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1.Introduction
• Why WSI:

   Histological Whole Slide Image (WSI) classification is essential in digital pathology, automating 
diagnosis and sub-typing while extracting insights from high-resolution scansto support prognosis and 
treatment planning

• Features:

   WSIs, with sizes ranging from 100 million to 10 billion pixels, are too large for conventional deep 
learning techniques, which were originally designed for much smaller natural or medical images. 

• Strategy:

“decompose and aggregate”, A promising application of this strategy is Multiple Instance 
Learning(MIL), which treats each WSI as a bag containing smaller image patches.
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Solution

A significant issue is data imbalance: within a 
bag, positive instances (e.g., those containing 
can-cerous cells) are often vastly outnumbered 
by negative ones. This imbalance can bias the 
model toward the majority class, leading it to 
overlook or misclassify important minority 
instances and resulting in poor sensitivity for 
detecting rare but clinically significant features.

The current shortcomings of feature integration 
methods: These methods are still limited by the 
influence of noise and irrelevant patches, as they 
fundamentally rely on discriminative feature 
integrat ion paradigms that are inherent ly 
susceptible to such interference.

Mixture-of-Experts (MoE): which intelligently 
routes instances to specialized experts based on 
their relevance and characteristics. This dynamic 
routing mechanism ensures focused attention on 
minority classes, enhancing sensitivity to rare but 
clinically significant instances and reducing bias 
toward the majority class.

Diffusion Classifier: leverages the expert and 
prior knowledge extracted by Dyn-MoE through a 
customized diffusion process, supported by a 
multi-layer perceptron (MLP) network . This 
integration of expert driven insights with the 
generative capabilities of the diffusion model 



1.Introduction
 Overall, the contributions of this work can be summarized as:

u A new paradigm for WSI classification. MExD is the first to apply generative techniques for WSI 
classifcation,offering a novel solution to data imbalance, noise reduction, and feature integration, and 
laying the foundation forfuture research.

u A novel diffusion model fused with the MoE approach. We introduce a novel diffusion model 
seamlessly integrated with Mixture-of-Experts(MoE), which, unlikestandard diffusion models, 
incorporates experts focusedon specific instances, thereby more effectively addressing the inherent 
challenges of WSI analysis.

u State-of-the-art results on widely-used benchmarks. MExD demonstrates exceptional performance in 
accurately classifying WSI, setting new standards on prominent benchmarks such as Camelyonl6,TCGA-
NSCLC and BRACS.



2.Method
• Problem Reformulation：
    A WSI (X) is divided into a patch-wise bag B of N patches {xi}N, with only a bag-level 
label Y . For binary classification, Y = 1 indicates at least one positive instance, while Y = 
0 indicates none. In multi-label tasks, Y corresponds to the specific cancer subtype, with 
eachWSI containing only one type. 
• MIL paradigm:
1) Patch Embedding: Extractor f(·) transforms patches  {xi}N into embeddings  

{bi}N  forming instance-wise bag B;

2) Feature Aggregation: Aggregator g(·) combines embeddings;

3) WSI Classification: Classifier c(·) predicts the label Y:=c(g({f(xi)}N)). In some 

methods, the classifierc(·) is incorporated into g(·).



2.Method
MEXD：

 Fig. 2 presents an overview of our MExD, which integrates a Patch Feature Extractor, a Dyn-MoE Aggregator 
leveraging the Mixture-of-Experts mechanism, and a Diffusion Classifier (Diff-C) built on the principles of the 
Denoising Diffusion Probabilistic Model.



2.Method
Dyn-MOE： WorkFlow:



2.Method
 Forward Diffusion  Reverse Denoising :



3.Quantitative Results

1.MExD achieves leading performance across all metrics and datasets, 
setting new benchmarks.

2.MExD shows full certainty in correct predictions 
and uncertainty in some incorrect ones



3.Qualitative Interpretability

In column 2, router scores from our positive expert1 are mapped onto the WSl, and patches without scores are 
excluded. Expert 1 identifes positive patches effectively, despite some negative interference, achieving instance 
sparsity. Notably, true positive patches receive higher scores, while false positives are scored lower. Column 3 
demonstrates score-based refnement, where only higher-scoring patches are retained.



4.Conclusion
In this work, we introduce MExD, a novel WSI classifcation framework that combines a conditional generative 
approach with Mixture-of-Experts (MoE). MExD includes a Dyn-MoE aggregator that dynamically selects relevant 
instances, addressing data imbalance and improving representation. Additionally, its generative Diff-C iteratively 
denoises Gaussian noise using expert insights and prior predictions, resulting in stable outcomes. This blend of MoE 
and generative classification offers a promising new approach to WSI classifcation with broader applications 
incomputer vision.
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