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Class-Balanced Self-Training (CBST)

where:   x: input sample   p: class predication vector   y: label vector   ො𝐲: pseudo-label vector

w: network parameters   s: source sample index    t: target sample index   △𝐾−1: probability simplex
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Yang and Yu et al., Domain Adaptation for Semantic Segmentation via Class-Balanced Self-Training, ECCV18



Confidence Regularized Self-Training (CRST)
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Label Regularized Self-Training (LR)
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Model Regularized Self-Training (MR)
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Proposed Confidence Regularizers
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Experiment: Quantitative Results

Results on SYNTHIA -> Cityscapes (mIoU* - 13 class)
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Experiment: Qualitative Results (GTA->Cityscapes)
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Conclusions

▪ Compared with supervised learning, self-training is an under-determined problem (EM with latent variables).

▪ Our work shows the importance of confidence regularizations as inductive biases to help under-constrained 

problems such as unsupervised domain adaptation and semi-supervised learning.

▪ CRST is still aligned with entropy minimization. The proposed confidence regularization only serves as a safety 

measure to prevent over self-training/entropy minimization.

▪ MR-KLD is most recommended in practice for its efficiency and good performance.

Future Works

▪ This work could potentially inspire many other meaningful regularizations/inductive biases for similar problems.
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