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Introduction

O Quick Preview

€ Unsupervised Domain Adaptation (UDA), especially Source-free Domain Adaptation (SFDA) has become a
promising technique to address the Out-of-distribution (OOD) issue of Deep Neural Networks (DNNS).

€ Most of existing methods require that source and target domain share the same label space.

€ To the best of our knowledge, we are the first to exploit and achieve the Source-free Universal Domain

Adaptation (SF-UniDA) with only a standard pre-trained closed-set model.
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Introduction

O Quick Preview
€ Unsupervised Domain Adaptation (UDA), especially Source-free Domain Adaptation (SFDA) has become a
promising technique to address the Out-of-distribution (OOD) issue of Deep Neural Networks (DNNS).
€ Most of existing methods require that source and target domain share the same label space.
€ To the best of our knowledge, we are the first to exploit and achieve the Source-free Universal Domain

Adaptation (SF-UniDA) with only a standard pre-trained closed-set model.
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Methodology

O Source-free Universal Domain Adaptation (SF-UniDA)
€ Source Model f;: X, — Y, pre-trained on Source Domain D..
¢ Target Domain D;: n, unlabeled data samples {x/, ?}:':1
@ Goal: Under both domain shift and category shift, i.e., Xy# X, Ys # Yy, using {xf, }Zl with £, to learn a
target model f;: Xy = Y;. f; Is able to identify “known” categories specified in f;, and reject “unknown”

categories not involved in f.
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Methodology

O Global and Local Clustering (GLC)
€ Global Clustering: Global adaptive one-vs-all clustering for pseudo labeling.

€ Local Clustering: Local KNN consensus clustering to alleviate negative transfer.

Adaptive one-vs-all global clustering
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Methodology

 Global one-vs-all clustering
€ Existing solutions: Assigning pseudo labels based on sample-level prediction with argmax operation, or introducing
feature prototype with weighted k-means clustering. Only applicable to closed-set setting.
€ How to achieve pseudo labeling with inconsistent label space?

» To accommodate the unknown categories, given a specified “known” category, we need to figure out what is and
what is not the category.

» Introducing one-vs-all clustering, we convert the K-way classification task to K times binary classification. For a
particular category, we aggregate the Top-K sampled instances as the positive prototype for this category, and
apply K-means for the rest instances to construct negative prototypes.

» To achieve adaptive clustering, we first estimate the number of categories involved in target domain with the

assistance of the Silhouette metric. Besides, we design a strategy to filter out source-private categories.



Methodology

O Local KNN consensus clustering
€ Limitations of pseudo labeling: Due to the presence of both domain and category shift, there are still a lot of
mis-assigned pseudo labels.
€ How to alleviate the negative transfer caused by those incorrectly assigned pseudo labels?
» Data samples that are close to each other in the embedding manifold space should contain similar semantics.
O Existing works have applied this mechanism to the closed-set setting, e.g., SFDA. We find that it is also
beneficial for SF-UniDA in cases involving “unknown” categories.

Local K-NN consensus clustering
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Methodology

O Optimization and Inference

€ Optimization objective:
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O Setup
€ Datasets: Office-31, Office-Home, VisDA, and DomainNet.
€ Setting: Partial-set Domain Adaptation (PDA), Open-set Domain Adaptation (OSDA), and Open-partial
Domain Adaptation (OPDA).

- 2XACCynXACC
€ Metrics: Hscore = uknXACCnw

ACCypntAccinw

Table 3. Details of class split. Here, ), Vs, and ); denotes the
source-target-shared class, the source-private class, and the target-
private class, respectively.
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@ C@ é% @ % rv:, . Office-31 [42] 10/10/11 10/0/11 10/21/0
f !. .ﬁgu@ i S Office-Home [ 53] 10/5/50  25/0/40  25/40/0
VisDA [39] 6/3/3 6/0/6 6/6/0
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J Results

€ OPDA Setting

» On the VisDA benchmark, our GLC outperforms the SOTA by 14.8% H-score.

» On the DomainNet benchmark, our GLC outperforms the SOTA by 3.0% H-score.

Table 2. H-score (%) comparison in OPDA scenario on Office-31, VisDA, and DomainNet. Some results are cited from UMAD [23].

Office-31 VisDA DomainNet
Methods SEOPDAOSDA PDA" \op A2w D2A D2W W2A W2D Ave| S2R |P2R P2S R2P R2S S2P S2R Ave
UAN[7] X/ X X |597 586 60.1 706 603 714 635| 348 419 390.1 43.6 387 389 437 41.0
CMU[II] X X X | 681 673 714 793 722 804 73.1| 329 |50.8 45.1 522 456 448 51.0 483
DCC20] X v /o v/ |885 785 702 793 759 88.6 802| 430 |569 43.7 503 433 44.9 562 492
OVANet[39] X v /X |858 794 80.1 954 840 943 865| 53.1 |560 47.1 517 449 47.4 572 507
GATE[]] X /v |877 816 842 948 834 941 87.6| 564 |57.4 487 528 47.6 49.5 563 52.1
Source-only v - i - 1709 632 39.6 773 522 864 649| 257 |573 382 47.8 384 322 482 437
SHOT-0[2] v X /X |735 672 593 883 77.1 844 750| 440 |350 30.8 372 283 31.9 322 326
UMAD[3] v v /X |791 774 874 907 904 972 87.0| 583 |59.0 443 50.1 42.1 32.0 553 47.1
GLC oo /v |815 845 898 904 884 923 87.8| 73.1 |63.3 505 549 509 49.6 61.3 55.1
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J Results

€ OSDA Setting
» On the VisDA benchmark, GLC outperforms UMAD by 5.3% H-score.

» On the Office-Home benchmark, GLC outperforms UMAD by 3.4% H-score.

Table 4. H-score (%) comparison in OSDA scenario on Office-Home, Office-31, and VisDA. (Best in red and second best in blue)

Office-Home |Office31 | VisDA
Methods — SF OPDA OSDA PDA| \ 101 Ar2Pr Ar2Re CI2Ar CI2Pr CI2Re Pr2Ar Pr2Cl Pr2Re Re2Ar Re2Cl Re2Pr Avg| Avg | Avg
OSBP[411] X X / X |551 652 729 643 647 706 632 532 739 667 545 723 647 837 | 523
ROS[2] X X /X |601 693 765 589 652 686 606 563 744 688 604 757 662| 859 | 66.5
CMU[II] X v X X [550 570 590 593 582 606 592 513 612 619 535 553 57.6| 652 | 54.2
DANCE[3] X v v/ /|65 90 99 204 104 92 284 128 126 142 79 132 129 798 | 67.5
DCC[20] X v/ 7/ |561 675 667 496 665 640 558 530 705 616 572 719 61.7| 727 | 59.6
OVANet[39] X v/ X | 586 663 699 620 652 686 398 534 693 687 596 667 640 917 | 66.1
GATE[7] X v / / |638 705 758 664 679 717 673 615 760 704 618 751 69.0| 895 | 70.8
Source-only v - - - | 461 633 729 428 540 587 478 361 662 608 453 682 552| 69.6 | 29.1
SHOT-O[22] v X v/ X 377 418 484 564 398 409 60.0 415 497 618 414 436 469 775 | 28.1
UMAD[}] v v v/ X | 592 718 766 635 69.0 719 625 546 728 66.5 579 707 664| 89.8 | 66.8
GLC V O/ 7/ / |653 742 790 604 716 747 637 632 758 671 643 77.8 69.8] 890 | 72.5
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J Results

€ PDA Setting
» GLC achieves the competitive results compared to methods specially designed for PDA.

» GLC achieves the SOTA performance compared to existing universal methods.

Table 5. Accuracy (%) comparison in PDA scenario on Office-Home, Office-31, and VisDA. (Best in red and second best in blue)

OfficeHome | Office31 | VisDA

Methods — SF OPDA OSDA PDA) 51501 Ar2Pr Ar2Re CI2Ar CI2Pr CI2Re Pr2Ar Pr2CI Pr2Re Re2Ar Re2Cl Re2Pr Avg| Ave | Ave

ETN [0] X X X v 1592 770 795 629 657 750 683 554 844 757 577 845 704 96.7 59.8
BA3US [25] X X X v | 60.6 832 884 718 728 834 755 616 86.5 793 628 86.1 76.0f 97.8 | 549
DANCE [38] X v v | 53,6 732 849 708 673 826 700 509 848 77.0 559 381.8 7I.1| 86.0 | 73.7
DCC [20] X v vV | 542 475 575 838 716 862 637 650 752 855 782 82.6 709| 933 72.4
OVANet [39] X v/ v X | 341 546 721 424 473 559 382 262 61.7 567 358 689 495 74.6 | 343
GATE [7] X Vv v v | 558 759 853 736 702 830 721 595 847 79.6 639 838 740 93.7 75.6
Source-only v - - - | 459 692 81.1 557 612 648 60.7 41.1 758 705 499 784 629 878 | 428
SHOT-P [22] v X X v | 647 851 90.1 751 739 842 764 64.1 903 80.7 633 855 77.8| 922 | 74.2
UMAD [23] v v X | 51.2 665 79.2 63.1 629 682 633 564 759 745 559 783 663 89.5 68.5
GLC oo/ v v/ [ 559 790 875 725 71.8 827 749 417 824 773 604 843 725 94.1 76.2
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O Performance Analysis
€ Ablation and Robustness Analysis
» Ablation study demonstrates the effectiveness of our global and local clustering.

» Additional experiments varying the number of unknown categories in target domain support the robustness

of our algorithm.

CMU OVANet UMAD GLC

95 85
90 80
Table 6. Ablation Study. Results for OPDA on Office-31, Office- ;\-.;85' 7
Home, and VisDA with different variants of GLC. %'80’ 70
% 751 65
Method Office-31 Office-Home VisDA 0 60
Source model 64.9 60.9 25.7 65 3
GLC (w/o L) 86.1 74.8 66.0 O 20 0 4 s P10 20 30 40 30
i Unknown classes Unknown classes
GLC (wio £7) 87.4 67.2 573 | |
GLC (full) 87.8 75.6 73.1 (a) Ar —»Re in OPDA (b) Cl - Prin OPDA

Figure 4. H-score (%) of OPDA when varying the number of
unknown classes in Office-Home. GLC shows stable and much
superior performance against existing methods.
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O Performance Analysis

€ Hyper-parameter Analysis

» All kinds of hyper-parameters analysis results show that GLC is not sensitive to hyper-parameter selection.
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Figure 3. Analysis of GLC. (a-b) present the hyper-parameter sensitivity of 77 and p on Office-31 in OPDA. (c) plots the H-score with
respect to w on Office-Home in OPDA. (d) shows the H-score curves on VisDA in OPDA during the training process. Here GLC (w/o glb)
refers to GLC w/o £9*" and GLC w/o knn denotes GLC w/o L£1°¢.
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O More results
€ CLDA setting
» Most existing methods designed for category shift are not applicable to the vanilla closed-set DA (CLDA) setting.
» GLC is also applicable to the CLDA, and even outperforms methods specifically designed for CLDA.

Table 1. Accuracy (%) comparison in CLDA scenario on Office-Home and Office-31. (Best in bold)

Office-Home | Office-31
|Ar2C1 Ar2Pr Ar2Re CI2Ar CI2Pr CI2Re Pr2Ar Pr2Cl1 Pr2Re Re2Ar Re2Cl Re2Pr Avg‘ Avg

Methods SF OPDA OSDA PDA CLDA

CDAN[IO] X X X X v 490 693 745 544 660 684 556 483 759 684 554 805 63.8| 86.6
MDD [Z6] X X X X v 549 737 778 60.0 714 718 612 536 781 725 60.2 823 68.1| 88.9
UAN [23] X Vv X X X 45.0 636 71.2 514 3582 632 526 409 710 633 482 754 3587| 844
CMU [3] X Vv X X X 428 656 743 581 63.1 674 542 412 738 669 480 787 612 799
DANCE[I5] X / v X X 543 759 784 648 721 734 632 530 794 73.0 582 829 69.1| 855
DCC [0] X v v v X 354 614 752 457 59.1 627 439 309 702 578 41.0 779 551| 874
OVANet [16] X v X X 345 558 67.1 409 528 569 354 262 618 538 354 708 493 704
Source-only v - - - - 448 674 742 530 633 651 537 405 735 656 463 783 605 78.8
UMAD[¥] v / v X X 48.0 65.1 730 586 653 679 582 473 740 694 530 778 63.1| 81.7
GLC o/ v v X 512 760 799 654 78.6 787 656 541 81.6 709 584 842 704 &8.1
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O More results
€ Real-world applications
» In addition to experiments on standard computer science benchmarks, we have also validated the effectiveness

of GLC in realistic applications. Results are included in the Appendix of our paper.
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Conclusion

1 Conclusion

» To the best of our knowledge, we are the first to exploit and achieve the Source-free Universal Domain

Adaptation (SF-UniDA) with only a standard pre-trained closed-set model.

» We propose a generic global and local clustering technique (GLC) to address the SF-UniDA. The

global one-vs-all clustering can achieve pseudo labeling under various category-shift.

> Extensive experiments on four standard benchmarks demonstrate the superiority of GLC. Remarkably,
in the open-partial-set DA (OPDA) situation, GLC attains an H-score of 73.1% on the VisDA
benchmark, which is 14.8% and 16.7 higher that UMAD and GATE, respectively.
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Thanks for you watching!

If you have any further question or require any further information, please feel free to

contact me. Email: 2011444@tongji.edu.cn ; Wechat I1D: sanqing2020

Code is already available at https://github.com/ispc-lab/GLC

Ad: We also published a paper on single domain generalization titled “Modality Agnostic

Debiasing for Single Domain Generalization” in CVPR-2023.
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