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Abstract

€ The Topic of this paper is Active Source Free Domain adaptation, which aims to produce
remarkable performance gains when a small set of informative target samples labeled by experts.

€ In this paper, we find the best informative samples are Minimum Happy Points that satisfy the
neighbor-chaotic, individual-difference and source-dissimilar.

€ e propose a novel MHPL framework to explore and
exploit the MH points with the neighbor environment
uncertainty, neighbor diversity relaxation, one-shot
querying, and neighbor focal loss.
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€ Extensive experiments verify that MHPL significantly Diferent methods
surpasses state-of-the-art active learning strategies Figure 2. The comparison of ASFDA baselines (SHOT [25] + *, *
and existing ASFFA methOdS. denotes the active strategy), ELPT, and our MHPL with 5% active

labeled target samples on Ar—Cl in the Office-Home.
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Introduction

B Source Free Domain Adaptation

v

Domain shift
Close-set

Trained source model Unlabeled target domain

Motivation of ASFDA

The SFDA setting faces a performance bottleneck with limited performance improvements due
to the absence of source data and target supervised information. Active source free domain
adaptation (ASFDA) can produce remarkable performance gains and breakthrough performance

bottlenecks when a small set of informative target samples labeled by experts.



Introduction

B Active Source Free Domain Adaptation (ASFDA)

Two factors must be considered to achieve significant performance gains in ASFDA:

v Exploring samples that, once labeled, will improve accuracy significantly;
v Exploiting limited active labeled target data well in adaptation.

However, these two factors cannot be achieved by existing method, ELPTI:

@ A #in (b) and (c): low-energy samples
@ A #in (b) and (c): high-energy samples

e ;. v'The prediction uncertainty (entropy) is
T ™\ supenvisin error-prone due to the miscalibrated
. source model.

v’ The pseudo-label noise of unlabeled
samples easily influence the effect of
standard cross-entropy loss on active

\f"‘gc;;v‘e';n‘.;;t;;.;.‘n“‘f‘ supersson - saMples.

_____________________

(a (b) ()

» Xinyao Li, et al, Source-Free Active Domain Adaptation via Energy-Based Locality Preserving Transfer, ACM Multimedia 2022: 5802-5810



Minimum Happy (MH) Points

In this paper, we find the best samples for ASFDA are Minimum Happy (MH) points that
satisfy the following three characteristics:

€ Neighbor-chaotic samples refer to uncertain ones with label-chaotic neighbors.
Annotating these samples can guide the learning of their confusing neighbors, bringing
significant performance gains.

€ Individual-different samples refer to diverse ones dissimilar to each other in selected
uncertain samples.

€ Source-dissimilar samples refer to those that are biased toward the target distribution.
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(a) Initial pseudo-labels (b) BVSB [14] (c) CoreSet [ 6] (d) MHPL

Figure 1. Feature visualization for the source model with 5% actively labeled target data on the C1— Pr task. Different colors in (a) represent
different classes of pseudo-labels by clustering. Blue blocks include easily-adaptive source-similar samples with label-clean neighbors that
can be learned well by SFDA methods. Red blocks include the hard-adaptive source-dissimilar samples with label-chaotic neighbors. In
(b), (c), and (d), the dark green indicates that the pseudo-label is consistent with the true label, and light blue indicates the opposite. The
red stars indicate the selected samples based on BVSB, CoreSet, and our MHPL.



Minimum Happy Points Learning

The Framework of our method MHPL is composed of two components: Minimum Happy Points Exploration
and Minimum Happy Points Exploitation.
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Minimum Happy Points Learning

€ Minimum Happy Points Exploration.

«  The neighbor environment uncertainty (NEU) is designed to explore neighbor-chaotic . , Heh . tow
samples, which combines the NP (describes the chaotic degree of neighbor labels E% | I I“’ | N I '

around a sample) and NA (describes how close a sample is to its neighbors) X ,gmf —
nei, or:pun

NEU(z) = NP(x) * NA(x) .

;

Sooooooo

ST TR

Sy, + ...+ Sy ,
ol Mo st Sy, € S (x)

. 2 u3 b ...a.

K
where NP(z) = —Zk_lpklogpk, s.t.pr € Sh(x) NA(z) =

» The neighbor diversity relaxation (NDR) guarantees individual differences in neighbor-
chaotic samples locally, thus redundant samples with similar features would have few

Chances to be Chosen . Algorithm 1 Neighbor Diversity Relaxation.
Require: D)=}, D,, m,and o;

1: Sort the samples in D; in reverse order by the value of
NEU, and let 7 = 0;

« The o_ne—shot querying (OSQ) guarantees source-dissimilar samples, e e o e+ and obta s neares
selecting samples at once according to the raw source model. neighbor set Sy ()%,
4 if Sy(z;)° N DE =0 then D} + z;,
5. else Skip the selection of sample z;,
- 6: end while
e
G e
ety Y Rl
- 2 g?“*{:’p
P i: &
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(a) Initial pseudo-labels (d) MHPL



Minimum Happy Points Learning

€ Minimum Happy Points Exploitation.

* Neighbor Focal (NF) Loss is designed to make the model focus more on informative MH points to
ensure the generalization of the target domain. In particular, NF loss assigns the neighbor purity and
a larger weight a to the MH points:

Lup(hiDF) = ~E,epe Y, aNP(2)lilog(3i(hy(x)))

Meanwhile, the NF loss assigns a smaller weight S to the rest target samples with pseudo-labels:
Lyp(hiDY) = ~E,epy Y Blilog(6(h()) .

In summary, NF loss is defined as the combination of the above two parts:

Lyr(he;Dy) = Lyp(he; DF) + Lyr(he; DY)

« Entropy loss and KL divergence are introduced to guarantee the unambiguous and balanced classes,
which has been widely used in clustering and several DA works:

Lent(he: D) = ~Eaep, 3 0k (he(z))log(dk(he(x)))

K -~
Laiv(ht;Dt) = ~Egep, » KL(pk|law),

Final optimization goal: L = Lyg(h:;Dt) + Lent(he; Di) + Laiv (he; Dy) .



Experiments

B Datasets

« Office-31  VisDA-2017

Synthetic Source

Amazon

e Office-Home

Art Clipart Product RealWorld
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Experiments

B Main Results

Table 1. Accuracy (%) on Office-Home (ResNet50) under different settings with 5% labeled target samples ("SF” in tables denotes source
data free, i.e., adaptation without source data).

Categories | Method | SF | Ar=Cl Ar—Pr Ar—Re Cl—»Ar Cl=Pr CloRe Pr—Ar Pr—»Cl Pr—sRe Re—Ar Re—Cl Re—Pr Avg

None | Source-only | v | 455 684 752 534 637 656 524 410 736 659 463 782 608
CPGA[] | v | 593 781 798 654 755 64 657 580 810 720 644 833 76
DA SHOT2S] | v | 570 781 815 680 782 781 674 549  £22 733 588 843 718
o NRCI3] v | 577 803 820 681 798 786 653 564 8.0 70 586 856 722
ANet[50] | v | 584 790 824 675 793 789 680 562 &9 74l 605 850 728
AADA[0] | x | 566 781 790 585 727 710 600 531 TI0 0.6 5.0 845 683
acivepa | TSIl | x| 386 SLI 8LS  6LI 761 733 612 547 797 T34 589 863 725 ) .
’ Cle[] | x| 580 793 809 688 775 767 663 579 814 756 608 863 725 Table 3. Accuracy (%) on VisDA-2017 (ResNet-50) with 5% labeled target samples.
EADA[S1] | = | 636 844 835 707 837 805 730 635 852 794 654 886 767
Base v 572 785 815 685 79.1 786 675 563 832 737 585 836 721 Method | AADA [ ] ‘ TQS [ ] ‘ Clue [ 3 ] ‘ EADA [ ] | MHPL
Random | v | 638 814 839 713 822 814 688 624 83  T6l 638 858 752 _
CTC v | 608 787 822 69.3 792 79.8 686 594 8.2 4.6 61.7 84 T34 Acc (%) | 80.8 £ 0.4 \ 83.1 £04 \ 85204 \ 88.3 £ 0.1 | 89.6 + 0.1
CoreSet [30] | 618 B8 833 711 829 816 707 605 847 76.1 61.7 86.1 752
ASFDA BADGE[] v 624 827 839 s 830 818 72 627 8.6 76.2 629 878 759
- Enropy [10) | v | 650 840 859 718 838 826 707 638 8.1 7.8 641 81 769
BVSB[I1] | v | 648 844 855 720 §32 &4 704 69 80 7.5 650 881 769
Lcyio] v 650 810 854 721 830 828 710 649 8.1 78.0 648 879 770
ELPT[24] v 653 841 849 729 844 828 698 633 £6.1 76.2 65.6 89.1 770
| womr || ap 87 #6e w6 ;4 B2 Ty 64 e W1 @6 B W3 Table 4. Accuracy (%) on challenging tasks under different net-
works with 5% labeled target samples on Office-home.
Table 2. Accuracy (%) on VisDA-2017 (ResNet-101) and Office-31 (ResNet-50) with 5% labeled target samples ("SF” in tables denotes Networks | active samples | AroCl Cl»Ar CloPr ProCl Ave
source data free, i.e., adaptation without source data). Source-only 35.2 48.0 60.5 354 448

VGGl6 LC points 46.2 62.1 75.7 484 58.1
MH Points 49.6 63.0 78.0 504 603

Source-only 45.5 53.4 63.7 46.3 522

v

Categories | Method | SF | VisD A-2017 | A=D A=W D—A D—W W—A W=D Avg

50.0 | 793 766 605 966 638 988 793

None | Source-only

d ResNet50 | LC points 58.7 69.0 807 609 673

SHOT [25] | v 824 940 900 747 984 743 999 886 MH Points 603 69.9 83.8 619 69.0
SEDA CPGA (3] | v 86.0 044 941 760 984 766 998 899
HCL[12] | v 85 908 913 727 982 727 1000 876
NRC[57] v 859 96.0 90.8 753 99.0 75.0 1000 894
A2Net [50] | v 843 945 940 767 992 76.1 1000 90.1
AADA [40] | x - 892 873 782 995 787 1000 888
actvena | TOSIOD | % - 928 922 806 1000 804  100.0 911
Clue (2] | x - 920 873 790 992 796 998 895
EADA[51] | x - 977 966 821 1000 828  100.0 932
Base v 833 938 915 760 990 747  100.0 892
Random v 85.1 94.0 947 77 98.9 776 100.0 905
cre v 840 938 908 773 990 762 1000 895
CoreSet [16] | v 859 934 925 784 991 782 100.0 903
asepa | BADGEDY] | v 86.0 942 935 792 990 792 1000 909
Entropy [16] | v 86.7 956 954 803 991 8O0 100.0 918
BVSB[11] | v 8.5 964 957 792 991  BOS  100.0 919
LC[10] v 86.7 95.6 954 80.0 99.1 80.6 1000 918
ELPT[2] | 892 980 972 812 994 80T 100.0 928
| MHPL [/ | 913 | 978 967 825 993 826 1000 932

TIMEnE% 05 REBERBELRT




Experiments

B Ablation analysis
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Figure 4. Ablation study on key components of MHPL and NEU Figure 5. T-SNE visualization of representations with and without
at different selection ratios. NDR in Ar—Cl on Office-Home.
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Experiments

B Ablation analysis
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Figure 3. Ablation study on focal loss. ‘“MHPL w CE’ represents
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Experiments

B Ablation analysis

Table 1. Accuracy (%) on Office-Home of different networks with 5% labeled target samples. Table 2. Accuracy (%) on Office-31 of different networks with 5% labeled target samples.
Model Method | Ar5Cl Ar—Pr ArsRe ClAr ClsPr ClsRe ProAr PrsCl PrsRe Re—Ar Re—Cl ResPr Avg Model Method | A5D AW DoA DWW WoA WD Avg
Source-only | 26.1 374 495 245 396 400 253 240 498 400 508 373 Source-only | 53.6 479 379 942 364 978 613
Base 307 503 36.2 35 514 534 .0 26.8 4.1 64.9 450 Base 692 631 696 957 486 W6 708
Random 378 580 610 397 581 594 362 342 487 69.8 509 Random | 73.1 682 582 959 554 996 750
cTC 373 553 58.5 382 566 569 354 333 604 455 656 488 CTC 715 655 563 956 527 990 734
Alexnet | CoreSet [11] | 36.1 55.1 59.9 389 579 588 380 313 624 477 69.1 498 Alexnet | ComSet[11]| 703 69.9 592 960 542 O9R4 747
BADGE[?] | 373 547 59.7 303 583 581 388 333 636 491 69.1 504 BADGE[2] | 713 699 512 964 539 994 747
Entropy [14] | 383 56.1 62.7 40.5 59.0 607 373 35.9 64.6 48.8 710 517 Entropy [14] [ 742 712 571 989 548 996 760
BVSE [¢] 39.2 577 628 397 60.1 615 367 36.7 64.9 48.9 716 521 BVSB[e] [ 731 738 617 987 586 996 776
LC[7] 39.0 56.8 63.4 398 597 60.6 374 36.7 64.9 485 714 520 LC 51 741 741 586 991 554 996 768
MHPL 455 644 649 28 613 617 408 M4 664 505 757 563 | MHPL | SLI 786 689 985 670 1000 824
Source-only | 35.2 598 69.4 60.5 626 467 0.8 70.5 58.8 354 743 543 Source-only | 752 727 638 954 637 998 785
Base 43 73.1 74.0 725 715 55.9 420 76.6 635 46.6 304 633 Base 880 82 729 972 716 998 86l
Random 526 77.0 76.9 7638 749 58.7 494 78.8 66.3 537 833 675 Random 874 891 744 9715 T3R8 998 §7.0
cTC 50.8 743 76.0 752 735 582 479 713 64.9 521 81.0 660 CTC 880 869 734 911 719 99R 862
VGG | CoreSet[11] | 49.7 772 76.6 772 749 60.1 464 79.0 66.5 507 834 671 VGG | CoreSet[11]| 89.00 887 751 975 741 998 §74
BADGE[?] | 510 774 770 77.0 600 472 793 669 514 834 674 BADGE[2] | 892 81 755 975 733 998 8§72
Entropy [11] | 526 78.1 78.0 779 604 49.0 80.6 68.5 54.1 841 686 Enwropy [14] | 87.8 891 777 982 747 1000 §7.9
BVSB[6] | 547 771 78.6 786 507 507 802 683 546 853 69.0 BVSB[c] | 916 884 763 985 752 1000 883
LC[5] 530 787 78.4 780 768 604 492 805 685 543 851 688 LCI5] 908 88O 772 985 753 1000 8RS
| MHPL | 604 824 805 823 784 635 569 819 708 93 812 28 MHPL | 930 930 799 989 503 1000 909
BE.O 815 —— T — T T 5
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Figure 5. Ablation study on a. Figure 6. Ablation study on /3.
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