Robust Target Training for Multi-Source Domain Adaptation
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(2) Step 1. Train labeling I (b) Step 2: Train noise-robust model only on the pseudo- SR AR S, "
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Bi-level Optimization based Robust Target Training (BORT?) MPSDA (ICCV"19) DRT (CVPR21)
« BORT? extracts more discriminative features
Step 1 can be trained using any existing multi-source domain adaptation (MSDA) methods

* E.g.,DANN, M3SDA, DRIT.

Conclusions

Step 2 is the bi-level optimization built on feature uncertainty estimation

 Asstochastic CNN layer in the noise-robust target model Is used to model each target Multi-Source Domain Adaptation

Instance feature as a Gaussian distribution
Alleviate source-domain-bias

The variance of the Gaussian measure the label uncertainty as per [1] Second step target retraining

In the inner loop, the feature uncertainty can help the cross-entropy loss to identify

low-quality pseudo-labels

Low-quality pseudo-labels are downplayed to train a noise-robust model Bi-level Optimization based Robust

Target Training (BORT?2)

State-of-the-art performance

The outer loop treat the labeling function as hyper network, which is optimized to
minimize feature uncertainty loss using bi-level optimization

[1] Tianyuan Yu et al. Robust person re-identification by modelling feature uncertainty. In ICCV, 2019

Low feature uncertainty usually implies higher probability of pseudo-labels.
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