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Motivation

. —— F, Hyperspace —— F, Hyperspace O/\[] Labeled Data O/\[] Unlabeled Data
€ Data setting

Supervised Training Maximize Discrepancy

® Unsupervised Domain Adaptation:
= Rich labeled source samples
= Large unlabeled target samples

® Semi-supervised Domain Adaptation:
= Rich labeled source samples
= A few labeled target samples
= Large unlabeled target samples

Co-training Minimize Discrepancy




Motivation

¢ Goal
® |earning CNN on ViT

® Complement properties of CNN and ViT in capturing local and global
information

® Improve the quality and quantity of generated pseudo labels
® Allivate data bias toward the source domain

€ Solutions
® Builld a new hybrid framework
® Define new upper class-specific decision boundaries

® Co-training to improve the quality of pseudo labels and reduce knowledge
discrepancies




Proposed Method

€ Network Architecture
® ViT branch includes a ViT encoder E;(-,6g,) and a classifier F; (-0, )

® CNN branch includes a CNN encoder E,(+,0,) and a classifier F,(+,0F,)
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Figure 2. Illustration of a hybrid network with the proposed Finding to Conquering strategy. We use ViT to build E; that drives two
classifiers F7 and F5 to expand class-specific boundaries comprehensively. Besides, we select CNN for the second encoder F to cluster
target features based on the boundaries identified by ViT. These encoders all use two classifiers F1, F5.




Proposed Method

€ Training Strategy

® Step 1: Supervised Training on labeled samples
- Labeled source domain

DS T {( z 7yl, )}NS
Labeled target domain
N7,

Dy = {(=]" 9/}

Labeled set = labeled source domain + labeled target domain
(Notably, the labeled target domain is empty in UDA)
Dy =DsUDr

Supervised training for the ViT branch
N H(-) : the standard cross-entropy loss

sUu 1
Lol (Op,,0F,) = N ZH (yi. P (7)) o the softmax function
Supervised training for the CNN branch pi(x}) = o(Fi(Ei(x})))
py(x;) = o(Fa(Ea(})))
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Proposed Method

€ Training Strategy

® Step 2: Finding to Conquering (FTC) Strategy

Unlabeled target data

= (@] TN

Discrepancy Loss
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Finding Stage

Lfind(0F1 ) HFQ) Eigf Eiqﬂnfg_
- Conquering Stage
1
Econq(BEz) - Z d(ptljonq(‘r;r

pl"(x+) : the probability outputs of F; with ViT encoder
pl (27 : the probability outputs of F, with ViT encoder
P (x7): the probability outputs of F; with CNN encoder
Co’lq(:r::r ): the probability outputs of F, with CNN encoder

1 ~ 0 find, Tu\ _find, T,
N-—Tzd(pl (x;*),p3"" (x, ))




Proposed Method
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® Step 3: Co-training
- ViT branch teaches CNN branch Figure 3. [llustration of co-training strategy.
1
Eﬁiﬁgcnn(eEz ’ BFz) — N7 Z ]l[max(qf) > Tvit}H(Qf’pc(sztr))
vog=1
- CNN branch teaches ViT branch
| T
E?ﬁéawit(eEl ) 9F1) — N Z 1[max(q;) > Tcnn]H(dz‘Capv(ﬁz;s‘tr))
vo=1
® Inference Stage q; : pseudo label is generated by the ViT
g7 = argma:z:((Fg(Eg(:pT“ ")) p°(x],,): output prediction of the CNN branch
(2 (2
q; : pseudo label is generated by the CNN
p”(xzfs‘tT) : output prediction of the ViT branch




Experimental Results

€ Accuracy (%) on Office-Home of UDA setting

Method | A=C A—»P A—R C—A C—P C—=R P—A P—-C P—R R—A R—C R—P | Mean
DANN [5] 45.6 593 T0.1 47.0 58.5 60.9 46.1 437 68.5 63.2 51.8 76.8 57.6
MCD [30] 48.9 68.3 74.6 6l1.3 67.6 08.58 57.0 47.1 75.1 69.1 52.2 79.6 64.1
BNM [4] 52.3 739 0.0 633 729 749 6l1.7 49.5 79.7 70.5 53.6 §2.2 67.9
MDD [37] 549 73.7 T7.8 60.0 71.4 T1.8 61.2 53.6 78.1 725 60.2 82.3 68.1
MCC [12] 55.1 75.2 79.5 63.3 73.2 75.8 66.1 52.1 76.9 73.8 58.4 83.6 69.4
GVB [5] 57.0 74.7 79.8 64.6 74.1 74.6 65.2 55.1 81.0 74.6 59.7 843 70.4
DCAN [15] 54.5 75.7 81.2 67.4 74.0 76.3 67.4 52.7 80.6 74.1 59.1 83.5 70.5
DALN [2] 57.8 79.9 82.0 66.3 76.2 712 66.7 55.5 81.3 73.5 60.4 85.3 71.8
FixBi [22] 58.1 773 80.4 67.7 79.5 78.1 65.8 57.9 81.7 76.4 62.9 86.7 72.7
DCAN+SCDA [19] 60.7 76.4 82.8 69.8 T17.5 T8.4 68.9 59.0 82.7 749 61.8 84.5 73.1
ATDOC [20] 60.2 77.8 82.2 68.5 T8.6 719 68.4 584 83.1 74.8 61.5 87.2 73.2
EIDCo [35] 63.8 80.8 82.6 71.5 80.1 80.9 72.1 61.3 84.5 78.6 65.8 87.1 75.8
ECB (CNN) 68.5 854 88.3 79.2 86.8 89.0 79.3 66.4 88.5 81.0 71.1 90.4 81.2

Table 1. Accuracy (%) on Office-Home of UDA methods across different domain shifts. ECB (CNN) represents the performance of our
method when applied to ResNet-50. The top and second-best accuracy results are highlighted in bold and underline for easy identification.




Experimental Results

€ Accuracy (%) on DomainNet of SSDA setting

Method rel—clp rel—pnt pnt—clp clp— skt skt—pnit rel—skt pnt—rel Mean
lshot 35;h0t lsth 3SI]OI lshot 3shol 1s;hot 3s;th ]-shot 35h0t lshol 35;[101 1 shot 3shol ]-shot 35h0l
ENT [9] 652 710 659 692 654 71.1 546 600 59.7 621 521 61.1 750 786|626 67.6
MME [31] 70.0 722 677 697 690 717 563 618 648 668 61.0 619 76.1 785 | 664 68.9
S3D [35] 733 759 689 721 734 751 608 644 682 700 651 667 795 803|699 721
ATDOC [20] 749 769 713 725 728 742 656 667 687 708 652 646 812 812|714 724
MAP-F [24] 753 770 740 750 743 770 658 695 73.0 733 675 692 81.7 833 | 731 749
DECOTA [34] 79.1 804 749 752 769 787 651 686 720 727 69.7 719 796 815|739 756
CDAC [16] 774 796 742 751 755 793 676 699 710 734 692 725 804 819 | 73.6 76.0
ASDA [28] 77.0 794 754 76.7 755 783 665 702 721 742 709 72.1 797 823 | 739 76.2
CDAC+SLA [36] | 79.8 81.6 756 760 774 803 68.1 713 717 735 7177 735 804 825|750 769
ProML [11] 785 802 754 765 778 789 702 720 741 754 724 735 840 848 | T76.1 T4
MVCL [23] 788 798 760 774 780 803 708 73.0 751 767 724 744 824 85.1 | 762 78.1
G-ABC [17] 80.7 82.1 768 76.7 79.3 8l.6 720 737 750 763 732 743 834 839|772 784
ECB (CNN) 838 874 854 856 864 873 79.7 806 834 856 795 817 887 903 | 83.8 855

Table 2. Accuracy (%) on DomainNet of SSDA methods in both 1-shot and 3-shot settings using ResNet-34.




Analyses

€ Ablation Study
® “Quality and quantity of generated pseudo labels” and “"Comparison between

backbone settings”
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® Effectiveness of co-training
‘ rel—clp ‘ rel—pnt | pnt—clp | clp— skt ‘ skt—pnt | rel—skt ‘ pnt—rel ‘ Mean
Method | VIT CNN | ViT CNN | ViT CNN | ViT CNN | ViT CNN | ViT CNN | ViT CNN | ViT CNN
vit—cnn | 733 79.0 | 788 81.0 | 75.1 792 | 71.6 747 | 78.6 80.8 | 672 72.0 | 88.1 88.8 | 76.1 79.4
enn—vit | 742 619 | 76.8 668 | 76.1 674 | 695 572 | 749 646 | 674 548 | 860 76.1 |75.0 64.1

co-training ‘ 874 874 ‘ 858  85.6 ‘ 87.3 873 |80.7 80.6 ‘ 858 85.6 |81.7 81.7 ‘90.9 90.3 ‘85.? 85.5

Table 3. Ablation study on DomainNet between co-training and one-direction teaching under 3-shot settings.
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Analyses

& Visualization t-SNE

76 o Representations of CNN before using ECB 76 o Representations of ViT before using ECB
® real ® real
® sketch ® sketch
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Analyses

L 4
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Visualization t-SNE

_Representations of CNN after using ECB without FTC
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Representations of CNN after using ECB
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® sketch
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Analyses

€ Attention map visualization

| CNN (Before) | ViT (Before) | CNN(After) |  ViT (After)

Bird | CNN (Before) | | CNN (After) |

"

5

Table 4. Visualize the feature maps for the ‘Cannon’ and ‘Bird’
examples to investigate the learning behaviors of CNN and ViT
with and without using the proposed method ECB.
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