Year ACC F1-Score Precision Recall 
 

ISIC 2019

GoogleNet [17] 2020 0.85 0.80 0.80 0.80  
 InSiNet [19] 2022 0.92 0.84 0.88 0.90  
 DenseNet-201 [20] 2022 0.93 0.94 0.94 0.94  
 Inception-ResNet [21] 2022 0.86 0.82 0.85 0.80  
 ConvNeXt [22] 2023 0.87 0.88 0.87 0.89  
 ConvNeXt [12] 2025 0.93 0.90 0.92 0.89  
 ConvNeXtV2 [23] 2025 0.94 0.91 0.92 0.90  
 MetaFormer [11] 2025 0.93 0.89 0.90 0.88  
 ConvNeXtV2 [24] 2025 0.93 0.92 0.93 0.91  
 PyMIF-Net (Ours) – 0.95 0.95 0.95 0.94  
 

HAM10000

DCNN [25] 2021 0.91 0.95 0.97 0.94  
 VGG-16 [26] 2021 0.91 0.77 0.88 0.74  
 CrossViT [13] 2021 0.93 0.90 0.91 0.89  
 TinyViT [27] 2022 0.93 0.90 0.89 0.91  
 DenseNet [28] 2023 0.95 0.94 0.97 0.92  
 ALBEF [29] 2024 0.94 0.90 0.91 0.90  
 ConvNeXt [12] 2025 0.94 0.91 0.93 0.90  
 MetaFormer [11] 2025 0.95 0.93 0.95 0.92  
 EffiCAT [30] 2025 0.94 0.94 0.94 0.94  
 PyMIF-Net (Ours) – 0.95 0.95 0.95 0.95  

the DIAG task, surpassing the strongest competing methods at 0.94. 
These results demonstrate that the proposed multi-granularity feature 
decoupling and multimodal fusion strategy effectively improves both 
overall classification and fine-grained diagnostic performance across 
different datasets.

4.5. Qualitative experiments

To intuitively analyze the model’s prediction behavior, we visualize 
confusion matrices for the DIAG task and seven dermoscopic feature 
prediction tasks in Fig.  7. Overall, most samples are concentrated along 
the diagonal, suggesting good discriminative performance across both 
diagnostic and attribute-level classifications. For the DIAG task, only 
limited confusion is observed between visually similar disease cate-
gories. For dermoscopic feature prediction, clear diagonal patterns are 
also observed in both binary tasks (e.g., BWV, RS) and multi-class tasks 
(e.g., PN, VS, PIG, STR, DaG). Most misclassifications occur between 
semantically or morphologically related categories, reflecting the in-
trinsic difficulty of fine-grained dermoscopic feature recognition. These 
results suggest that the proposed method achieves stable predictions 
across diagnostic and attribute-level tasks.

To further support the quantitative results, we visualize atten-
tion distributions of different models in Fig.  8, covering diffuse-type, 
conventional, and micro-sized lesions. Compared with ResNet-50 and 
Graph-ViT, the proposed method produces more lesion-focused and 
spatially coherent activations. For diffuse-type lesions, our method 
captures more complete global lesion regions with fewer redundant 
background responses. For conventional lesions, it provides more con-
centrated activations around diagnostically relevant structures. For 
micro-sized lesions, it better highlights compact lesion areas, suggesting 
improved fine-grained localization. Overall, these visualizations suggest 
that the proposed framework better balances global context modeling 
and local detail preservation.

4.6. Ablation study

4.6.1. Module-level ablation study
To validate the contribution of the three core components in PyMIF-

Net, we conduct module-level ablation experiments on the Derm7pt 
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Table 2
Comparison of diagnostic classification performance on the Derm7pt dataset. The best performance results are highlighted in
bold, and underlines indicate the second-best methods.
 Models Backbone Image Clinical ACC F1-score Precision Recall 
 Logistic – – 3 0.80 0.80 0.80 0.80  
 XGBoost – – 3 0.80 0.78 0.78 0.77  
 AdaBoost – – 3 0.79 0.78 0.78 0.78  
 Unimodal – 2-layer CNN 7 0.86 0.86 0.87 0.86  
 Unimodal – VGG19 7 0.87 0.87 0.88 0.86  
 Unimodal – ResNet18 7 0.90 0.90 0.91 0.89  
 CoBFormer [4] Graph-Transformer – 3 0.90 0.89 0.90 0.89  
 GTC [31] Graph-Transformer – 3 0.89 0.89 0.91 0.88  
 Cluster-GT-T [32] Graph-Transformer – 3 0.88 0.88 0.91 0.86  
 Cluster-GT-L [32] Graph-Transformer – 3 0.87 0.87 0.89 0.86  
 MHCA [5] Transformer 3D-CNN 3 0.87 0.88 0.85 0.92  
 DeAF [33] Transformer 3D-CNN 3 0.88 0.88 0.90 0.87  
 TriFormer [34] Transformer 3D-CNN 3 0.83 0.84 0.83 0.86  
 GEAET [35] Graph-Transformer ResNet18 3 0.90 0.90 0.91 0.89  
 CGMCL [9] Graph-Transformer ResNet18 3 0.90 0.91 0.91 0.90  
 PyMIF-Net (Res) Hierarchically-Pyramid ResNet18 3 0.92 0.92 0.92 0.91  
 PyMIF-Net (Ours) Hierarchically-Pyramid CLIP 3 0.93 0.93 0.94 0.92  
Table 3
Comparison of the accuracy of multi-class classification performance on Derm7pt dataset. The best performance results are 
highlighted in bold, and underlines indicate the second-best methods.
 Model Backbone BWV DaG PIG PN RS STR VS DIAG 
 Logistic – 0.83 0.58 0.51 0.68 0.77 0.73 0.83 0.75  
 XGboost – 0.82 0.49 0.68 0.67 0.76 0.74 0.84 0.74  
 AdaBoost – 0.83 0.54 0.64 0.60 0.77 0.68 0.84 0.66  
 ResNet18 CNN 0.84 0.48 0.59 0.65 0.74 0.64 0.82 0.75  
 2-layer CNN 0.80 0.43 0.60 0.56 0.71 0.69 0.80 0.72  
 7-point [18] CNN 0.85 0.60 0.63 0.69 0.77 0.74 0.82 0.73  
 HcCNN [36] CNN 0.87 0.66 0.69 0.71 0.81 0.72 0.85 0.74  
 AMFAM [37] GAN 0.88 0.64 0.71 0.71 0.81 0.75 0.83 0.75  
 FusionM4Net [38] CNN 0.89 0.66 0.72 0.69 0.81 0.76 0.82 0.76  
 SHViT [14] ViT 0.82 0.56 0.71 0.62 0.70 0.78 0.83 0.93  
 BIIGMA [39] Vector 0.84 0.64 0.71 0.72 0.70 0.77 0.80 0.92  
 PLRR [40] ViT 0.86 0.66 0.74 0.76 0.77 0.78 0.87 0.94  
 CGMCL [9] ResNet18 0.87 0.67 0.74 0.75 0.78 0.77 0.87 0.94  
 PyMIF-Net (Res) ResNet18 0.90 0.79 0.80 0.81 0.85 0.83 0.89 0.96  
 PyMIF-Net (Ours) CLIP-ViT 0.93 0.85 0.88 0.87 0.92 0.87 0.91 0.98  
Fig. 7. Confusion matrices for the seven dermoscopic feature prediction tasks and the DIAG task on the Derm7pt dataset.
dataset. Specifically, we remove CSE, PFEM, and MICF respectively 
while keeping all other training settings unchanged. As shown in Table 
4, removing the CSE module results in the most significant performance 
degradation, with ACC dropping from 0.94 to 0.84 and F1-score de-
creasing from 0.93 to 0.85. This indicates that early-stage cross-modal 
semantic alignment plays a critical role in reducing modality discrep-
ancy and facilitating effective feature fusion. When the PFEM module 
is removed, the performance declines moderately (ACC: 0.87, F1-score: 
9 
0.88), suggesting that multi-granularity pyramid modeling enhances 
the representation of lesions with varying spatial scales. Similarly, ex-
cluding the MICF module leads to consistent performance degradation 
(ACC: 0.90, F1-score: 0.91), validating the importance of mutual-
information-guided fusion and entropy-aware balancing in preventing 
modality dominance during optimization. The results demonstrate that 
the three core modules are complementary and jointly contribute to the 
superior performance of PyMIF-Net.
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Fig. 8. Grad-CAM visualization of multimodal feature maps across lesion types.
r 
Table 4
Module-level ablation results on the Derm7pt dataset.
 Model variant ACC F1-score Precision Recall 
 Full PyMIF-Net 0.94 0.93 0.94 0.92  
 w/o CSE 0.84 0.85 0.83 0.86  
 w/o PFEM 0.87 0.87 0.86 0.87  
 w/o MICF 0.90 0.90 0.89 0.90  

To provide a more fine-grained evaluation of the proposed com-
ponents, we further conduct a component-level ablation study on the 
Derm7pt dataset, as shown in Table  5. For CSE, we individually re-
move the Adapter-based domain transfer module, bidirectional cross-
attention, and contrastive alignment loss. For PFEM, we ablate the 
key functional levels, including the L2 structural relation layer, the L3 
global context layer, and the L4 cross-modal interaction layer, as well 
as the orthogonality constraint. The L1 semantic base layer is retained 
in all variants because it mainly serves as the basic feature projection 
and normalization layer, and removing it would change the input 
dimensional consistency of subsequent layers. For MICF, we remove bi-
linear gated fusion, mutual information loss, entropy-aware weighting, 
and multi-head adaptive ensemble separately. The results show that 
removing any of these components leads to performance degradation, 
indicating that each component contributes to the final performance. 
Specifically, the CSE components improve medical-domain adaptation 
and cross-modal semantic alignment; the PFEM components contribute 
to local structural modeling, global contextual reasoning, and high-
level cross-modal interaction; and the MICF components respectively 
enhance cross-modal interaction modeling, information preservation, 
modality-balanced optimization, and decision-level adaptive fusion.

4.7. Ablation study on loss function combinations

To analyze the contribution of each optimization objective, we 
conduct loss-combination ablation experiments on the Derm7pt dataset. 
The complete loss function is described in Section 3.4. In this study, we 
progressively add the proposed loss terms to 𝑐𝑙𝑠. As reported in Table 
6, using only the classification loss 𝑐𝑙𝑠 yields the weakest performance, 
indicating that the model suffers from insufficient cross-modal con-
sistency and unstable multi-objective optimization without additional 
regularization. Adding the alignment loss 𝑎𝑙𝑖𝑔𝑛 brings a clear improve-
ment, suggesting that explicit cross-modal semantic alignment directly 
benefits the discriminative learning objective. Introducing the mutual-
information regularization 𝑀𝐼  also improves performance, confirming 
its effectiveness in preserving informative cross-modal dependency dur-
ing fusion. The orthogonality constraint   provides consistent but 
𝑜𝑟𝑡ℎ𝑜

10 
relatively smaller gains, implying that it mainly contributes to opti-
mization stability by mitigating representation entanglement. When 
combining 𝑎𝑙𝑖𝑔𝑛 with 𝑀𝐼  (and further with 𝑜𝑟𝑡ℎ𝑜), the performance 
improves steadily, demonstrating that these objectives are complemen-
tary. The full objective achieves the best results, validating the necessity 
of jointly optimizing alignment, mutual-information preservation, and 
feature decoupling for robust multimodal diagnosis on Derm7pt.

4.8. Ablation study of modality sensitivity

To verify whether the proposed method alleviates image-dominated 
fusion and enhances the contribution of clinical metadata, we conduct a 
modality sensitivity analysis on the Derm7pt dataset. As shown in Table 
7, the naive fusion baseline shows only a slight performance decrease 
when clinical metadata is removed, with ACC dropping from 0.89 to 
0.88. In contrast, removing the image modality leads to a much larger 
decrease, with ACC dropping from 0.89 to 0.80. This suggests that 
naive fusion relies mainly on dermoscopic image features and makes 
relatively limited use of clinical metadata. For PyMIF-Net, removing 
clinical metadata causes a more noticeable performance drop, with 
ACC decreasing from 0.93 to 0.90. This indicates that the proposed 
framework makes better use of clinical information during multimodal 
fusion. Meanwhile, removing the image modality still results in a clear 
degradation, with ACC decreasing from 0.93 to 0.84, which is expected 
because dermoscopic images remain the primary diagnostic source 
for skin lesion classification. Overall, these results provide empirical 
support that PyMIF-Net helps alleviate image-dominated fusion and 
enhances the contribution of clinical metadata.

4.9. Hyper-parameter ablation of loss weights

To analyze the effect of loss weighting, we conduct a hyper-paramete
ablation study on the Derm7pt dataset by varying 𝛼, 𝛽, and 𝛾 in the 
overall objective, while keeping the other coefficients fixed. As shown 
in Table  8, the best performance is achieved at (𝛼=1.0, 𝛽=1.5, 𝛾=0.5). 
The results show that removing or overemphasizing any regulariza-
tion term degrades performance, suggesting that mutual-information 
preservation, cross-modal alignment, and feature decoupling should 
be properly balanced. Specifically, 𝑎𝑙𝑖𝑔𝑛 benefits from a relatively 
larger weight because it strengthens early visual–clinical semantic 
alignment, 𝑀𝐼  uses a moderate weight to balance information preser-
vation and discriminative learning, and 𝑜𝑟𝑡ℎ𝑜 requires only a smaller 
coefficient because it mainly acts as a structural regularizer and may 
over-constrain feature learning if weighted too heavily.
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Table 5
Fine-grained ablation study of PyMIF-Net on the Derm7pt dataset.
 Module Variant ACC F1-score Precision Recall 
 Full Model Full PyMIF-Net 0.94 0.93 0.94 0.92  
 
CSE

w/o Adapter 0.88 0.87 0.87 0.88  
 w/o Bidirectional Cross-Attention 0.90 0.90 0.89 0.90  
 w/o Contrastive Alignment 0.91 0.90 0.90 0.91  
 
PFEM

w/o L2 Structural Relation Layer 0.90 0.89 0.89 0.90  
 w/o L3 Global Context Layer 0.91 0.90 0.90 0.91  
 w/o L4 Cross-Modal Interaction Layer 0.89 0.89 0.88 0.89  
 w/o Orthogonality Constraint 0.92 0.91 0.91 0.92  
 
MICF

w/o Bilinear Gated Fusion 0.91 0.90 0.90 0.91  
 w/o MI Loss 0.91 0.91 0.90 0.91  
 w/o Entropy-aware Weighting 0.90 0.89 0.89 0.90  
 w/o Multi-head Adaptive Ensemble 0.92 0.92 0.91 0.92  
Table 6
Loss-combination ablation results on the Derm7pt dataset.
 Loss setting ACC F1-score Precision Recall 
 𝑐𝑙𝑠 0.89 0.88 0.88 0.89  
 𝑐𝑙𝑠 + 𝑎𝑙𝑖𝑔𝑛 0.91 0.90 0.90 0.91  
 𝑐𝑙𝑠 + 𝑀𝐼 0.90 0.89 0.89 0.90  
 𝑐𝑙𝑠 + 𝑜𝑟𝑡ℎ𝑜 0.90 0.89 0.89 0.90  
 𝑐𝑙𝑠 + 𝑎𝑙𝑖𝑔𝑛 + 𝑀𝐼 0.92 0.92 0.91 0.92  
 𝑐𝑙𝑠 + 𝑎𝑙𝑖𝑔𝑛 + 𝑜𝑟𝑡ℎ𝑜 0.92 0.91 0.91 0.92  
 𝑐𝑙𝑠 + 𝑀𝐼 + 𝑜𝑟𝑡ℎ𝑜 0.91 0.91 0.90 0.91  
 𝑐𝑙𝑠 + 𝑀𝐼 + 𝑎𝑙𝑖𝑔𝑛 + 𝑜𝑟𝑡ℎ𝑜 (Full) 0.93 0.93 0.94 0.92  

Table 7
Modality sensitivity analysis on the Derm7pt dataset.
 Setting ACC F1-score Precision Recall 
 Naive Fusion (Image + Clinical) 0.89 0.89 0.90 0.88  
 Naive Fusion (w/o Clinical) 0.88 0.88 0.89 0.87  
 Naive Fusion (w/o Image) 0.80 0.80 0.81 0.79  
 PyMIF-Net (Image + Clinical) 0.93 0.93 0.94 0.92  
 PyMIF-Net (w/o Clinical) 0.90 0.90 0.91 0.89  
 PyMIF-Net (w/o Image) 0.84 0.84 0.85 0.83  

Table 8
Hyper-parameter ablation of loss weights on the Derm7pt dataset.
 Setting ACC F1-score Precision Recall 
 Best Setting (𝛼=1.0, 𝛽=1.5, 𝛾=0.5) 0.93 0.93 0.94 0.92  
 Varying 𝛼 (fix 𝛽=1.5, 𝛾=0.5)
 𝛼=0 0.89 0.89 0.90 0.88  
 𝛼=0.5 0.91 0.91 0.92 0.90  
 𝛼=1.0 0.93 0.93 0.94 0.92  
 𝛼=2.0 0.92 0.92 0.92 0.91  
 Varying 𝛽 (fix 𝛼=1.0, 𝛾=0.5)
 𝛽=0 0.90 0.90 0.91 0.89  
 𝛽=1.0 0.92 0.92 0.92 0.91  
 𝛽=1.5 0.93 0.93 0.94 0.92  
 𝛽=2.0 0.92 0.91 0.92 0.90  
 Varying 𝛾 (fix 𝛼=1.0, 𝛽=1.5)
 𝛾=0 0.91 0.91 0.91 0.90  
 𝛾=0.5 0.93 0.93 0.94 0.92  
 𝛾=1.0 0.92 0.92 0.92 0.91  
 𝛾=2.0 0.90 0.90 0.90 0.89  

5. Conclusion

In this work, we address two key challenges in multimodal skin 
lesion classification: multi-granularity semantic misalignment and fu-
sion imbalance caused by cross-modal information entropy mismatch. 
To this end, we propose PyMIF-Net, a pyramid mutual information fu-
sion framework that integrates cross-modal semantic alignment, multi-
granularity feature modeling, and entropy-aware fusion. Specifically, 
CSE promotes visual–clinical semantic alignment, PFEM encourages 
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decoupled multi-granularity lesion representation, and MICF improves 
modality-balanced fusion between dermoscopic images and clinical 
metadata. Experiments on HAM10000, ISIC 2019, and Derm7pt show 
that PyMIF-Net achieves favorable performance compared with SOTA 
methods, while qualitative results further suggest improved global con-
text modeling and local lesion localization. Overall, this work provides 
an information-theoretic perspective for dermoscopic image–clinical 
metadata fusion and offers a promising solution for multimodal skin 
lesion classification. Nevertheless, several limitations remain, including 
the reliance on natural-image pre-trained vision–language models, the 
additional training overhead introduced by mutual information estima-
tion and entropy-aware reweighting, and the need for further validation 
on multi-center clinical datasets and broader medical scenarios.
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