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Open-Set Domain Adaptation " B

TELLIGENCE LAB

* (Unsupervised) Domain Adaptation

We train a model to get high accuracy on the unlabeled target domain by leveraging the fully
labeled source domain knowledge.

* Open-Set Domain Adaptation :
However, in a realistic scenario, the target domain may have additional classes called “Open-Set”.

Domain Adaptation where the target domain contains unknown classes. Unknown
. Objective: Source @ A Target-known Target-Unknown Qy»
No  Classify
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Open-Set Domain Adaptation Setting
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- Domain Adaptation
» Target Classification Error < Source Classification Error + Distribution Matching

- Domain Adversarial Learning

» The adversarial framework adapts the feature extractor ¢ toward indistinguishable feature
distributions between the source and the target domain by the minimax game with domain
discriminator D.

Domain Discriminator: D(G(x)) = [Ds(G(x)), D¢(G(x))]

Feature Extractor G(x) Discriminator D
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Preliminary J¥/4n

TAL INTELLIGENCE LAB

- Domain Adaptation
» Target Classification Error < Source Classification Error + Distribution Matching

Source O A

- Domain Adversarial Learning Target @& A

- The minimax game is formalized as

rréign max —La(6,0a) = —Exp 0| —108 Ds (G (0))| — Exp, oy [~ 10g D (G (x))]

K
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Preliminary J¥/4n

* Open-Set Domain Adaptation
« Target domain contains “Unknown” classes.

- Domain Adversarial Learning to Open-Set Domain Adaptation

It enforces to include the target-unknown features in the distribution matching.
— performance degradation by negative transfer.
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Methodology 49/ 4n

Domain Adversarial Learning is essential part for feature distribution matching.

For Open-Set Domain Adaptation, the existing approaches of Domain Adversarial
Learning is not applicable directly due to the existence of target-unknown features.

Domain Adversarial Learning should be designed simultaneously
to align source and target-known and to segregate target-unknown features.

Therefore, we propose Unknown-Aware Domain Adversarial Learning (UADAL)
for Open-Set Domain Adaptation.
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Methodology ' ‘l

- Unknown-Aware Domain Adversarial Learning

- Domain Discriminator should be able to identify three domain types:
Source (s), Target-Known (tk), and Target-Unknown (tu)

D(G(x)) = [Ds(G(x)), Dy (G (%)), D1 (G ()]

 Domain Discrimination Loss

Ld(eg: Hd) — [Ex~ps(x) [_ log DS(G(x))] + IEx~p,;(x) [_Wx log Dtk(G(x)) _ (1 _ Wx) log Dtu(G(x))]

Feature Extractor G(x) Discriminator D

(dad\ |, || 44

— Source

> Target-Known

— Target-Unknown

Feature

w, = p(known|x;)
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Methodology 49/ 4n

- Unknown-Aware Domain Adversarial Learning

Domain Discriminator should be able to identify three domain types:
Source (s), Target-Known (tk), and Target-Unknown (tu)

D(G(X)) — [DS(G(X)), Dtk(G(x))i Dtu(G (X))]

Domain Discrimination Loss
Ld (Hg: Hd) = [Ex~p5(x) [_ lOg DS(G(X))] + IIE:x~p,;(x) [_Wx log Dtk(G(x)) _ (1 _ Wx) log Dtu(G(x))]
L£5(6,,64) decompose > Ly = LF(6,,04) + L5(6,,604)

Sequential Optimization

r%inLD(Gg,Qd)z,Cfl( ,0q) + LY(0,,04) + LE(8,,604)
d

r%EXLG(Hg,Hd) L£5(64,04) +LY(0,,04) — LE(6,,04)
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Methodology ' ‘l

- Unknown-Aware Domain Adversarial Learning
Sequential Optimization

min L (8, 0a) = £3(0g,04) + L3 (6, 0a) + Lg" (65, 0a)
d

[maxL( ,04) = L3(6,,64) +L5(60,,64) — LF(64,64) }

ps(z)  Aubek(2) Awubu(2) Pavg (2) = (ps(2) + Ak Pk (2) + AP (2))/ 2,
2Pavg (2) , 2Pavg (2) , 2Pavg(2) ’ z = G(x) with fixed G.

D*(z) = [

/ r%in —Lg (Hg' 9:1 ) = D1, (ps | pavg) + Aex Dk (ptk I pavg) — AeuDk1, (ptu | pavg) + CO\

g
Alignment on s and tk. Segregation on tu.
P V e~ P D > (Pre )
\ Ptk [Theorem 3.1.] /
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Methodology ' ‘l

* Open-Set Recognition
+ Motivation: Given Decision boundary on known-classes by the source domain,
Target-Known Instances —— Certain Classification Case — Low Entropy, ¢, |

Target-Unknown Instances — Uncertain Classification Case — High Entropy, £, T

» Posterior Inference

Ao ) By fitting Beta Mixture Model

W, = p(knownl|?,) = Aekp (il known) + A4, p (€, |lunknown)

+ Open-Set Classification
- Classifier C is the extended classifier with the dimensions including the unknown class, y, ..

Las(09.0) = ) LeeCEENYI+ Y (1= )Les(C60D)yum) + ) L (CGED))

(xs5,Ys)EXs XtEXt XtEXt

Source Classification Target Unknown Classification  Target Entropy Min.

(1 _Wx) T_>yunk T

KAIST Copyright © 2022 by JoonHo Jang, Dept. of Industrial and Systems Engineering, KAIST



Experimental Part

- Experimental Results

* We conducted the experiments on Office-31 and Office-Home with three backbone networks.
In order to show the robustness of the architecture choice.

KAIST
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Backbone (#)/ Office-31 Office-Home
Model | AW  AD D-W WD DA WA Avg, PR PCT FA AP AR AC RA RF RC CR CA CPFP Avg,
g DANN 632 727 926 948 637 572 | 74003 || 357 165 182 341 463 229 407 478 282 124 75 13.4 | 27.0+0.3
o CDAN 655 736 924 946 648 579 | T48x0.2 || 379 181 204 356 470 246 441 498 30.1 135 89 150 | 28.8x0.6
i} STA 583 0622 8lo6 796 o698 674 | 698x1.2 || 394 436 519 538 o606 495 3588 535 499 534 495 494 | 52.840.2
E OSBP 829 870 338 967 273 699 | 66.3+2.1 || 65.0 460 586 642 TI.0 540 583 625 503 637 507 556 | 58.3+1.6
- ROS 69.7 801 947 996 730 592 | 794%£03 || 669 449 537 625 695 500 62.0 67.0 520 612 505 547 | 57.9+0.1
< DANCE | 68.1 688 913 B850 685 633 | 742440 172 475 72 266 196 366 22 198 109 64 4.3 19.0 | 18.1+2.9
5 DCC 872 691 894 944 635 76l | 799x29 | 722 410 565 664 T57 528 3559 T3 499 604 481 608 | 593%x1.5
E UADAL | 875 883 974 969 741 o689 | 855+05 (750 300 629 664 741 527 75 726 536 653 0608 63.7 | 04.1+0.1
= | cUADAL | 865 891 973 980 725 710 | 857+0.7 || 747 544 642 663 739 508 714 73.0 524 653 610 633 | 64.240.1
= DANN T1.9 720 902 853 T3R8 723 | 77605 || 688 354 487 626 T19 453 628 687 459 622 470 547 | 562403
g CDAN 695 098 868 845 738 725 | 7Te2x02 || 689 392 519 o626 TI8& 471 636 0680 487 628 493 552 | 574403
= STA T77.0 686 840 772 766 751 | 7Te4x1.5 || 656 461 584 558 643 504 626 586 511 610 5360 559 | 57.1+0.1
= OSBP 819 83.0 889 966 T3l 749 | 83.1£22 || 719 460 603 671 723 545 659 717 537 668 593 641 | 62.8+0.1
- ROS 67.0 678 974 994 771 7T1.8 | 80.1x13 |[ 73.0 496 592 678 755 528 o664 746 543 648 530 578 | 62.4+0.1
E DANCE | 699 678 840 828 799 811 | 776403 |[ 51.8 510 597 639 582 582 434 489 550 413 546 60.6 | 53.94+05
El DCC 839 808 884 931 797 804 | 84413 |[ 751 466 580 708 786 5660 634 755 558 TL3I 550 633 642402
£ | UADAL | 860 823 967 992 779 742 | 86.0£06 ([ 75.7 455 615 700 769 573 715 7ol 604 700 601 672 [ 66.0+£02
B | cUADAL | 85.1 836 964 996 775 759 | 86.4+0.6 || 75.6 489 61.7 700 767 578 7L9 767 59.1 69.6 60.1 67.5| 66.3+0.3
DANN 68.1 TI5 867 825 73T V26 | 75905 || 698 446 563 652 TI.O 512 634 684 509 667 576 609 60.7+0.2
E CDAN 649 668 843 B0S5 727 710 | 734x13 || 697 472 586 651 707 529 660 676 527 671 5382 617 6144103
iy STA* 759 750 698 752 732 661 | 72508 || 695 532 619 540 683 558 67.1 645 545 668 574 604 | 61.1+03
a OSBP" 827 824 972 911 751 737 | 83704 || 739 532 632 652 729 551 667 723 545 706 643 647 | 6047£0.2
- PGL* 746 T28 765 722 695 700 | 726x15 || 416 466 472 456 558 293 114 525 0.0 456 100 368 35.2
T‘} ROS* 82.1 824 960 997 779 712 | 859x02 | 744 3563 606 693 765 601 688 757 o604 686 589 652 60.2+03
A DANCE | 669 707 B0.0 848 6358 702 | 73.1£1.0 || 41.2 557 542 498 394 531 275 440 483 302 409 459 | 442406
é* DCC* 87.1 835 912 §&7.1 855 844 860.8 640 528 595 674 806 529 360 627 Te9 670 498 66.0 64.2
OSLPP* §89.0 915 923 936 793 7T87 874 740 593 636 T28 743 610 672 744 590 T04 609 66.9 67.0
UADAL | 89.1 860 978 995 797 765 | 88.14+0.2 || 769 366 63.0 708 774 632 721 768 606 734 642 695 68.7+0.2
cUADAL | 90.1 879 982 994 805 751 [ 885+£03 || 76.8 546 629 7Jlo6 775 636 726 767 599 726 650 683 | 68.5+0.1
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Experimental Part

- Experimental Results
 Correlation analysis between the PAD on tk and tu and the evaluation metrics, HOS and UNK.
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Conclusion ' ‘.

We proposed Unknown-Aware Domain Adversarial Learning (UADAL) for Open-Set
Domain Adaptation.

The first approach to explicitly design the segregation of the target-unknown features (tu) in the
domain adversarial learning framework for Open-Set Domain Adaptation.

We design a new domain discrimination loss and formulate the sequential optimization
for the unknown-aware feature alignment.

By replacing a two-way domain discriminator with the three-way to handle tu information.
Providing theoretical analyses on the optimized state of the proposed feature alignment.

We evaluate UADAL on the benchmark datasets with varying the backbone networks.
Empirically, we demonstrated that better feature alignment for OSDA leads to the performances.
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Thank you

Contact: adkto8093@kaist.ac.kr
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