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TG-WSPIS, a multi-granular text-guided

weakly supervised pathology segmentation
/ framework, achieves state-of-the-art

performance on BCSS-T3G and
WSSS4LUAD-T3G via PMCC alignment
and GMI collaborative learning, and remains
robust under minimal supervision.

O Code & dataset: github.com/alp789/TG-WSPIS




