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I Unsupervised Domain Adaptation(UDA)
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I Unsupervised Domain Adaptation(UDA)

* Unsupervised Domain Adaptation(UDA)
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Solution: Domain Alignment

v' Goal: Achieving good performance on the target domain.
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I Motivation
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O However, it is obvious that not all regions of an image are transferable, while
forcefully aligning the untransferable regions may lead to negative transfer.

, — Alignmenh—

O Ignore features that are not helpful for category discrimination.
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O Global adversarial network (green) is utilized to enhance the prediction certainty of the images
more similar in the feature space across domains.



I Transferable Local Attention
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I Transferable Global Attention
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I Experiments

Table 1: Accuracy (%) on Office-31 for unsupervised domain adaption (ResNet)
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Method A—W D—W W—D A—D D—A W—=A Avg

ResNet-50 (He et al. 2016) 684+02 967+£01 993+£0.1 689+02 625+03 60.7+£03 76.1

TCA (Pan et al. 2011) 727+00 96.7+00 996+00 7414+00 61.7400 609+00 77.6

GFK (Gong et al. 2012) 728 +£00 9504+00 982+00 7454+00 634400 61.0£00 775

DAN (Long et al. 2015) 805+04 97.1+£02 996+0.1 786402 63603 628+0.2 804

RTN (Long et al. 2016) 8454+02 968+01 994401 775+£03 662+02 648+03 816

DANN (Ganin et al. 2016) 820+ 04 969+£02 991+£0.1 79.7+04 682+04 674+£05 822

ADDA (Tzeng et al. 2017) 86.24+05 962+03 984+4+03 778+£03 695+£04 689+05 829

JAN (Long et al. 2017) 8544+03 974+02 998+02 847+03 686+03 70.0+04 843

MADA (Pei et al. 2018) 900+01 974+0.1 996+0.1 878+02 7034+03 664+03 852

SimNet (Pinheiro 2018) 886 +05 982+02 99.74+02 853+£03 734+08 7T71.6+£06 86.2

GTA (Sankaranarayanan et al. 2018) 89.5+05 979+£03 998+04 87705 728+03 714+£04 865

TADA (local) 894 +04 987+02 998+02 8724+£02 664+£02 653+£03 845

TADA (global) 929+04 982+02 998+0.2 889+02 696402 71.0+£03 86.7

TADA (local+global) 943+03 987+0.1 998+02 91.6+03 729402 73.0+-03 884

Table 2: Accuracy (%) on Office-Home for unsupervised domain adaption (ResNet)

Method Ar—Cl Ar—Pr Ar—Rw Cl=sAr Cl=Pr Cl—-Rw Pr—Ar Pr—Cl Pr—Rw Rw—Ar Rw—Cl Rw—Pr Avg
ResNet-50 (He et al. 2016) 349 50.0 58.0 37.4 41.9 46.2 38.5 31.2 60.4 53.9 41.2 599  46.1
DAN (Long et al. 2015) 43.6 57.0 67.9 45.8 56.5 60.4 44.0 43.6 67.7 63.1 51.5 743 563
DANN (Ganin et al. 2016)  45.6 59.3 70.1 47.0 58.5 60.9 46.1 43.7 68.5 63.2 51.8 768  57.6
JAN (Long et al. 2017) 45.9 61.2 68.9 50.4 59.7 61.0 45.8 43.4 70.3 63.9 52.4 76.8 583
TADA (local) 47.3 69.1 75.2 56.9 66.4 69.1 55.9 46.9 75.7 68.2 56.2 804 639
TADA (global) 51.3 66.0 76.5 58.6 69.3 70.3 58.3 52.0 77.1 70.2 57.0 8.5 657

TADA (local+global) 53.1 72.3 77.2 59.1 71.2 72.1 59.7 53.1 78.4 72.4 60.0 82.9 67.6
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(c) MADA (d) TADA

(a) ResNet (b) DANN

Figure 2: The t-SNE visualization of features learned by (a) ResNet, (b) DANN, (c) MADA, and (d) TADA (red: A; blue: W).
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Source Domain
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Figure 3: Attention visualization of the last convolutional layer of ResNet on Office-Home. The images on the left are randomly
sampled from source domain (Ar) while the right from target domain (Rw). In each group of images, the original input images,
the corresponding attentions and the attentions shown in the original input images are illustrated from left to right respectively.
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