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Multi-instance 
Learning (MIL)

Time-consuming data pre-processing: 
After comparing the time required for data pre-
processing (WSI cropping, feature extraction) 
and MIL network classification, it is clear that 
data pre-processing is the main speed 
bottleneck. 

Redundant irrelevant patches: 
For example, in a randomly selected WSI, 
numerous instances have extremely low 
attention scores, indicating their minimal 
contribution, if any, to the bag-level classification.

Based on the above analysis, a straightforward idea to reduce the inference 
time is discarding irrelevant instances based on attention scores. 

Motivation
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SMT employs cascading vision transformer (ViT) blocks to gradually search for 
“suspicious” areas and ultimately uses only a small area of the entire WSI for 
classification. The classification performance of SMT heavily relies on 
accurately identifying potential tumor areas. However, the pathological 
information provided by the low-resolution thumbnails, used as the initial input 
of SMT, is insufficient, which can easily lead to inappropriate regions of interest 
being focused. Consequently, the accumulation of errors results in inferior 
classification performance of SMT when compared to other non-accelerated 
MIL methods.
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Projection and Attention Module
feature extractor: ��,�� → ��,��
projection: ��,�� → ��,��
attention scores: 
Teacher Branch
bag-level representation: 



Method

Student Branch and Self-Distillation
the student branch is designed to compute bag-level representations using 
only a subset of instances with larger attention scores

we incorporate the Gumbel Noise to “sigmoid” the un-normalized attention 
matrices:

differentiable binarization: 

bag-level representations: 



Method

CKA Classifier
we employ the iterative form of K-order Chebyshev polynomials to represents 
the basis functions TK(x):
Here, � ∈ ℝ1×� represents a bag-level representation, 

prediction: 
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Hybrid Loss Function



Method

Specifically, the �� 16×16 patches obtained from ��,�� are directly fed into 
LIPN, generating dual-branch prediction matrices ��,��,�,  � ∈  1,  2 
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