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1. Problem Setting
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4. Towards Source-Free Knowledge Transfer
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Figure 4: Given pre-trained source models consisting of black-box feature extractors {g; : X — Z; € R¥} | and visible
Bayesian classifiers {(f;; its,05) : Z; — K}, the attention-based feature generation (AFG) module produces pseudo
source features using a weighted average of unlabeled target features.

Pretrained source features g;(.S ;) of each class can be approximated by weight samples from f; as
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Figure 1: Given multiple models learned from different source domains with varying label space {S!: X x (V! C V") }Y,,

a few-shot labeled target domain V' : X x ()’ = {1,..., K — 1}) and an unlabeled target domain including unseen
categories T : X x (Y = {1, ..., K}), the goal is to build a target classifier h : X — ) than can both recognize known
and unknown classes.

Traning source features g(Sg) are generated with the attention mechanism based on the distance in

!
space Z{ by learning query and key mapping functions wg;, wy, : Z; — Z; C RYi contrastively to
eroup similar features while pushing different ones away.
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2. Learning Theor
8 y )g(T") (3)

Preliminary 1 Let € denote [y loss, for Vh € H : X — {0, 1}, the following holds:

ET(h) < Eg(h) + dHAH(S? T)/Q + )\S,T:
As1 = mingxeyleg(h™) + ep(h™)], (assumed small)

5. Experiment

METHOD TYPE —Clipart —Product | —RealWorld —Art Avg.
I-shot 3-shot | 1-shot 3-shot | 1-shot 3-shot | 1-shot 3-shot 1-shot 3-shot
< OSBP Source-Combine  60.4 626 | 70.1 723 | 69.7 683  60.7 643 652 66.9
/! O PGL 59.0  61.8 | 67.7 699  66.7 68.9 | 61.2 64.0 63.7 66.2
. Source ANNA 65.8 677 | 71.0 734 | 70.3 70.3 610 63.7 67.0 68.8
;o ceen O PUJE 658 717|733 742 | 750 781 | 655 67.3 699 728
o Target MOSDANET  Multi-Source @ 61.5 659 | 70.0 738 | 714 696 | 61.6 63.6 066.1 068.2
Class B HyMOS 56.6 644 | 644 673 | 662 684 | 59.0 622 616 65.6
- --p Domain Classifier UM 68.0 721 79.0 &30 794 808 677 703 T73.5 76.6
§ MPU* Source-Free 46.3 544 | 59.7 66.3 | 57.8 60.2 | 583 625 555  60.9
— h OSBP* 445  56.5 | 55.6 651 | 59.3 643 | 556 599 | 538 61.5
Figure 2: if there is a large label shift Pg(y) # Pr(y), aligned marginal distributions Ps(x), Pr(x) that reduces dyan(S,T) PUJE® 02.2 584 |. 650 703 | 66.2 70.0 | 58.7 62.7 | 60.5 654
can lead to an increasing joint erro Agr = area; s.t. target error er(h) becomes unbounded. UM+AFG 61.1 660 770 8&0.1 720 788 603 0646 67.6 724
METHOD TYPE —Clipart — Painting —Real —oketch Avg.
Theorem 1 Given the output space I = {k|k € RE Zyey kly| = 1,kly] € [0,1]} indicating 1-shot 3-shot | 1-shot 3-shot  1-shot 3-shot 1-shot 3-shot|1-shot 3-shot
the probabilty assigned to each class, let fg., fi/, fr : X — K denote true labeling functions and OSBP Source-Combine | 54.2 574 | 498 53.1 626 64.0 495 50.1 | 54.0 56.2
e - K x K — R denote a distance metric. For Vh, fo, fy fr € H & — K, the expected target PGL 09.8 620 | 594 614 674 694 9597 612  61.6 63.5
g Ivme ?’ ANNA 5.6 615 | 53.6 H4.3 675 66.5  H7.9 5H81 | 587 60.1
PUJE 644 662 | 598 61.7 677 693 612 642 | 633 654
MOSDANET | Multi-Source | 56.4 553 | 55.6 582 | 685 698 541 549 | 587 59.6
2¢r(h) < ey (h) + i@iUi(h); s.t. Zz a; = 1 HyMOS 53.0 544 | 541 56.0 651 674 563 5H7.1 | 57.1 58T
% e ex UM 70.3 715 | 66.0 688 751 785 66.1 695 694 72.1
=ev(h)+ ) ailes () +2 Ds, vrlfs,: f, o B) +2 \93-/ | (1) MPU* Source-Free | 545 57.6 | 55.0 60.1 624 664 484 529 | 551 59.3
domain discrepancy e MOSDANET™ 58.1  60.5 | 54.3 59.3 | 632 625 494 543 | 56.3 59.2
Assumption 1 3f¢ , fi;, f7 s.t. the empirical deviation from true labeling functions on finite data Ui{UJE* O R A 2 R U X R R O B2 O
. i +AFG 64.8 69.7 | 60.0 642 676 734 600 648 63.1 68.0

Remark 1 Theorem 1 has a bounded joint error as miny[ey (h) + U;(h)] > Ag. 7 + Ay to address
increasing joint error in marginal distribution alignment due to large label shift. Assumption 1 is more
feasible in large domain shift than A — 0, allowing wider application in real-world problems.

3.Inference in Varying Label Space
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Table 1: HOS (%) of ResNet-50 model fine-tuned on Office-Home & DomainNet dataset under
1-shot/3-shot settings (HOS=2(OS* x UNK)/(OS™ + UNK); OS* denotes normalized accuracy for
the known class only).

Office-Home DomainNet

METHOD | TYPE | BACKBONE —Art —Product — Painting —Real Avg.

UNK OS* HOS UNK OS* HOS UNK OS* HOS UNK OS* HOS UNK OS* HOS
UM Multi-Source| ResNet-50 | 72.8 63.3 67.7  78.7 79.3 79.0 779 57.3 66.0 | 749 752 751 76.1 68.8 72.0

UM+AFG | Source-Free = ResNet-50 | 66.1 55.5 60.3 83.3 71.6 77.0 63.9 56.5 60.0 | 76.6 60.6 67.6 72.5 61.1 66.2

UM+AFG ViT-16 777 59.8 675 87.6 809 84.1 685 574 625|828 732 777 79.2 678 73.0

Table 2: HOS (%) of ViT-B/16 model fine-tuned on Office-Home & DomainNet dataset under
1-shot setting.
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Figure 3: OSDA can be considered as PU with covariate shift where Pg (z|y) # Pr(xz|y) fory € V' -':: N b o : T
- - . - -
Definition 1 (Unknown Predictive Discrepancy) Let v : K x K — R denote the Unknown Predictive rr18 " i
: - ]
Discrepancy to measure the disagreement between K-th outputs of f, f/: X — K. Y .
Assumption 2 Let Sf = Pg, (x|ly = k), Tk — Pr(z|y = k) denote class conditional distributions, (¢) MOSDANET (f)
K .. : . .
S > = Pg (z|ly # K),T" = Pp(x|y # K) indicate incomplete domains excluding unknown class K . o
’ 2064 T
dg: X = Z st. Pgk(2) = Ppi(2), PS-\K(Z) = Ppi(2). £ :
i & . =
Lemma 1 Let Zf:l 71'35 = 1, Zszl ﬂ'% = 1 denote label distributions. Given Assumption 2, ;62 %50 g
. . K . . . S 8 = 45 — UM
Vi Z — I, the expectation over S can be estimated by SZ.\ and v with a mild condition that %’56 — o =40 2. = v
mg =mp =1—B; =" o e . " e
i 52 L = 30
. . o t?lfmss . o ’ 2000 Iti?g::}i?)n 10000 20000 ’ Nulibcr uf'iabclcdﬁTarget SSamplciO
es;(h; 9) = Ble \re (B 9) — v i (s 9)] +vr(h; g) (2) ;
t { (i) openness (j) convergence (k) v.s. size of V

Remark 2 Expectation regarding “missing classes” in .S %-\K : X x Y’ (includes categories not presenting
in S; - X X y,; C V') is estimated with V' : X x ).

Figure 5: Feature space visualized by t-SNE in (a)-(d): Office-Home; (e)-(h): DomainNet; (i): performance comparisons
w.r.t. varying openness of DomainNet tasks; (j): convergence analysis in Office-Home tasks with confidence intervals; (k):
accuracy v.s. the number of labeled target samples in DomainNet tasks.
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