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1) Introduction

O Background
> Big data & different types of data
» Original elementary form & not labeled
» Manually label data: time-consuming & expensive
>

Model reuse based on labeled data
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1) What is domain adaptation (DA)?

Human: previous experience and knowledge for
reasoning & learning

Machine: apply knowledge from other fields into
current applications

s —

» How to find similar domain knowledge for transferring?

Key 1dea:



1 Why DA ?

O Label data: time-consuming & expensive
O Train from scratch: tedious

O Design customized model: complex

O |
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2) Problem

O Source domain ( Ds ) (labeled)
XS: { (xiayi) | [ = 19 29 s ns}
O Target domain ( D7) (unlabeled)
XT: { (xja ‘7) |]: 19 29 Tt nt}

O Objective

» Train classification model on source domain and improve
the accuracy on the target
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State-of-the-art methods

O Traditional methods

> Feature Selection[Blitzer et al., 2006; Long et al., 2014]
> Sub Space leaming[Gopalan et al., 2011; Gonget al., 2012; Zhang et al., 2019b]

> Dlstrlbutlon adaptation[Panet al., 2011; Jiang et al., 2017; Wang et al., 2018]

O Deep learning based methods
> Dlscrepancy based[Tzeng et al., 2014; Long et al.,2015; Ghifary et al., 2015]

» Reconstruction basedBousmalisetal., 2016]

> Adversarlal leamlng based[Ganinet al., 2016; Tzeng et al., 2017; Liu et al., 2019]
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3 Limitations

O More or less rely on the backbone networks
O Not explore other ImageNet models

O Not know which 1s the best layer
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Extracted features visualization
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Domain adaptation methods

Support vector machines (SVM) & 1-nearest neighbor (1NN)

Geodesic Flow Kernel (GFK) & Geodesic sampling on
manifolds (GSM)

CORrelation Alignment (CORAL)
Transfer Joint Matching (TJM)

Balanced distribution adaptation(BDA) & Joint distribution
alignment (JDA) & Joint Geometrical and Statistical
Alignment (JGSA) & Adaptation Regularization (ARTL) &
Manifold Embedded Distribution Alignment (MEDA) &
Modified Distribution Alignment (MDA)
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Significance analysis

O Correlation coefticient
T(A,B) — Zm Zn(Amn o A)(an o B)

Vo T A — DS, 5, Brn — B)?

O Coetticient of determination

R’=1

. . N
Unexplained variation L Y i1 Sresidual

Total variation > ,f\i 1 Stotal

Sresidua,l — (yz_ y§)2, Stotal — (yz — g)Z

» The higher the better
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5 Datasets & Results

O Datasets

Table 1: Statistics of extracted IR features of three datasets

Dataset # Sample # Feature # Class Domains
Office + Caltech-10 2533 1000 10 A, C,W,D
Office-31 4110 1000 31 A, W,D

Office-Home 15588 1000 65 A,C, PR
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Classification Accuracy

Table 2: Accuracy (%) on Office + Caltech-10 datasets

Task | C-A|C-W|C-D| A-C|A-W|A-D|W-C|W—-A|W-D|D-C|D-A|D-=W | Average
SVM | 94.7 97.3 994 93.3 90.5 92.4 93.9 954 100 94.2 94.4 99.0 95.4
INN | 957 96.3 95.5 93.6 91.5 95.5 93.7 95.7 100 93.5 94.8 98.3 95.3
GFK[!1] | 9438 96.6 94.9 924 92.5 94.9 93.6 95.2 100 94.2 94.4 98.3 95.2
GSM [51] | 95.6 96.3 98.1 93.9 90.2 93.0 93.9 95.5 100 94.4 94.4 99.0 95.4
BDA [10] | 95.7 95.6 96.8 92.8 96.6 94.9 93.5 95.8 100 933 95.8 96.3 95.6
JDA [26] | 95.3 96.3 96.8 93.9 95.9 95.5 93.5 95.7 100 933 95.5 96.9 95.7
CORAL [77] | 95.6 96.3 98.1 95.2 89.8 94.3 93.9 95.7 100 94.0 96.2 98.6 95.6
TIM[27] | 95.7 96.6 95.5 93.2 95.9 97.5 93.4 95.7 100 93.5 95.6 96.9 95.8
JGSA [19] | 95.2 97.6 96.8 95.2 93.2 95.5 94.6 95.2 100 94.9 96.1 99.3 96.1
ARTL [25] | 95.7 97.6 97.5 94.6 98.6 100 94.6 96.1 100 93.5 95.8 99.3 96.9
MEDA [5] | 96.0 99.3 98.1 94.2 99.0 100 94.6 96.5 100 94.1 96.1 99.3 97.3
MDA [55] | 96.0 99.3 99.4 94.2 99.0 100 94.6 96.5 100 94.2 96.1 99.3 97.4
DAN [23] | 92.0 90.6 89.3 84.1 91.8 91.7 81.2 92.1 100 80.3 90.0 98.5 90.1
DDC [3] | 91.9 85.4 88.8 85.0 86.1 89.0 78.0 83.8 100 79.0 87.1 97.7 86.1
DCORAL [35] | 89.8 97.3 91.0 91.9 100 90.5 83.7 81.5 90.1 88.6 80.1 92.3 89.7
RTN [28] | 93.7 96.9 94.2 88.1 95.2 95.5 86.6 92.5 100 84.6 93.8 99.2 93.4
MDDA [33] | 93.6 95.2 934 89.1 95.7 96.6 86.5 94.8 100 84.7 94.7 99.4 93.6
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Table 3: Accuracy (%) on Office-Home datasets

Classification Accuracy

Task | Ar - Cl [Ar - Pr{Ar—- Rw [Cl - Ar |Cl - Pr|Cl = Rw | Pr - Ar | Pr - Cl | Pr - Rw | Rw — Ar | Rw — CI | Rw — Pr || Average
SVM | 478 76.1 79.2 61.7 70.2 69.5 64.4 48.7 79.5 70.6 49.1 82.1 66.6
INN| 464 71.7 77 63.9 69.6 70.4 65.5 46.8 76.0 71.4 48.5 78.7 65.5
GFK[!1]| 39.6 66.0 72.5 55.7 66.4 64.0 58.4 42.5 73.3 66.0 44.1 76.1 60.4
GSM [51]| 47.6 76.4 79.5 62.2 69.7 69.2 65.1 49.5 79.8 71.0 49.6 82.1 66.8
BDA [10]| 433 69.8 74.1 58.7 66.3 67.7 60.6 46.3 75.3 67.3 48.7 77.0 62.9
JDA [20]| 474 72.8 76.1 60.7 68.6 70.5 66.0 49.1 76.4 69.6 525 79.7 65.8
CORAL [7]| 48.0 78.7 80.9 65.7 74.7 75.5 68.4 49.8 80.7 73.0 50.1 82.4 69.0
TIM[27]| 47.6 72.3 76.1 60.7 68.6 71.1 64.0 49.0 75.9 68.6 51.2 79.2 65.4
JGSA [19]]| 429 69.5 71.2 50.1 63.0 63.3 55.6 42.6 71.8 60.8 42.1 74.6 59.0
ARTL [25]| 535 80.2 81.6 71.5 79.9 78.3 73.1 56.1 82.9 75.9 57.1 83.7 72.8
MEDA [15]| 485 74.5 78.8 64.8 76.1 75.2 67.4 49.1 79.7 72.2 51.7 81.5 68.3
MDA [53] | 54.8 81.2 82.3 71.9 82.9 814 71.1 53.8 82.8 75.5 553 86.2 73.3
DCORAL [35]| 32.2 40.5 545 31.5 45.8 47.3 30.0 323 55.3 44.7 42.8 594 42.8
RTN [25]] 31.3 40.2 54.6 32.5 46.6 48.3 28.2 329 56.4 45.5 44.8 61.3 43.5
DAH [+1]| 31.6 40.8 51.7 34.7 51.9 52.8 29.9 39.6 60.7 45.0 45.1 62.5 45.5
MDDA [:5]| 35.2 444 57.2 36.8 52.5 53.7 348 37.2 62.2 50.0 46.3 66.1 48.0
DAN [25]| 43.6 57.0 67.9 45.8 56.5 60.4 44.0 43.6 67.7 63.1 515 74.3 56.3
DANN [10]| 45.6 593 70.1 47.0 58.5 60.9 46.1 43.7 68.5 63.2 51.8 76.8 57.6
JAN [29]| 459 61.2 68.9 50.4 59.7 61.0 45.8 43.4 70.3 63.9 524 76.8 583
CDAN-RM [24]| 49.2 64.8 72.9 53.8 62.4 62.9 49.8 48.8 71.5 65.8 56.4 79.2 61.5
CDAN-M [24]| 50.6 65.9 73.4 55.7 62.7 64.2 51.8 49.1 74.5 68.2 56.9 80.7 62.8
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Classification Accuracy

Table 4: Accuracy (%) on Office 31 datasets

Task A=W A-DW-AW-=DD-=A D-— W Average

SVM 815 809 734 966 70.6 95.1 83.0

INN 803 81.1 71.8 990 713 964 83.3
GFKI[!I] 781 785 71.7 980 689 952 81.7
GSM [54] 848 827 735 966 709 95.0 83.9
BDA [16] 770 793 703 97.0 68.0 932 80.8
JDA[26] 79.1 797 729 974 71.0 942 82.4
CORAL [37] 889 87.6 747 992 73.0 96.7 86.7
TJM[27] 79.1 81.1 729 96.6 71.2 94.6 82.6
JGSA [1Y] 81.1 843 765 990 758 972 85.7
ARTL [25] 925 918 769 996 77.1 975 89.2
MEDA [15%] 90.8 914 746 972 754 96.0 87.6
MDA [53] 940 926 776 992 787 969 89.8

DAN [23] 805 786 628 996 63.6 97.1 80.4
RTN [25] 845 775 648 994 66.2 96.8 81.6
DANN[I0] 82.0 79.7 674 99.1 682 96.8 81.6
ADDA [12] 86.2 778 689 984 695 96.2 82.9
CAN [50] 815 659 982 855 997 634 82.4
JDDA[5] 826 798 667 997 574 952 80.2
JAN[29] 854 847 700 998 686 974 84.3
GCAN [30] 8277 764 626 998 649 97.1 80.6




Best feature extraction layer

Task Output Softmax LFC P_LFC

Squeezenet [17] 42.0 42.0 44.4 -
Alexnet [21] 43.0 43.0 49.6 504
Googlenet [40] 53.0 53.0 62.9 64.2
Shufflenet [51] 45.9 45.9 53.5 54.7
Resnet18 [15] 49.5 49.5 59.2 62.0
Vggl6 [36] 47.8 47.8 57.1 58.3
Vggl9 [36] 48.4 48.4 58.0 594
Mobilenetv2 [35] 52.4 52.4 52.4 64.7
Nasnetmobile [55] 52.8 52.8 63.8 64.6
Resnet50 [15] 50.0 50.0 62.4 62.5
ResnetlO01 [15] 51.2 51.2 63.9 64.7
Densenet201 [16] 54.3 54.3 67.1 69.5
Inceptionv3 [41] 57.4 574 69.7 704
Xception [4] 59.4 594 72.0 723
Inceptionresnetv2 [39] 60.1 60.1 72.8 73.8
Nasnetlarge [55] 60.6 60.6 73.3 73.6
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Take home messages

Features from a higher-performing ImageNet-trained
model are more valuable than those from a lower-
performing model for unsupervised domain
adaptation

The layer prior to the last fully connected layer 1s the
best layer for feature extraction
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Conclusion & future work

We are the first to examine how features from many
different ImageNet models affect domain adaptation

Search the best architecture for feature extraction

Feature fusion
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Thank you!

Questions?
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