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Abstract

Medical images exhibit latent anatomical groupings, such
as organs, tissues, and pathological regions, that standard
Vision Transformers (ViTs) fail to exploit. While recent
work like SBM-Transformer attempts to incorporate such
structures through stochastic binary masking, they suffer
from non-differentiability, training instability, and the in-
ability to model complex community structure. We present
DCMM-Transformer, a novel ViT architecture for medical
image analysis that incorporates a Degree-Corrected Mixed-
Membership (DCMM) model as an additive bias in self-
attention. Unlike prior approaches that rely on multiplicative
masking and binary sampling, our method introduces com-
munity structure and degree heterogeneity in a fully differen-
tiable and interpretable manner. Comprehensive experiments
across diverse medical imaging datasets, including brain,
chest, breast, and ocular modalities, demonstrate the superior
performance and generalizability of the proposed approach.
Furthermore, the learned group structure and structured at-
tention modulation substantially enhance interpretability by
yielding attention maps that are anatomically meaningful and
semantically coherent.

Introduction
Medical image analysis is essential for disease diagno-
sis, prognosis, and informing clinical decisions (Varoquaux
and Cheplygina 2022; Yu et al. 2023c, 2024a,b). Vision
Transformers (ViTs) and their variants, such as TransUNet
(Chen et al. 2024) and Swin Transformer (Liu et al. 2021),
have achieved state-of-the-art performance. These mod-
els segment images into small, fixed-size patches (tokens)
and employ self-attention mechanisms to model complex,
long-range relationships across different anatomical struc-
tures. By capturing such dependencies, ViTs have demon-
strated impressive results across a range of tasks, includ-
ing image classification, segmentation, and object detection
(Hatamizadeh et al. 2022; Yu et al. 2023a).
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Challenges for Medical Images. Despite rapid ad-
vances, medical image analysis remains challenging and of-
ten necessitates architectural designs tailored to the unique
properties of medical data (Huang et al. 2025, 2024; Yu et al.
2022a; Litjens et al. 2017; Yu et al. 2022b; Zhang et al. 2025;
Yu et al. 2025). Medical images are spatially organized into
distinct anatomical regions, such as tumor areas, healthy tis-
sue, and blood vessels, that form meaningful clusters within
the image (Esteva et al. 2021; Yu et al. 2021; Chavoshnejad
et al. 2021). Patches from the same anatomical or pathologi-
cal region tend to be correlated, sharing features that are par-
ticularly informative for clinical tasks. Conversely, patches
from different regions (such as tumor versus healthy tissue,
or across distinct organs) often exhibit distinct underlying
biological properties, resulting in weaker relationships be-
tween them.

Motivation for Community-Aware Attention. This
community characteristic motivates the development of
community-aware attention mechanisms, which encourage
the model to focus on interactions within anatomically or
pathologically coherent regions (Wang et al. 2019). Such
approaches are particularly valuable for detecting subtle pat-
terns: in tumor detection, for example, the signal from any
single patch within a tumor may be weak or ambiguous.
By aggregating information across patches within the same
community, the model can amplify these weak signals, re-
sulting in a more coherent and accurate diagnostic assess-
ment (Ilse, Tomczak, and Welling 2018; Yu et al. 2023b).

Limitations of Standard ViTs. Nevertheless, conven-
tional transformer-based attention mechanisms do not take
this underlying community structure into account. Tradi-
tional attention approaches treat tokens uniformly, calcu-
lating weights solely based on learned feature similarities
without considering anatomical groupings (Vaswani et al.
2017; Dosovitskiy et al. 2021). As a result, the model may
sometimes focus on regions that are distant or unrelated in
a clinical sense, simply because they appear similar in fea-
ture space. This lack of anatomical awareness can cause
the model to overlook clinically important regions, become
more vulnerable to noise or artifacts, and make its predic-
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tions harder to interpret (Li et al. 2023b). These limitations
underscore the necessity for transformers that explicitly in-
corporate community structure (Li et al. 2023a).

Limitations of SBM-Transformer. Recent work has
explored incorporating explicit community structures into
attention mechanisms. One notable example is SBM-
Transformer (Cho et al. 2022) which integrates a mixed-
membership Stochastic Block Model (SBM) into each atten-
tion head to learn latent communities among image patches.
To reduce computational costs, the SBM-Transformer em-
ploys binary attention masks that randomly sample token
connections based on probabilities learned from the SBM.
Only token pairs selected by these masks can attend to
each other, resulting in sparse attention. However, this bi-
nary masking introduces non-differentiability, which re-
quires surrogate gradient methods like the Straight-Through
Estimator and leads to optimization bias and convergence
instability (Cho et al. 2022) . Additionally, collapsing proba-
bilistic connection strengths into hard, binary decisions dis-
cards useful information about the strength of token rela-
tionships and increases variance during both training and in-
ference. A further limitation is that the SBM-Transformer
ignores degree heterogeneity. In practice, image patches ex-
hibit significant variation in connectivity and importance.
For example, tumor cores often act as local hubs by inter-
acting with many other regions, an effect not captured under
the assumption of uniform connectivity.

Proposed Method. To overcome these limitations,
we propose DCMM-Transformer, a method integrating a
Degree-Corrected Mixed-Membership (DCMM) model into
ViTs. An overview of DCMM-Transformer is shown in Fig-
ure 1. In particular, we model the latent community structure
among image patches using the DCMM framework, which
captures both overlapping community membership and de-
gree heterogeneity. The DCMM module generates a learned
probability matrix, where each entry reflects the likelihood
of interaction between a pair of patches, informed by their
shared community memberships and individual connectiv-
ity. Our approach adds the learned probability matrix di-
rectly to attention logits as an additive bias, bypassing ran-
dom sampling and binary discretization. This community-
aware bias helps the model aggregate weak or distributed
signals from related patches, such as those within the same
tumor region, thereby enhancing the detection of clinically
important patterns that might be missed when treating all
patches equally.

Advantages. DCMM-Transformer offers three key ad-
vantages: (1) Structural guidance without distortion: Unlike
the SBM-Transformer (Cho et al. 2022), which uses mul-
tiplicative masking to impose sparsity and risks distorting
semantic relationships by over-suppressing weak connec-
tions or unevenly amplifying others, our additive bias offers
structural guidance while preserving data-driven insights.
(2) Training stability: Addition maintains stable gradients
and normalization, avoiding vanishing gradient issues. (3)
Enhanced modeling: DCMM captures both degree hetero-
geneity and mixed membership, capabilities absent in stan-
dard SBMs. We provide extensive evaluations across five
medical image classification tasks, demonstrating an aver-

Figure 1: Overview of the DCMM-Transformer. The
DCMM model imposes latent community structure among
image patches, grouping them into blocks (e.g., Blocks 1–3
in blue, red, and green), and assigns probabilities to the
interactions within and between these communities. This
community-based bias is then added to the standard atten-
tion logits.

age 3.7% improvement in performance over standard ViT
and its variants, as well as enhanced interpretability for clin-
ical applications. Ablation studies further reveal that exclud-
ing degree heterogeneity reduces performance by 2.3%.

Related Work
In this section, we present two areas of related work: SBMs
and Vision Transformers.

Related Work on SBM
SBM. The stochastic block model (Holland, Laskey, and
Leinhardt 1983; Cheng et al. 2018; Liu, Cheng, and Zhang
2019) is a fundamental probabilistic model for networks
with community structure. In the SBM, each node is as-
signed to one of L latent communities (or blocks), and the
probability of an edge between any two nodes depends only
on their community memberships. Let A ∈ (0, 1)

n×n de-
note the adjacency matrix of the network, and let zi ∈
1, . . . , L be the community label of node i. The block ma-
trix B ∈ (0, 1)L×L specifies the probability of connection
between communities, so that edges are sampled indepen-
dently according to

Pr(Aij = 1) = Bzizj (1)
where Bzi,zj is the probability of an edge between node i
and node j. While the SBM provides a simple and effective
framework for modeling community structure, it assumes
that all nodes within a block have identical expected degrees,
which is often violated in real-world networks exhibiting
heterogeneous degree distributions.

Degree-Corrected SBM. To address the limitation of
the homogeneous degree assumption in SBM, the Degree-
Corrected Stochastic Block Model (DC-SBM) (Karrer and
Newman 2011) introduces node-specific degree parameters.
Under DC-SBM, the probability of an edge between nodes
i and j depends not only on their community memberships,
but also on individual propensity parameters θi > 0 and
θj > 0 that control expected node degrees, allowing for
more realistic modeling of networks with heterogeneous de-
grees:

Pr(Aij = 1) = θi θj Bzizj (2)
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Mixed-Membership SBM. The Mixed Membership
SBM (MMSBM) (Airoldi et al. 2008) extends the classi-
cal SBM to handle overlapping communities by replacing
hard community assignments with soft membership vectors.
Each node i has a probability membership vector: πi =

(πi(1), . . . , πi(L))
⊤ ∈ [0, 1]L, where

∑L
ℓ=1 πi(ℓ) = 1. The

probability of an edge between nodes i and j is

Pr(Aij = 1) =
L∑

ℓ=1

L∑
ℓ′=1

πi(ℓ)πj(ℓ
′)Bℓℓ′ = π⊤

i Bπj (3)

When each πi is a standard basis vector (i.e., nodes belong
to only one community), Equation (3) reduces to (1) in clas-
sical SBM.

Degree-Corrected Mixed-Membership SBM
(DCMM). The most general model combines mixed
membership and degree heterogeneity (Jin, Ke, and Luo
2024):

Pr(Aij = 1) = θi θj π
⊤
i Bπj (4)

Previous models are special cases of DCMM: setting θi = 1
recovers the MMSBM, while taking both θi = 1 and one-hot
πi yields the classical SBM.

Related Work on Transformer
Vision Transformer and Attention. ViTs process images
by treating them as sequences of tokens, similar to how lan-
guage models handle text. First, the input image is divided
into n non-overlapping, flattened 2D patches (tokens), re-
sulting in a matrix X ∈ Rn×d, where d is the dimension of
each patch embedding. The core of ViT is the self-attention
mechanism, which enables the model to capture dependen-
cies and interactions between all pairs of patches. Second,
within each attention head, the model computes pairwise
relationships among tokens by projecting them into query
(Q), key (K), and value (V ) representations using learn-
able weight matrices Q = XWQ, K = XWK , V =
XWV , where WQ,WK ,WV ∈ Rd×dh and dh is the head
dimension. Attention scores are then computed as the scaled
dot product QK⊤

√
dh

, followed by row-wise softmax normal-

ization to obtain weights σ
(

QK⊤
√
dh

)
by softmax. The output

is finally derived as a weighted sum of values:

Attn(Q,K, V ) = σ

(
QK⊤
√
dh

)
V

This process allows each patch to attend to all other patches
based on their learned similarities, enabling the model to
capture long-range dependencies across the entire image.

SBM-Transformer. SBM-Transformer (Cho et al. 2022)
directly replaces the dense attention mechanism with a
sparse, learnable alternative guided by an MMSBM, with
the main purpose of reducing the computational burden of
the Transformer. In particular, the connection probability pij
between tokens i and j is given by Equation (3), where π and
B are parameters learned from neural networks. A binary at-
tention mask Mij is then sampled as Mij ∼ Bernoulli(pij).
This mask is applied to the attention mechanism via masked

attention:

Attnmask(Q,K, V,M) = σM

(
M ⊙ QK⊤

√
dh

)
V,

where ⊙ denotes element-wise multiplication, and σM (·) is
the masked softmax that normalizes only over the non-zero
entries in each row of M .

Even though SBM-Transformer reduces computa-
tional cost, it suffers from these limitations: (1) Non-
differentiability and optimization instability: The binary
sampling is non-differentiable, as the sampling function
lacks a continuous derivative with respect to pij . This
breaks gradient flow, requiring surrogate methods like
Straight-Through Estimator, but this surrogate introduces
bias and high variance. (2) Information loss through hard
thresholding: Binarization discards the probabilistic in-
formation in pij , which can encode subtle relationships.
For example, pij = 0.99 and pij = 0.1 might both yield
Mij = 1, but their connection strengths differ significantly.
(3) Lack of degree heterogeneity in the MMSBM: MMSBM
fails to capture degree heterogeneity, a characteristic of real
networks, including image patch graphs where hub patches
(e.g., tumor cores) connect broadly, while peripherals do
not.

Transformer with Additive Bias. Another related line of
research enhances attention mechanisms with explicit bias
terms that encode spatial or structural relationships. For ex-
ample, ACC-ViT (Ibtehaz et al. 2024) introduces Atrous
Attention with multiple dilation rates: Attn(Q,K, V ) =

Softmax
(

QK⊤
√
d

+ b
)
V , where b denotes branch-specific

relative positional biases, and outputs are fused through
gated aggregation. The Swin Transformer (Liu et al. 2021)
restricts attention to local patch blocks while adding a learn-
able relative position bias for substantial gains. Similarly,
MaxViT (Tu et al. 2022) employs multi-axis self-attention
to outperform standard mechanisms. However, these meth-
ods do not take into account the community structure.

In sum, while prior works have shown the promise of
community-aware attention and additive bias, they remain
limited, e.g., SBM-based masking is non-differentiable,
while standard bias terms do not consider the latent com-
munity structure.

DCMM-Transformer
To address these limitations, the DCMM-Transformer aug-
ments the standard transformer attention logits with a con-
nection probability matrix under DCMM, allowing the
model to learn both soft community assignments and node-
specific centrality in a fully differentiable manner.

Overview of DCMM-Transformer
The key innovation of DCMM-Transformer is employing a
novel self-attention logits by adding a learned community
structure matrix P ∈ Rn×n which is generated under the
DCMM:

AttnDCMM(Q,K, V, P ) = σ(
QK⊤
√
dh

+ λP )V (5)
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Figure 2: Overview of the proposed DCMM-Transformer mechanism integrated into the self-attention module of Vision Trans-
formers. For each token, a soft group membership vector and a degree scalar are constructed from the query representation.
These are used to construct a structured attention bias based on learnable inter-group affinities. The bias is added to the standard
attention scores to modulate them before softmax.

where λ is a tunable hyperparameter controlling the contri-
bution of the community structure. When λ = 0, the model
reduces to a standard transformer; as λ increases, the com-
munity structure dominates.

Figure 2 illustrates the DCMM-Transformer. The DCMM
bias P is constructed on the left side of the diagram through
a series of specialized networks and operations applied pri-
marily to Q. Specifically, each token (image patch) i is
processed by two parallel neural networks: The member-
ship network module computes soft community member-
ship vectors πi for each patch, indicating its association with
each latent community. The degree corrected network mod-
ule produces a node-specific degree parameter θi, captur-
ing the relative centrality or importance of each patch. The
mixed block network module introduces L trainable cluster
embeddings for latent communities.

Rationale of additive bias. We choose additive bias over
multiplicative bias in Equation (5) due to the following rea-
sons. (1) Gentle Enhancement vs. Exponential Scaling.
When the DCMM bias P is added to the logits, the effect
after the softmax is a multiplication by exp(λPij), where
Pij is always between 0 and 1. This means the commu-
nity prior can gently increase the corresponding attention
weights by at most a factor of eλ (when Pij = 1), or leave
them nearly unchanged (when Pij is close to 0), without
erasing the information from the original feature similari-
ties. In contrast, with multiplicative bias, the logits are di-
rectly scaled by Pij before exponentiation, so any value of
Pij less than 1 can drastically shrink the effective logit, lead-
ing to a nearly uniform or uninformative attention pattern
and causing the model to overlook meaningful relationships.
(2) Training Stability. Let l = QK⊤

√
dh

. For additive bias,

the softmax gradient is: ∂σ(l+λP )
∂l = diag(σ(l + λP )) −

σ(l + λP )σ(l + λP )⊤. This standard softmax Jacobian re-
mains well-conditioned regardless of bias values λP , since
the gradient structure is unchanged—only the softmax out-
puts shift. However, for multiplicative bias P ⊙ l, the gradi-
ent becomes: ∂σ(P⊙l)

∂l = diag(P ) · [diag(σ(P ⊙ l))−σ(P ⊙

l)σ(P ⊙ l)⊤] Since the diag(P ) scales each gradient com-
ponent by the corresponding Pij ∈ [0, 1], this can lead to a
vanishing gradient problem for low Pij which is very com-
mon in sparse networks.

Procedures of DCMM-Transformer
We detail below how DCMM-Transformer constructs and
updates the community structure matrix P within the model
pipeline.

(1) Cluster Embedding Initialization: To represent la-
tent communities, we introduce L trainable cluster embed-
dings C ∈ RL×dl . These cluster embeddings parameterize
the features of each community within the attention head’s
representation space.

(2) Block Connecting Probability: To model the prob-
ability of interaction between communities, we construct
a non-negative block connection probability matrix B ∈
(0, 1)L×L. Each entry Bij represents the probability of con-
nection between community i and community j. The di-
agonal entries of B indicate intra-community connection
probabilities, while the off-diagonal entries represent inter-
community probabilities. We obtain B by applying a row-
wise softmax to the inner product CC⊤, where C is the
community embeddings.

(3) Soft Community Memberships: For each token i, we
then construct its soft community membership vector πi ∈
[0, 1]L, where each element πij represents how strongly to-
ken i belongs to community j. Specifically, πi is obtained
by

q̃i = MLP(qi), πi = Sigmoid(q̃iC⊤) (6)

where MLP is a two-layer MLPs with ReLU activations that
project queries to the community space.

(4) Node-Specific Degree Correction: To account for
heterogeneous degree distribution of tokens, we introduce
a node-specific degree parameter for each token,

θi = Sigmoid(Wθqi)

where Wθ ∈ R1×d are learned parameters.
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Method ChestXray SIIMACR INbreast ADNI EyeDisease Average
ViT 92.3 86.9 79.7 66.7 92.5 83.6

SBM-Transformer 95.8 85.8 78.4 64.2 91.3 83.1
DeiT 95.8 86.8 83.8 65.4 91.7 84.5

ConViT 93.6 79.6 81.1 71.6 92.4 83.7
Swin Transformer 95.0 87.6 84.8 65.4 92.9 85.1

MaxViT 94.5 86.4 83.3 71.7 93.2 85.8
DCMM-Transformer 96.0 88.2 85.1 74.1 93.3 87.3

Table 1: Comparative classification accuracy (%) of our DCMM-Transformer and baseline Vision Transformer variants across
five medical imaging datasets. Bold values indicate the highest accuracy for each dataset.

(5) Constructing the Connecting Probability: Combin-
ing all learned components, each entry of the community
structure matrix is:

pij = θiθj π
⊤
i B πj (7)

With P constructed, the DCMMM multi-head self-attention
(MSADCMM ) is:

MSADCMM (Q,K, V, P ) = Concat(head1, . . . ,headh)W
O

where each attention head is defined as headi =
AttnDCMM(QWQ

i ,KWK
i , V WV

i , P ). The learnable pa-
rameter matrices WQ

i , WK
i , WV

i are the projections in each
subspace (head), and WO is the projection for all subspaces.
Multi-head attention helps the model to jointly aggregate in-
formation from different representation subspaces at various
positions.

Learning Objective and Loss Function. To enhance in-
terpretability and encourage the model to learn distinct
and meaningful community assignments for each token,
we add an entropy regularization term on the soft com-
munity membership vectors. Specifically, the entropy loss
Lentro penalizes uniform (high-entropy) memberships and
promotes sharper, more confident assignments, where each
token clearly belongs to a specific set of communities. Math-
ematically, the entropy of community assignment loss is:

Lentro = − 1

n

 n∑
i=1

L∑
j=1

πij log (max(πij , ϵ))

 (8)

where ϵ is a small constant to prevent taking the log of zero.
The total loss is:

Ltotal = Ltask + αLentro (9)

where Ltask is the primary task loss (e.g., cross-entropy for
medical image classification), and α is a hyperparameter
balancing the entropy regularization. All model parameters,
including cluster embeddings, membership projections, de-
gree corrections, and transformer weights, are optimized
jointly in an end-to-end manner using stochastic gradient de-
scent.

Experiments
Experiments Setup
Dataset. We apply our proposed DCMM-Transformer for
the image classification task to evaluate its performance.

We consider the following five diverse and representative
medical imaging datasets: ChestXray, SIIM-ACR, INbreast,
ADNI, and EyeDisease, each addressing different anatomi-
cal structures and imaging modalities.

(1) ChestXray: The ChestX-ray dataset (Wang et al.
2017) contains large-scale chest X-ray images. Here we
focus on images of two major categories (5,856 in to-
tal): pneumonia and normal. (2) SIIM-ACR: The SIIM-
ACR dataset (Stephens 2019) includes 1,250 labeled ra-
diographic images, classified as either normal lung or col-
lapsed lung. (3) INbreast: The INbreast database (Moreira
et al. 2012) consists of 6,154 mammography images col-
lected at a breast center in Porto, Portugal. Each image is
annotated with one of three classification labels: malignant,
benign, and normal. (4) ADNI: We use structural connec-
tivity (SC) matrices derived from MRI scans in the pub-
licly available Alzheimer’s Disease Neuroimaging Initiative
(ADNI) dataset (Yu et al. 2023c). The final dataset includes
282 cognitively normal (CN) subjects and 149 mild cogni-
tive impairment (MCI) subjects. (5) EyeDisease: The Eye-
Disease dataset (Zanlorensi et al. 2022) contains approxi-
mately 4,000 high-resolution retinal (fundus) images, aggre-
gated from multiple public sources. Each image is labeled
with one of four categories: Normal, Diabetic Retinopathy
(DR), Cataract, and Glaucoma, with roughly 1,000 images
per class.

Baselines. We compare with six state-of-the-art ViT base-
lines: ViT (Dosovitskiy et al. 2021), DeiT (Touvron et al.
2021), Swin Transformer (Liu et al. 2021), MaxViT (Tu
et al. 2022), ConViT (d’Ascoli et al. 2021), and SBM-
Transformer (Cho et al. 2022). These models cover a broad
spectrum of design philosophies, including standard trans-
formers (ViT, DeiT), hierarchical and locality-aware at-
tention (Swin, MaxViT, ConViT), and explicit community
structure modeling (SBM-Transformer). This selection en-
sures that our evaluation is comprehensive.

Training Details. Since the dataset sizes are medium
to small in scale, we build our DCMM-Transformer
on ViT-Small (ViT-S) and initialize it with pre-trained
weights (Dosovitskiy et al. 2021). For fair comparison, all
baseline models also use the small variant with pretrained
weights. We use the AdamW optimizer, with a training batch
size of 16 and a total of 100 training epochs. The learn-
ing rate is linearly increased from 0 to 0.0005, and sub-
sequently follows a cosine decay schedule. Other training
hyperparameters (such as dropout rate) are kept consistent
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across all experiments and methods for fair comparison. Our
DCMM-Transformer introduces three specific hyperparam-
eters: the entropy regularization weight α, the community
bias strength λ, and the number of communities L. After
the grid search, we set the hyperparameters to α = 0.1,
λ = 10, and K = 100. These values are used as defaults
for DCMM-Transformer, but all three hyperparameters can
be further optimized using cross-validation. All experiments
are conducted on NVIDIA H100 GPUs.

Exepriment Results
Table 1 presents classification accuracies on five datasets.
The DCMM-Transformer consistently outperforms all base-
lines across all datasets, achieving an average accuracy of
87.3%, surpassing the next-best method (MaxViT, 85.8%)
by a significant margin. Notably, DCMM demonstrates the
strongest gains on the ADNI dataset (74.1%), highlighting
its capacity to capture subtle structural variations in brain
connectivity graphs, a challenging task where standard vi-
sion transformers underperform. The model also achieves
state-of-the-art performance on the ChestXray (96.0%) and
SIIM-ACR (88.2%) datasets, showcasing its effectiveness
on 2D radiographic images with diverse pathological char-
acteristics. These results validate the ability of the proposed
degree-corrected mixed-membership attention mechanism
to enhance representation learning in medical image clas-
sification tasks.

It is worth noting that the SBM-Transformer underper-
forms relative to standard baselines in this setting. This
is likely because SBM-Transformer was originally de-
signed to promote sparsity and reduce computational cost
in NLP tasks, rather than to model the nuanced spatial and
anatomical structures present in medical images. In con-
trast, the DCMM-Transformer is explicitly designed to ex-
ploit the spatial consistency and community-like organiza-
tion of medical image patches. Moreover, in clinical prac-
tice, model performance and interpretability are typically
prioritized over computational cost, reinforcing the practical
value of our approach. These results validate the effective-
ness of the proposed degree-corrected mixed-membership
attention mechanism in enhancing representation learning
for medical image classification.

Interpretability
Beyond improving classification accuracy, the proposed
DCMM-Transformer mechanism significantly improves the
interpretability of ViTs on medical imaging tasks. To as-
sess interpretability, we visualize the attention maps gen-
erated by our DCMM-Transformer as well as those from
standard attention mechanisms across these datasets. Fig-
ure 3 illustrates representative results on the five medi-
cal datasets. Each row in the figure corresponds to a spe-
cific diagnostic category (such as malignant, benign, or nor-
mal for INbreast). For each category, two representative
image samples are shown. In each sample, the first col-
umn displays the original input image, followed by the at-
tention heatmap generated by a standard ViT, and finally
the attention map produced by our DCMM-Transformer.

M
al

ig
n
an

t
B

en
ig

n
N

o
rm

al
C

o
ll

ap
se

d
N

o
rm

al
 

IN
b
re

as
t

S
II

M
A

C
R

P
n
eu

m
o
n
ia

N
o
rm

alC
h
es

tX
ra

y

Input ViT DCMM-TF Input ViT DCMM-TF

M
C

I
C

N

A
D

N
I

C
at

ar
ac

t
D

R
G

la
u
co

m
a

E
y
e 

D
is

ea
se

N
o
rm

al

Figure 3: Visualization of attention maps from a standard
Transformer and the proposed DCMM-Transformer (abbre-
viated as DCMM-TF in the figure) on the five datasets. The
left column shows the original input images, the middle
column displays attention maps from the standard Trans-
former, and the right column presents attention maps from
DCMM-Transformer. For each category, two random sub-
jects are displayed. DR is short for Diabetic Retinopathy.

DCMM-Transformer demonstrates clinically superior inter-
pretability, as evidenced by the following observation exam-
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Method ChestXray SIIMARC INbreast ADNI EyeDisease Average
DCMM-Transformer 96.0 88.2 85.1 74.1 93.3 87.3

w/o Lentro 95.2 84.2 83.8 66.7 92.3 84.4
w/o DC 94.9 86.9 83.8 66.7 92.9 85.0
w/o MM 95.6 87.5 81.8 65.4 93.0 84.7

Table 2: Ablation study on the effect of key components in DCMM-Transformer across five medical imaging datasets. w/o
Lentro : without the structural constraint loss; w/o DC: without the degree correction module; w/o MM: without the mixed-
membership module.

Figure 4: Influence of the number of communities on classification performance across five medical image datasets. The mean
classification accuracy and standard deviation over three independent runs for each setting are reported.

ples.
(1) INbreast Mammography: In malignant cases, the

DCMM-Transformer attention maps are tightly concen-
trated around the dense, spiculated masses, which are clas-
sic radiological indicators of malignancy, providing pre-
cise localization with minimal spillover into adjacent, non-
pathological tissue. In contrast, ViT’s attention is more dif-
fuse, often extending across wide areas of the breast, includ-
ing normal fibroglandular tissue and even the pectoral mus-
cle, which reduces clinical clarity. For both benign and nor-
mal INbreast cases, DCMM-Transformer continues to pro-
duce attention maps that coherently follow the structure of
the glandular tissue, showing respect for natural anatomical
boundaries.

(2) SIIM-ACR Chest X-ray: For collapsed lung (pneu-
mothorax) cases, the DCMM-Transformer directs attention
to the lateral and apical lung zones, precisely where a ra-
diologist would search for the pleural line and absence of
peripheral lung markings, key signs of pneumothorax. In
particular, the model’s attention aligns well with the visible
pleural edge and adjacent lucent area, which are crucial for
accurate diagnosis. The ViT, by contrast, tends to distribute
its attention as a vague cloud across the lung, offering little
specific guidance on where to look for pathology. In normal
chest X-rays, DCMM-Transformer generally restricts focus
within the lung fields and avoids irrelevant areas like the di-
aphragm and chest wall.

Ablation and Sensitivity Analysis
Ablation. We conducted comprehensive ablation stud-
ies to evaluate the impact of the key components of
DCMM-Transformer, and the entropy penalty term on
model performance across five medical imaging datasets.
Each component was removed individually to isolate its ef-
fect, and the results are summarized in Table 2. Specifi-
cally, omitting the entropy loss leads to the largest average
performance drop (from 87.3% to 84.4%), highlighting its

critical role in encouraging confident, interpretable commu-
nity assignments. Eliminating degree correction or mixed-
membership also decreases accuracy (to 85.0% and 84.7%
average, respectively), underscoring the value of modeling
both node connectivity heterogeneity and overlapping com-
munity structure.

Sensitivity. Our sensitivity analysis shows that DCMM-
Transformer is remarkably stable across a broad range of hy-
perparameter settings. Among them, the number of commu-
nities is particularly important, as it directly and indirectly
influences the DCMM bias. We therefore further examine
the model’s performance under different numbers of com-
munities. As seen in Figure 4, varying L from 80 to 180
yields stable classification accuracy, especially on INbreast,
EyeDisease, and ChestXray. This means the model doesn’t
require precise tuning of this parameter; it works well over a
broad range, which is practical in real medical applications.

Conclusion

In this work, we proposed the DCMM-Transformer, a
novel Vision Transformer architecture that integrates the
DCMM community structure into the attention mechanism.
By learning soft group memberships and degree scalars di-
rectly from the query representations, and integrating them
into the attention mechanism via an additive bias, DCMM-
Transformer enables the model to focus on semantically co-
herent and clinically relevant regions within medical im-
ages. This approach not only enhances classification ac-
curacy but also improves interpretability. Extensive exper-
iments across diverse medical imaging datasets demonstrate
that DCMM-Transformer consistently outperforms strong
transformer baselines, while ablation studies validate the
individual contributions of the degree correction, mixed-
membership, and entropy regularization modules.
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