Learning Hierarchical Image Segmentation For Recognition and By Recognition
Tsung-Wei Ke * Sangwoo Mo” Stella X. Yu

Consistency of Visual Parsing instead of Text Labels Our CAST = VIT w/ Superpixels + Graph Pooling 2. Solidify Recognition by Adapting Segmentation
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Continuum of Internal Segmentation onto Recognition 1. Unsupervised Part-Whole Discovery 3. Generalization and Efficiency
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Concurrency of Segmentation and Recognition
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