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Challenge: Expert availability Our solution Results
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Semi-supervised Segmentation

Semi-weakly supervised Segmentation
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Training with diverse annotation types
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Training with diverse annotation types
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Training with diverse annotation types
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Training with diverse annotation types
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Training with diverse annotation types

For each class

Annotations
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Training with diverse annotation types
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Training with diverse annotation types

Strong augmentation
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Training with diverse annotation types
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Training with diverse annotation types

Annotations

Strong augmentation




Training with diverse annotation types
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Training with diverse annotation types
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mean DICE

Quantitative results

(a) Masks + image-level labels on HELA-2.
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(b) Masks + bounding boxes on HELA-2.
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(c) Masks + point labels on HELA-2.
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(c) Masks + point labels on HELA-2.
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Ground-truth

Qualitative results
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