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Decrease Training Bias: Decoupled Pseudo Labeling

Experimental Results
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» Fine-tuning from Supervised Pre-trained Models
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» Data bias: the bias inherent in semi-supervised learning tasks (blue area), such as the bias

» DST generates better pseudo labels for poorly-behaved classes (SubFigure (c), (d)).
of sampling and pre-trained representations on unlabeled data.

» DST as a General Add-on

» Training bias: the bias increment brought by self-training strategies (yellow area).
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> Discussion » Comvergence and Computation Cost of the Mimax Game

» Data bias exists in supervised learning as well. Yes in SSL with extreme few labeled
samples, it might cause the accuracy of the same category to vary dramatically.

» Training bias is unique in SSL and can be mitigated by better strategy. 5 min mhé)x Lﬁ(w h) T LM(¢ hpseudo; fw h) -+ (Lu(lb, hla Eb,h) — Lz,(w, hl))- (3)
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» Unify classification, self-training, and adversarial learning into a minimax game. > The worst-case error rate of h" and worst loss first increase (A" dominates), and then
gradually decrease and converge (1) dominates).

» DST introduces marginal cost (<7%) during training and no cost during inference.
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