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Domain Adaptation Task Methods

Unsupervised Domain Adaptation (UDA) :

We have labeled data on the source domain and unlabeled data on the target
domain. We want to classify the target samples utilizing the source data.

To simplify the noisy label problem, we assume that the noise Is class-wise
uniform with vector n®o
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Definition 1. Noise is class-wise uniform with vector §*t) € R¥, if n;;
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Source domain: labeled —l _ _fork = 1.

Target domain: unlabeled
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Aniag —— We propose to use a dlscrlmmator to learn the vector £€Xv),
‘ g [ransier . Noise-correcting Domain Discrimination
» Correct pseudo-labels to ground truth for source data:
-
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« Correct pseudo-labels to the opposite distribution for target data:
Laaw(x) = Lpop(c™) ul?)).

Domain adversarial learning the generator and the discriminator.

With ground truths Only Pseudo-labels predicted by the model

Pseudo-labels: we train the model on the source and use pseudo-

labels predicted by the model as the training label on the target. max min Ela. gy Loads(Ts, Ys, T1)

Motivation

. _ _ _ Corrected Pseudo-labels:
 Pseudo-labels might be incorrect and contain noise.
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* We can use a discriminator producing a confusion matrix to correct DANN (Ganin etal. 2016) ~ 74.0 91.1 739 797
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the noise In pseudo-labels. CDAN+E (Longetal. 2017a)  98.0 95.6 89.2 943
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* The discriminator is train by Noise-correcting Domain (French, Mackiewicz, and Fisher 2018)
_ RS _ _ _ _ _ MCD (Saito et al. 2018)  94.1+0.3  96.5+0.3 962404 95.6
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measure the difference between ground truth and pseudo-label. Targetonly 995+0.0 973402 996401 988

Digits datasets: USPS to MNIST (U — M), MNIST to USPS (M — U), and SVHN to MNIST (S — M).
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