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Search with 50M Products
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What is Extreme Classification?

Methodology Amazon — 50 MM dataset
 Classification with a large number of classes (often running Input Labels
Into millions!) ) 1 Recall@100 trend with number of repetitions R
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» Momentum based optimizers require 2x additional memory. " repeors R tres

* Needs 1.2 TB GPU memory

Multiclass Datasets MACH vs DSSM vs Parabel

Existing Methods
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» Embedding Models — Training data explodes, and negative : !
Sampling iS required s 0.125 1 DSSM - 256d 5 0.441 316.6 hrS 40 GB 286 GB
» Parabel — Partial Tree based 1-vs-all classifier, not GPU Parfbel, 16 5 05810 232.4hrs 350 GB 426 GB
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MACH, 10 0.6419 31.8 hrs 150 GB 80 GB
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Our Method: Merged Average Classifiers via Hashing (MACH) Accuracy-Resource tradeoff with MACH with varying settings MACH, e 180 GB J0GB
: g B=20K, R=32
» Generic classification framework that provably scales O(logK) of Rand B. Left: ODP Dataset. Right: Imagenet Dataset
* Facilitates zero-communication model parallelism Multilabel Datasets Reforences
* MACH learns to predict Count-Min Sketch (CMS) matrix of | Datsset | Precision®@ | MACH | Parabel | DsMEC | PhastrekML | FastxML
the sparse K-dimensional label vector Wiki10-31K  P@1  0.8544 0.8431 0.8520 0.8357  0.8303 1] Nigam et al., Semantic Product Search. KDD 2019
. . ] ] 2] McAuley et al., Image-based Recommendations on Styles and Substitutes. SIGIR 2015
* Retrieves the qeavy-hltters durlng Inference P@s3 S N R 0.6747 3] Jain et al., Slice: Scalable Linear Extreme Classifiers trained on 100 Million Labels for Related
P@5 06151 0.6339 0.6590 0.5910  0.5776 Searches. WSDM 2019
. 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 P@3  0.4018 04008 03870 03783  0.3866 Dynamic Search Advertising. WSDM 2018
[5] Cormode et al., An improved data stream summary: the count-min sketch and its applications.
| T ) . , 3 . : ; P@5 0.3816 0.3663 0.3550 0.3558 0.3619 Journal of Algorithms, 2005,
Amazon-670K P@1 0.4141 0.4489 0.4470 0.3946 0.3699
A1 63 HL 0 l+lslei=d +=2 0 0 1 P@3  0.3971 0.3980 0.3970 0.3581  0.3328 For More Details
B 1 2 4 6 H2 0 0 #1=2 0 1#1=2 0 1414123 P@5>  0.3632 0.3600 0.3610  0.3305  0.3053 Please attend ML with Guarantees Workshop for Theoretical Discussion
c 3 a4 1 g H3 0 14129 0 1414123 14122 | 0 0 Comparison of MACH and popular extreme classification algorithms on few Tharun Medini: tharun.medini@rice.edu
| public datasets. MACH mostly preserves the precision and slightly betters the Anshumali Shrivastava: anshumali@rice.edu
D | 6 2| 4] 1 HA 0 |1+l+l+1=4 1 O 0 0 0 1+1+1=3 best algorithms on half of the cases. These numbers also establish the | . |
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limitations of pure tree-based approac
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