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What is Extreme Classification?

Methodology Amazon — 50 MM dataset
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* Needs 1.2 TB GPU memory

Multiclass Datasets MACH vs DSSM vs Parabel

Existing Methods
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+ Generic classification framework that provably scales O(logK) ofRand B. Left: ODP Dataset. Right: Imagenet Dataset
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* MACH learns to predict Count-Min Sketch (CMS) matrix of | Dataset | Precision@K | MACH | Parabel | DISMEC | PhastreXML | FastxmL
the sparse K-dimensional label vector Wiki10-31K P@1  0.8544 08431 08520 0.8357  0.8303 1] Nigam et al., Semantic Product Search. KDD 2019
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P@5  0.6151 0.6339 0.6590 0.5910 0.5776 e VI

e Retrieves the

Delicious-200K P@1 0.4366 0.4697 0.4550 0.4172 0.4307 [4] Prabhu et al., Parabel: Partitioned Label Trees for Extreme Classification with Application to
Count-Min Sketch[5] P@3 04018 04008 03870 0.3783 0.3866 Dynamic Search Advertising. WSDM 2018
[5] Cormode et al., An improved data stream summary: the count-min sketch and its applications.
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