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B — INTRODUCTION

« UDA (Unsupervised Domain Adaptation) aims to address the problem of classifying unlabeled samples from the target domain whilst labeled samples are

only available from the source domain and the data distributions are different in these two domains.
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+ Approaches to UDA have been proposed trying to align the marginal distributions of source and target domain which is not guaranteed to produce

good classification results as the conditional distribution of the target domain can be misaligned with that of the source domain.

« Pseudo labeling the target samples allows to align the conditional distributions of source and target domains with traditional supervised learning

algorithms.



B — INTRODUCTION

I Approaches without Pseudo-Labeling

« Maximum Mean Discrepancy (MMD)
« GRL (Gradient reversal layer)

« (Generative Adversarial Loss

I Pseudo-Labeling without Selection

Pseudo-labeling without selection assigns pseudo-labels to all samples in the target domain.
« The strategy of hard labeling assigns a pseudo-label y* to each unlabeled sample without considering the confidence.

« The strategy of soft labeling assigns the conditional probability of each class p (c | x ) given a target sample x which results

in a pseudo-labeling vector.
I Pseudo-Labeling with Selection

A subset of target samples are selected to be assigned with pseudo labels and only these pseudo-labeled target samples are

combined with source samples in the next iteration of learning. One key factor in such algorithms is the criterion of sample selection for pseudo-labeling.

« class-wise sample selection strategy : Samples are selected for each class independently.



B — METHODS

il The proposed method aims to align the conditional distributions of source and target domains.
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B — METHODS Dimensionality Reduction

I High dimensional features contain redundant information and thus result in unnecessary computation.
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i L2 normalization is applied to each feature vector in X as & <— 53/| ‘53”2

The use of L2 normalization forces samples of both source and target domains distributed on the surface of the same hyper-

sphere which helps to align data from different domains.



B — METHODS Domain Alignment

| Learning a projection matrix P with SLPP (Supervised Locality Preserving Projection) which maps samples

from both domains into the same latent subspace Z from X.
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tr(PTP) is added for penalizing extreme values in the projection matrix P

|l The idea is that samples from the same class should be projected close to each other in the
subspace regardless of which domain they are originally from.

[1] He, X., and Niyogi, P . 2004. Locality preserving projections. In Advances in neural information processing systems, 153-160.



B — METHODS

« Pseudo-Labeling via nearest Class Prototype (NCP)
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B — METHODS Pseudo-Labeling

« Pseudo-Labeling via Structured Prediction(SP)

NCP does not consider the intrinsic structure of the target samples which Py XN

provides useful information for target samples classification. ﬂ:oA A Q)
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B — METHODS Pseudo-Labeling

p(ylz") = max{p: (y|z"), p2(y|z")}. (13)

§' = arg maxp(y|:1:t). (14)
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B — METHODS Iterative Learning

|| An iterative learning strateqy is used to learn the projection matrix P for domain alignment and improved
g gy Proj g e
pseudo-labeling for target samples alternately.

Algorithm 1 Unsupervised Domain Adaptation Using Se-
lective Pseudo-Labeling

Input: Labeled source data set D°* = {(x,v7)},i =
1,2, ...,ns and unlabeled target data set D' = {x!},i =
1,2, ..., ns, dimensionality of PCA and SLPP subspace
dy and ds, number of iteration 7'.

Output: The projection matrix P and predicted labels {7'}
for target samples.

1. Initialize k = 0;
. . . . . C
2: Dimensionality reduction by Eq. (3); For each class, ¢ € Y Pickout T
3: Learn the projection P using only source data D?; target samples pseudo-labeled as class ¢ from
4: ASSign pSGUdO labels for all target data USing Eq- (14); Which we select top kn¢/T high-probability samples to form S,
5: while £ < T do
o: ks htli
7: Select a subset of pseudo-labeled target data Syl € 5, ¢ D' containing kni/T
IDt; . arget samples in the k-th iteration
8:  Learn P using D® and &y;




B — EXPERIMENTS

I Dataset : Office-Caltech I Source —— Target

Table 1: Classification Accuracy (%) on Office-Caltech dataset using Decaf6 features. Each column displays the results of a
pair of source — target setting. e

Method C—A C=W C—=D A—=C AW A-D W=C WA W=D D—C D—A D—W 'Average

DDC(Tzeng et al. 2014) 91.9 85.4 88.8 85.0 86.1 89.0 78.0 84.9 100.0  §1.1 89.5 982 | 882 |
DAN(Long et al. 2015) 92.0 90.6 89.3 841 91.8 91.7 81.2 92.1 100.,0 803  90.0 98.5 1 90.1 !
DCORAL(Sun and Saenko 2016) 92.4 91.1 91.4 84.7 - - 79.3 - - 82.8 - - -
CORAL(Sun, Feng, and Saenko 2017)  92.0 80.0 84,7 83.2 74.6 84.1 75.5 81.2 1000 76.8 85.5 99.3 1 B4T !
SCA(Ghifary et al. 2016) 89.5 854 879 78.8 759 854 748 86.1 100.0 78.1 90.0 98.6 1 859
JGSA(Zhang, Li, and Ogunbona 2017) 914 86.8 93.6 84.9 81.0 88.5 85.0 90.7 100,00 86.2 92.0 99.7 1+ 90.0 ¢
MEDA (Wang et al. 2018) 934 956 91.1 874 881 881 932 994 994 875 932 976 . 92.8 |
CAPLS (Wang, Bu, and Breckon 2019)  90.8 85.4 955  86.1 87.1 94.9 88.2 923 1000 888 930 1000 | 918 |
SPL (Ours) 927 932 987 874 953 892 870 920 100.0 886 929 986 . 93.0 .

_______



B — EXPERIMENTS

|| Dataset : Office31 (left) ImageCLEF-DA (right) | Source ——— Target

Table 2: Classification Accuracy (%) on Office31 dataset us-

: i ) Table 3: Classification Accuracy (%) on ImageCLEF-DA
ing either ResNet30 features or ResNet50 based deep mod dataset using either ResNet30 features or ResNet50 based

els. | g del S ,
Method AW DWW W=D AD DA WoA Avg €Cp modcis. 5 !
Iﬁ%ﬁﬂ;gﬂi all- 22?}1?;1 3;‘;(‘5} 3?-3 33-2 ;g--;' l’?‘fl}g 222 : 21_ 2 ! Method I-P P—=I I2C C—=I C—=P P—=C. Avg !

1 el al. A . 4 a L R 3.2 T
GTA fSankﬂmlnamyanﬁn etal 2018) 895 979 998 877 728 714 | 865 | RTN(Long et al. 2016) 0.6 33‘8 9.3 83 727 93'2 849
CDAN-E(Long et al. 2018) 4.1 0%.6 Wg 929 71.0 603, ®77 ICAN(Zhang et al. 2018) 795 897 947 899 78.5 92.0 : 874 |
IDDA(Chen et al. 2019a) 826 952 997 798 574 667 802 | CDAN-E(Long etal. 2018) 77.7 907 97.7 913 742 943 ' 877 |
SymNets(Zhang et al. 2019) 90.8 98.8 1000 939 74.6 7150 B84 SymNets(Zhang et al. 2019)  80.2 936 970 934 787 9.4 899
g T M3 %7 N8 A6 79 730, 884 MEDA(Wang et al. 2018)  79.7 925 957 922 785 955 | 89.0 |
ang el al. il . X s A A . o] - T 1
CAPLS (Wang, Bu.g and Breckon 2019)  90.6 986 006 886 754 763 | 882 | SPL (Ours) 783 945 967 957 805 963 : 90.3 :
SPL (Ours) 927 987 998 930 764 768 | 896 ! !
1 1 1 1
1 1

_______

_______



B — EXPERIMENTS

| Dataset : Office-Home | Source —— Target

Table 4: Classification Accuracy (%) on Office-Home dataset using either ResNet50 features or ResNet50 based deep models.

Method A—-C A—=P AR C=A C=P C—»R P—A P—-C PR R—-A R—=C R—=P |Averagei

JAN(Long et al. 2017) 459 612 689 504 597 61.0 458 434 703 639 524 768 | 583
CDAN-E (Long et al. 2018) 507 706 760 576 700 700 574 509 773 709 567 816 | 658
SymNets (Zhang et al. 2019) 477 729 785 642 713 742 642 488 795 745 526 827 | 676
TADA (Wang et al. 2019) 531 723 772 591 712 721 597 531 784 724 600 829 | 676 !
MEDA(Wang et al. 2018) 546 752 770 565 728 723 590 519 782 677 572 818 | 67.0 !
CAPLS (Wang, Bu, and Breckon 2019) 562 783 802 660 754 784 664 532 81.1 716 561 843 | 706 |
SPL (Ours) 545 778 819 651 780 8L1 660 531 828 699 553 860 ;| 710 !

[r—p————



B — EXPERIMENTS

|l Ablation Study

Table 5: Results of ablation study.

o SM“EE, <p| Office-Caltech  Office3]  ImageCLEF-DA  Office-Home

X | X v X 81.8 82.0 86.2 63.9 PL : Pseudo-Labeling

X | X X v 90.3 87.5 89.5 68.0

X | X v v 90.7 87.6 89.4 68.1 S : Selection

v | X v X 85.5 83.7 86.9 66.2

v X X v 91.9 88.0 90.0 68.9 NCP : nearest Class Prototype

v | X v v 92.0 88.0 90.0 69.0

o v X 50.8 57.8 89.0 70.8 SP : Structured Prediction
X | /930 895 902 7.0 _
| v v v 93.0 89.6 90.3 T1.0







