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Whole-Slide Pathology Image Classification Method Based on Deformable Attention and
Multi-Scale Multi-Instance Learning

XUE Bao, ZHOU Junjie, SHAO Wei

(Key Laboratory of Brain-Machine Intelligence Technology, Ministry of Education, College of Artificial Intelligence, Nanjing University
of Aeronautics and Astronautics, Nanjing 211106, China)

Abstract: Whole Slide Images(WSIs) are generally considered the golden standard for pathological diagnosis.
Accurate classification of WSIs provides detailed information on tumor type, grade, and stage, which is crucial for
cancer prognosis and treatment strategy selection. Currently, in the field of computational pathology, analysis
methods based on Multi-Instance Learning (MIL) are becoming the mainstream approach for the classification of
Whole-Slide Pathological Images. However, these methods mostly focus on single-scale pathological images, which
limits the understanding of the mechanisms of cancer development and progression at different levels. Additionally,
the high-resolution nature of pathological images and the information discrepancies across different scales pose
challenges for efficiently integrating and analyzing pathological image patches within a single scale as well as across
multiple scales. To address these issues, this paper proposes a whole-slide pathology image classification method
based on deformable attention and multi-scale multi-instance learning (DMSMIL). Specifically, this method
enhances the efficiency of attention computation by designing a deformable attention branch to learn the associations
among image patches within the same scale. Meanwhile, an association algorithm based on Optimal Transport (OT)
is designed to integrate pathological images across different scales, achieving efficient alignment of multi-scale
pathological information. Experimental results on breast cancer subtype classification and lung cancer subtype
classification tasks show that the proposed method achieved classification accuracy of 85.39% and 92.00%
respectively, showing improved performance compared to mainstream whole slide image classification methods.
Key words: multi-instance learning; deformable attention; multi-scale learning; whole slide pathological image

classification; optimal transport
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Table 1  Subtype classification results of TCGA-BRCA datasets.
WRES ACC FI AUC
DSMIL 0.7967+0.0269 0.8679+0.0319 0.7014+0.0254
MultiAttnMIL 0.8059+0.0382 0.8763+0.0261 0.7011+0.0555
HiFuse 0.8098+0.0272 0.8774+0.0229 0.7107+0.0225
AMGCFN 0.8108+0.0159 0.8808+0.0108 0.7035+0.0169
DMSMIL 0.8539+0.0112 0.9069+0.0060 0.7800+0.0186
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Table 2  Subtype classification results of TCGA-NSCLC datasets.

7k ACC Fl AUC
DSMIL 0.8568+0.0346 0.8528+0.0464 0.8893+0.0354
MultiAttnMIL 0.8581+0.0429 0.8546+0.0450 0.8472+0.0421
HiFuse 0.8599+0.0321 0.8505+0.0442 0.8891+0.0243
AMGCEN 0.8572+0.0358 0.8582:+0.0489 0.8970£00179
DMSMIL 0.9200+0.0159 0.9243+0.0136 0.9200:0.0165
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Fig.6 Attention scores based visualization results of our DMSMIL method on TCGA-BRCA dataset
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Fig.7 Attention scores based visualization results of our DMSMIL method on TCGA-NSCLC dataset
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Table 3 Comparison of model parameters and time cost in various multi-scale fusion methods

WIRES SHE YIRS (] FHEFLIN [7]
DSMIL 1894072 13.72s 0.0141s
MultiAttnMIL 854789 9.68s 0.0096s
HiFuse 3596964 27.16s 0.0298s
AMGCFN 1065247 19.83s 0.0179s
DMSMIL 612096 4.05s 0.0072s
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