NAPKINXC: PROBABILISTIC LABEL TREES FOR EXTREME MULTI-LABEL CLASSIFICATION
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Extreme Classification Conditional marginal probability Theoretical guarantees of PLTs Results: Extreme Classification
— Extreme multi-label classification (XMLC) is a problem of labeling an — Conditional marginal probability of a label: —Theorem [6]: For any distribution P and internal node classifiers f,: the Table 2: napkinXC compared to state-of-the-art algorithms on XMLC repository datasets.
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