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MOTIVATION CLASS-REBALANCING SELF-TRAINING RESULTS
Challenge Description Self-Training * Class-Rebalancing Self-Training (CIFAR10-LT)
* Semi-supervised learning (SSL) on class-imbalanced data * Multiple generations to train models iteratively Sampling Rate Test Accuracy
e Imbalance makes SSL harder: Pseudo-labels are now biased * A teacher model obtained at each generation LOfead e e e e e e
e SSL makes imbalance harder: Missing label information * Pseudo-labels I/: The teacher’s predictions on unlabeled data U/ 0.8 A Ceo
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Class Index ) . * Progressive Distribution Alignment (CIFAR10-LT)
* Rules to sample § from U: Class-rebalancing sampling etk
— Favor the less frequent but trustworthy predictions Target Distribution fest Accuracy
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é _ O_ ined predictions matches a less biase ?rfe istribution FixMatch 794 663 819 731 337 283 431 386
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Setting o e q =Normalize(q (1) ) (3) w/ CReST+ 842 78.1 849 792 388 34.6 467 42.0
e FixMatch model on class-imbalanced CIFAR ® Target distribution: p(y) the class distribution of the dataset o Comparison with DARP o Comparison on ImageNet127
o Per—class. re.call VS. preci.sion o e Scaling factor: ggzg where p(y) is the distribution of the predictions Method  ~—50 7—100 ~— 150  Method Geny Gen, Gens
* Lett: majority classes; Right: minority classes Progressive Distribution Alignment FixMatch 792 715  68.4 Supervised (100% labels) 75.8 - i
Observation e Target distribution: Normalize(p(y)*) where temperature t € [0, 1] w/DARP 818 755 704 supervised (10% labels)  46.0 - -
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e Asone would guess, minority classes obtain poor recall - < 1 enhances the.rebalancmg strength x; gRggT Sg’.g 7;4 72.2 V\;’/( ch(t (: ) 5)a els) o1 _
e Surprisingly, minority classes maintain high precision * Progressively rebalancing: Gradually decrease ¢ from 1 to iy, ——————  w/CReST 65.8 67.6 67.7
* Minority predictions are more trustworthy — Pseudo-labeling balance vs. precision CReST+: CReST w/ progressive DA. w/ CReST+ 63.3 /0.7 73.7
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