Deep learning methods for histological image
processing
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* No diagnostic labels in training - The objective is purely structural (attention sparsity,
smoothness and neighbourhood diversity). Labels are used only afterwards, to score the
representation with a linear probe.

Visualization of region-to-region graph with the top-k strongest connections on the different WSI

* Read by a pathologist. A pathologist confirmed the structures the first
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Biomedical Research Center SAS follows.

e Graph RA-HIPT - Turns attention into patch to region, patch to patch and learned region
to region graphs regularised for sparsity, diversity and anti-collapse (VICReg-style),
keeping long-range relations alive. Embeddings are disentangled into three subspace
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Example of semantic mask and synthetlcally generated region of 4096x4096px views.
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