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Background

« Domain adaptation (DA) aims to transfer knowledge from label-rich source
domains to label-scare target domains where domain shift exists.

= learn domain-invariant feature representations
— moment matching methods
— adversarial learning methods
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Background

* The most essential challenge of DA is how to find a suitable utilization of
iIntra-domain information and inter-domain information to properly align
target samples.

— discriminate data samples of different categories within a domain to the
greatest extent possible (intra-domain, discriminability)

—> |learn transferable features across domains with the existence of domain
shift (inter-domain, transferability)
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Background

» Adversarial learning methods implicitly mitigate the domain shift by driving
the feature extractor to capture indistinguishable features and fool the
domain classifier.

« Remarkable transferability of some adversarial learning DA models is
enhanced at the expense of worse discriminability.

= Trade-off between transferability and discriminability
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SPA Framework

* Dynamic graph construction
« Graph spectral alignment
* Neighbor-aware propagation
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SPA Framework

Lcls — Lcross entropy (C(F(xs))r YS)
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SPA Framework

Logy = log[D (F(xs))] + log[1 — D(F(x¢))]
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SPA Framework
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SPA Framework

--------------------------------

* Dynamic graph construction
« Graph spectral alignment
* Neighbor-aware propagation
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SPA Framework

--------------------------------

* Dynamic graph construction
« Graph spectral alignment
* Neighbor-aware propagation
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Dynamic graph construction

* By constructing graphs based on images or text data, both intra-domain
relations and inter-domain relations can be exploited.

 Our self-correlation graphs are constructed on source features f, = F(xy)
and target features f; = F(x;) respectively.

— Source domain graph G, = (V,, &)
— Target domain graph G; = (V;, &;)

? Inter-domain information
? Intra-domain information
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Graph spectral alignment

* To align the distributions of the source and target domains, we prefer
implicit graph alignment, avoiding multiple stages of explicit graph matching.

* Inspired by graph Laplacian filters, we propose the definition of spectral
distances, projecting domain graphs into eigenspaces and aligning these
graphs based on their eigenvalues.

Definition 1. (GRAPH LAPLACIANS [77]). Let G = (V, €) be a finite graph with vertices )V and
weighted edges €. Let ¢ : V — R be a function of the vertices taking values in aringand vy : £ — R
be a weighting function of weighed edges. Then, the graph Laplacian A acting on ¢ and ~y is defined

by
(Ap)(W) = > Yuwd(v) — d(w)]

w:d(w,v)=1

where d(w,v) is the graph distance between vertices w and v, and ,,, is the weight value on the
edge wv € €£.
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Graph spectral alignment

Definition 2.| (SPECTRAL DISTANCES) | Given two simple and nonisomorphic graphs G¢ and
G on n vertices with the spectra of Laplacians Ay = {3}, with \§ > \§ > --- > A\S and

Ay = {2 with Ay > X5 > -« > AL respectively. Define the spectral distance between G and
G as

U(QSagt) — HAS - At“pa p=>1

* The graph spectral alignment penalty is defined as L, = o(Gs, G;), which
measures the discrepancy of two graphs on spectrum space.

* Minimizing this penalty decreases the distance of source domain graphs
and target domain graphs.

v’ inter-domain information
? Intra-domain information
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Neighbor-aware propagation

* The well-trained source domain naturally forms tight clusters in the latent
space. After aligning via the aforementioned graph spectral penalty, the rich
topological information is coarsely transferred to the target domain.

« We perform further fine-grained intra-domain alignment by encouraging
message propagation within the target domain graph.

» The normalized probability g; . is yielded from voted probability q; . = ¥ pj,
where p;" denotes sample probability stored in the memory bank

1
Lpap = —a ﬁz 4iy; log Piy;
=

v inter-domain information
v intra-domain information
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Transferability vs. Discriminability
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Experiments

Method | C-P C—+R C—=S P—=C P—=R P—=S R—=C R—=P RS S—=C S—=P S—=R | Avg
Source Only 327 506 394 41.1 568 350 486 488 361 490 348 461 | 433
DAN 388 552 439 459 590 408 508 498 389 561 459 555 | 484
DANN 379 543 444 417 556 368 507 508 401 550 450 545 | 472
BCDM 385 532 439 425 545 385 519 512 40,6 537 460 534 | 473
MCD 375, 529 440 446 545 416 520 515 397 555 446 520 | 475
ADDA 38.4 541 4.1 435 567 392 528 513 409 550 454 545 | 48.0
CDAN 399 556 459 448 574 407 563 525 442 551 431 532 | 491
MCC 40.1 565 49 469 577 414 56.0 537 406 582 451 559 | 497
JAN 405 567 451 472 599 430 542 526 419 566 46.2 555 | 500
MDD 429 595 475 486 594 426 583 537 462 587 465 577 | 518
SDAT 415 575 472 475 580 418 567 536 439 587 481 571 | 51.0
Leco 44.1 553 485 494 575 455 588 554 468 613 51.1 577 | 526
SPA (Ours) | 543 709 561 593 715 518 646 596 521 660 574 706 612

« DomainNet for inductive UDA

« SPA consistently outperforms than various of DA methods with the average
accuracy of 61.2%, which is 8.6% higher than the recent work Leco,
demonstrating the superiority of SPA in this inductive setting.
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Experiments

Method |AC A=P A—=R C—=A C—=P C—=R P—=A P—=C P3R R—=A R—C R—P | Ave
Source Only 349 500 580 374 419 462 385 312 604 539 412 599 | 46.1
DANN 456 593 70.1 470 585 609 461 437 685 632 S18 768 | 576
CDAN 507 706 760 576 700 700 574 509 773 709 567 816 | 65.8
BSP [0] 520 686 761 580 703 702 586 502 716 722 593 819 | 663
NPL 541 741 784 633 728 740 617 510 789 719 566 819 | 682
GVB 570 747 798 646 741  T46 652 551 810 746 597 843 | 704
MCC 563 773 803 670 711 770 662 551 812 735 574 841 | 71.0
BNM 567 775 810 673 763 771 653 551 820 736 570 843 | 7LI
MetaAlign 593 760 802 657 747 751 657 565 816 741 6l.1 852 | 713
ATDOC 583 788 823 694 782 782 611 560 827 720 582 855 | 722
FixBi 581 773 804 677 7195 781 658 519 817 764 629 867 | 727
SDAT 582 771 822 663 7116 7168 633 570 822 749 647 860 | 722
NWD [7] 581 796 837 6717 719 787 668 560 819 739 609 86.1 | 72.6
SPA (Ours) 60.4 797 845 736 813 821 722 580 852 774 610 881 75.3

o OfficeHome for UDA

* This table shows the average accuracy of SPA is 75.3%, achieving the best
accuracy, which is 2.6% higher than the second highest method FixBi and 2.7%
higher than the recent work NWD
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SPA: A Graph Spectral Alignment Perspective for Domain Adaptation

v Propose a novel graph spectral alignment perspective for DA
v’ Balance inter-domain transferability and intra-domain discriminability
v Achieve SOTA performance in unsupervised DA and semi-supervised DA

Thanks!

Email: zhiging.xian/@zju.edu.cn

Wechat: hello_crownx

Github: https://github.com/CrownX/SPA
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