| ;7‘ National University ' §necﬁ%h9

- of Singapore

EE

Domain Adaptation with Auxiliary
Target Domain-Oriented Classifier

Jian Liang!, Dapeng Hu?!, and Jiashi Feng 2

1 National University of Singapore (NUS)
2 Sea AI Lab (SAIL)



Outline

* Background
* Method

* Experiments



Background

Figure 1: Test data
comes from the same
distribution as training
data!



Background

degraded performanc
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Figure 2: Test data and
training data come from
different distributions!



Background

* Unsupervised Domain Adaptation (DA)

@ Source Domain D;: ng labeled samples {xiy;}f‘:sl from Ps(X,Y);
o Target Domain D;: n; unlabeled samples {x},?}", from Pp(X,Y);

7=
o Goal: Use {z}}!"t, during training (transductive) and learn a good
classifier to get the values of 7 under domain shift (i.e., Ps # Pr).

Detection

Credit to Gabriela Csurka,
TaskCV-2019 talk.

Re-identification Control Visual Localization



Background

Previous DA Methods - (I) Input-level Pixel Transfer
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Figure 3: Cycle-consistent adversarial adaptation (CyCADA) ! overview.
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' Homan, Judy, et al. "CyCADA:
Cycle-Consistent Adversarial
Domain Adaptation." In ICML 201R&.

Accuracy on target
Source-only: 67.1%
Adapted (ours): g9p.4%




Background

Previous DA Methods - (II) Feature-level Alignment
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orwardprop backprop (and produced derivatives)

2 Ganin, Yaroslav, and Victor
Lempitsky. "Unsupervised Domain
Adaptation by Backpropagation." In
ICML 2015.

Figure 4: Unsupervised Domain Adaptation by Backpropagation (DANN) ? overview.
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3 Long, Mingsheng, et al. "Learning
Transferable Features with Deep

Adaptation Networks." In ICML
Figure 5: Deep Adaptation Networks (DAN) 3 overview. 2015. Nq 3
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Background

Previous DA Methods - (III) Output-level Regularization
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Figure 6: Maximum classifier discrepancy (MCD) 4 overview.

Or exploit the low-density separation principle:

entropy minimization
pseudo-labeling / self-training
virtual adversarial training

consistency regularization

4 Saito, Kuniaki, et al. "Maximum
classifier discrepancy for unsupervise4
domain adaptation." In CVPR 2018.
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Method - Framework
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v We argue that the degraded
performance on the target
domain mainly results from the
bias learned in the classifier.

v' To address this, we propose a
new pseudo-labeling framework
termed Auxiliary Target
Domain-Oriented Classifier
(ATDOC) for DA problems.



Method — Details of ATDOC-NC
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v’ Pseudo labels are obtained via

nearest centroid classifier (NC).

Updating centroids:
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Obtaining pseudo labels:

i; = arg min;i L d (C{:;r‘.f-_), r:;-”] ci=1,2--- N,

Loss function:
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Method — Details of ATDOC-NA
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v Pseudo labels are obtained via

neighborhood aggregation (NA).

Updating memory bank:

Class balancing
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Obtaining pseudo labels:
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Experiments

* Results for Closed-set Unsupervised DA

Table 3. Accuracy (%) on Office-Home for closed-set UDA (ResNet-50).

Method Ar—Cl Ar—Pr Ar—Re Cl—Ar Cl—+Pr Cl—Re Pr—Ar Pr—Cl Pr—Re Re— Ar Re—Cl Re—Pr Avg.
ResNet-50 [25] 49 663 743 518 619 636 524 3910 712 638 459 772 594
MinEnt [22] 510 719 771 el 691 7001 593 487 77.0 704 530 8L0O 658
BNM [16] 567 775 810 673 763 771 653 551 820 736 57.0 843 711
MCC [20] 563 773 803 670 770 770 662 551 BL2 735 574 B84l 710
Pseudo-labeling 541 741 784 633 728 740 617 510 789 719 566 BlY9 682
ATDOC-NC 544 776 808 665 756 758 659 519 BLl 727 57.0 835 702
ATDOC-NA 583 788 823 694 782 782 671 560 827 720 582 855 722
CDAN+E [+4] 546 741 781 630 722 741 616 523 791 723 573 H2E 685
+ BSP [V] 571 734 775 e42 TIR 743 640 567 81O 734 591 833 69.6
+ BNM[16] 581 772 81.1 675 753 772 655 568 B26 741 599 846 TLT
+ MCC [30] 589 776 807 670 751 771 658 568 822 739 598 845 Tl6

+ Pseudo-labeling 573 766 792 666 740 Teb6 661 536 BlO0 743 589 842 T09
+ ATDOC-NC 559 763 803 638 757 764 639 537 EL7 TLe 577 833 T0.0
+ ATDOC-NA 60.2 778 822 685 T86 779 684 584 831 748 615 872 732

SAFN [76] 520 717 763 642 699 718 637 514 771 709 571  8lL5 673
CADA-P [35] 569 764 807 e6l3 752 752 632 545 807 739 615 B4l 0.2
DCAN [42] 545 757 812 674 740 T63 674 527 806 741 591 835 T05

SHOT [45] 571 781 815 680 782 781 674 549 822 733 588 843 718




Experiments

* Results for Semi-supervised DA

Table 4. Accuracy (%) on DomainNet-126 for Semi-supervised DA (SSDA) using a ResNet-34 backbone.

Method C—85 P—C P—+R R—=C R—P R—+35 5—=P Average
l-shot 3-shot 1-shot 3-shot l-shot 3-shot 1-shot 3-shot I-shot 3-shot 1-shot 3-shot 1-shot 3-shot 1-shot 3-shot
ResNet-34 [15] 548 579 592 630 737 Ti6 612 639 645 663 520 560 604 622 608 636
MinEnt [27] 563 6ls 677 712 760 TR 660 Tle 689 704 600 635 629 660 654 689
MCC [20] S8 605 628 665 7533 7RSS 655 672 669 6.1 576 598 634 650 640 662
BNM [14] 584 626 694 727 700 795 698 73T 698 712 614 651 6401 676 671 703
Pseudo-labeling 625 645 676 707 T3 793 709 729 @92 707 620 648 670 686 682 702
ATDOC-NC 581 622 658 702 769 TJRT7 692 723 698 706 604 650 655 6B1 665 696
ATDOC-NA 65.6 667 28 742 812 81.2 749 769 713 725 652 646 687 TOE 714 724
MixMatch [ 7] 593 627 667 687 T48 TRE 694 726 678 6BE 625 656 663 671 667 692

w/ Pseudo-labeling 596 626 675 696 748 TR6 700 T30 686 693 632 639 666 673 672 695
w/ ATDOC-NC 60.2 634 652 695 T30 TRY 684 T30 68T VOl 609 645 653 671 662 695
wi ATDOC-NA 64.6 659 707 722 803 SO8 F400 752 702 V12 65T 677 685 694  Flo  TIE

MME [5Y] 563 618 690 TJ1L7 76l 7RSS 700 T2 677 697 610 619 648 668 664 6RY
BIAT [2Y] 579 6Ly Tle e T7I0 TR6 T30 749 630 6E8 585 621 639 675 67.1 697
Meta-MME [4(1] - Hl.8 - T2.8 - 79.2 = T35 = T0.3 . 63.8 = 68.0 = 0.1

APE 7] 56,7 631 729 767 Tbe 794 704 Yoe 08 Y21 630 678 645 660 67.6 T




Experiments

* Results for Partial-set Unsupervised DA

Table 5. Accuracy (%) on Office-Home for Partial-set UDA (PDA) using a ResNet-50 backbone.

Method Ar—Cl Ar—Pr Ar—Re Cl—Ar Cl—Pr Cl—Re Pr—Ar Pr—Cl Pr—Re Re—Ar Re—Cl Re—Pr Avg.
ResNet-50[25] 435 678 789 375 562 622 58.1 407 749 65.1 46.1 763 60.9
MinEnt [27] 457  T33 2.6 646 662 T30 660 524 TRT T4.8 36.7 508 67.8
MCC [20] 54.1 75.3 79.5 639 663 TLE 633 551 78.0 704 557 76.7 67.5
BNM [16] 546 T2 81.1 649 679 T2ZE 626 557 794 7.5 34.7 77.6 68.2

Pseudo-labeling 519 70.7 7.5 617 624 67.8 629 541 73.8 T70.4 36.7 750 654
ATDOC-NC 59.5 80.3 838 1.8 716 9.7 T0.6 594 B22 78.4 61.1 Bl 733
ATDOC-NA 6Ll 76.9 34.5 728 T71.2 50.9 739 618 83& 77.3 6.4 804 739

ETM [6] 502 T 79.5 629 637 750 683 554 844 757 37T 84.5 705
SAFN [70] 589  T63 B8l.4 T04 730 TIE 724 553 BD4 75.8 il 799 T1.8
RTNetya. [12]  63.2 800 80.7 66.7 693 77.2 71.6 539 8B40 77 379 B35 723




Experiments

* Results for Semi-supervised Learning (SSL)

Table 6. Accuracy (%) on Office-Home and DomainNet-126 for
scarce-labeled SSL (ResNet-50).

Drataset Office-Home DomainMNet-126

Method Ar Cl Pr Re Avg. C P R 5 Avg
ResNet-50 [25] 48.7 42.1 68.9 66.6 566 41.6 46.2 664 333 469
MinEnt [22] 51.7 445 72.4 689 594 438 486 688 354 492
MCC [30] 589 477 774 743 646 457 495 709 385 512
BNM [ 6] 5000 46.0 765 71.5 632 448 472 699 355 494
Pseudo-labeling 47.3 414 71.4 66.1 566 41.0 463 725 331 482
ATDOC-NC 56.0 434 766 729 622 456 51.5 72.2 352 51.1
ATDOC-NA 59.1 46.6 78.4 759 65.0 54.7 60.0 75.5 386 57.2
MixMatch [ 3] 52.2 41.9 731 69.1 539.1 41.2 387 643 342 446

w/ Psendo-labeling 53.4 42.5 72.6 695 539.5 404 39.1 64.7 34.1 44.6
w/ ATDOC-NC 34.6 444 7277 71.0 60.7 41.2 383 634 344 443
w/ ATDOC-NA 36.4 483 TAT 752 63.6 499 514 728 0.8 537




Summary

v we propose ATDOC, a new framework to combat classifier bias that provides a

new perspective of addressing domain shift.

v we exploit the memory bank and develop two types of non-parametric classifiers,

not involving complicated network architectures with extra parameters.

v despite its simplicity, ATDOC achieves competitive or better results than prior
state-of-the-arts under a variety of DA settings, e.g., PDA and SSDA.

v we study an SSL setting with only a few annotated data points available and find
ATDOC performs better than other SSL techniques even without domain shift.



Thanks for listening!

* If you require any further information, feel free to contact me.
M Email: liangjian92@gmail.com

* Code 1s available at https://github.com/tim-learn/ATDOC/.
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