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Supplementary Material

6. Proof
6.1. Proof of Theorem 2.1

Let fs,, fr, fv :+ X — K denote the true labeling functions
on the source, unlabeled, and labeled target domains. Given
a distance metric ¢ that satisfies the triangle inequality, for
Yh € H : X — K, the expected target error is bounded as

ex(hy fr) = 5 [2er (b Fr) = ev (b, fv) = es, (b f5,) + ev (b, Fy)
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We introduce a weight parameter a; and sum up the upper
bound w.r.t. all source domains S;,7 = 1,.., N leading to:
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6.2. Proof of Theorem 2.3

Definition 6.1 (Covering Number). Let (A, d,) be a metric
space. Set C is an y-cover of A if for Va € A,dy € C
such that d,,(z,y) = ||z — y||, < 7. The covering number
N (v, A, d,,) is the size of the smallest y-cover.

N(v,A,dp) = min{|C| s.t. Cis a~y-coverof A}  (21)

Definition 6.2 (Uniform Covering Number). Let F be a
hypothesis space of real-valued functions. For any v >

0, and m the d,, uniform covering number N, (v, F,m) is
defined as

NP(77]:am) = CnéaXmN(’Ya‘F|Cvdp)7 (22)

{[f (1), s f(wm)]

where Flo =
{1‘1, ..,xm}, f S ]:}

Lemma 6.3. For space F of real-valued functions: X —
[0, M], for any distribution D, samples D= {z1, ., Tm}
iid~D,~v>0andm > 2/72, Definition 6.2, the follow-
ing holds given Hoeffding’s inequality:

P(sup [E,cp f(2) = Eann f(2)| 2 7)
fer

e R™C =

2

< 4/\/1(%,]-', Qm)exp(—ggljr\y/p) (23)

For the proof, we first show P(sup;cx[E . pf(z) —
Evep/@] > 7) < 2P(supjer[Bpopf(z) ~
E,cpf(x) > 3%)if m > 2/+* Forafixed D and f € F
that satisfies |E__p, f(z) — Exwp ()] > 7, the following
holds given Jensen’s inequality:

EproplBeepf(@)—Bpcpr f(@)| 2 [Epepf(2)—Eanp f(z)] 2 v 24)

For m > 2/~2, the following holds given Hoeffding’s
inequality:

PEp plE.cpf(x) —E, cp f(z)]

I, ep @) ~Epeprf@I < 1) 2 3 e3)
PEps plBcpf(®) = Eocpf(@) = 3

< [Buenf (@) = Ecp S @D 2 5 o)
P, pf () ~Bpepr F@) 2 1) > 2, @

such that P(sup;cz [E, .5 f(2) — Exapf()] > 7) <
2P(supser By f (@) — Eyepo f(@)] = 3) for D, D' ~
D.

Let o; denote an independent uniform random vari-
able taking values in {—1,+1}. f(z;) — f(z}) and
o (f(x;)—f(2})) follows the same distribution as x; € D ~
D,z € D' ~ D such that for Vf F,P(E, cpf(x) —
E,epf (@) > 3) = P i oi(f () — f(@)] >
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Then we can proceed to the upper bounded by
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For any 0 < § < 1, we solve the following for ~ to
complete the generalization bound:
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Corollary 6.4. According to Fig. 8, there exists universal
constant ¢ = min(cy, c2) < 1 such that:
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Corollary 6.5. Let D denote a finite set with size m sam-
pled i.i.d. from a distribution D. For hypotheses f, f' €
H:X = K let F = {f(z) = e(h(x),h(z)) : X —
[0, M]|h, ' € H} be a real-valued function space. Given
Theorem 6.3, Corollary 6.4, for m > 2/72 and 0 < § < 1,

with probability at least 1 — 73—,

en(f, f) <eplf, f)
£
s - (rer/M \/i log 2(11N + 6)N1 (5,
NERY: vy ¥m g

F,2m) df))

(32)
Lemma 6.6. For hypothesis space F = {f(z) =
e(h(z),h (z)) : X — [0, M]|h, b € H}, F' = {f(z) =
e(h(x), f5,(x)) = & = [0, M][h € H}, F" = {f(x) =

e(h(x), fs,(z)) : X — [0, M]|h € H}, the following holds:

M (v, F,m) = Ni(y, F'om) > Mi(y + Ay, F'om)  (33)

The left inequality is trivial as 7/ C F such that for
any C = {x1,.., 2y}, a smallest y-cover of F|¢ is also a
~-cover for F'|¢. For the right inequality, let G| denote the
~-cover of F'|c such that for Vh € H, there exists g € G:

m

Z|6(h($j)7f§i (z)) — e(g(x)), fs,(x5))| < v
=>Z le(h(z;), fs; (x5)) — e(g(x;), fs,(x;))]

Z (f5,(z), fsi(23)) =7+ Mvle (G4

Let Ay = maxc:|¢|=m A7y|c such that for any C' =
{21, .., m }, a smallest y-cover of F'|¢ is also a y + Ay-
cover for F”'|¢. Given Assumption 2.2, for any finite set C,
there exist f§ € H such that ec(f5,, fs,) — 0= Ay ~
and we can conclude N (v, F',m) Z Ni(v, F’,m).

Given Theorem 2.1, for any labeling functions f3 €
Hs, CH, f7 € Hr CH, fiy € Hv C H, the expeéted
target error is bounded for Vh € H:

ex(ho fr) = 3lev(h) + s, (0)] & Ds, v (5, Fo £ s 1) + 05 (39

Corollary 6.7. According to Assumption 2.2, there exist
15, € Hs, CH, fy € Hv CH, f1 € Hr C H such that
Zi aiéi ~ 0. Given Egs. (32) and (35), Lemma 6.6, for
0 < § < 1, with probability at least 1 — 6, for Vh € H.:
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exp(uﬁigh))
> ; exp(vU;(h))
for v > 0, given Jensen’s & Cauchy’s inequality, we can
derive:

Let o; = denote the log-sum-exp trick.

% Z aivlU;(h) < % log Eq [exp(vU;(h))]

1, e (v0(0)

v S eap(wli(h)
% log Z exp(vU; (h)) (38)
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Combing Corollary 6.7, Eq. (38), Theorem 2.3 can be
proved.

6.3. Proof of Lemma 3.4

Corollary 6.8. Given Open-set Margin Discrepancy (Defi-
nition 3.1) and Unknown Predictive Discrepancy (Definition
3.2), e measured on unknown class K can be related to v for

VfeH,

EVK(.f7 f‘j) :UVK(fvfé) (40)
eTK(f7 f’;) :UTK(f7 f’;:) (41)

For the proof, the Open-set Margin Discrepancy between
f, f& € Hover TX is defined by,

er (f, f1) = Ey pk [omd(f (), f1(2))] 42)
omd(f(z), fr(z)) = max(|log(1 — f(x)[y]) — log(1 — fr(z)[y])],
[log(1 — fr(z)[y"]) — log(1 — f(-t)[y*])(\ié)

where y = I(f(2)),y* = I(f7(x)). When measuring on
r ~ TK y* = K and f;(z)[K] ~ 1 since f} is the
approximated labeling function of target domain. Therefore,
we can derive that,

epr (f, f1) = Eporrc[log(1 — fr(2)[K]) —log(1 — f(x)[K])|
= UrkK (fa fi*")a (44)

where the rest can be proved analogously. Given the label

distribution 7T§<i % mh k= {1,2,..., K}, Assumption 3.3
and Corollary 6.8, we can reformulate the following terms
withg: X = Zandh, fi, : 2 = K
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By excluding the intractable term vgx (f{; 0 g, h o g) due
to the shortage of source data in class K, we can approxi-
mate the expected discrepancy on .S; by Si\K, T with a mild
condition that 7§ = 7l =1 —a:

es; (fir0g,hog)
K-1 K
k * 71'51 *
= > w§esh(fvog,hog)+ —Elvr(fy og,hog)
v T

s

= >~ whvpk(fy 0 g, hog)]

k
=ale\x (fiog.hog) —vk(fyog hogl+uvr(fyoghog),
(47)

where the rest can be proved analogously.

7. Towards Joint Error

In this section, we prove that our proposal is an upper bound
of joint error. For simplicity, we consider a single source
domain S. Given Eq. (19), Vh € H, our upper bound is
further lower bounded by:

B(h) = 3 (ex(Fs. fr) + ex(fv, fr) + ex(ho f3) + ex(hs fv) + ev (s, fv)

+es(fv, fs) —ev(h, fs) —es(h, fv)] + [ev (k) + es(R)])

= Ser(s, f1) + ex(fv, 1) + enh fs) + en(h fv) = ev (h, fs)

—es(h, fv)] + lev(h, fv) + ev(fs, fv) + es(h, fs) + es(fv, fs)])

> Sler(fs, fr) + ex(fv, fr) + ex(h, fs) + exlh f)] (49
Given h* = argmin,,, B(h), we can further derive:

}?1€i9r-lt B(h) = B(h")
> Sler(fs, fr) +er(fv, fr) +er(h”, fs) + er(h", fv)]

ler(fs, fr) + er(fv, fr) + er(fv, fs)] 49



if fg € H, we can derive:

er(fs, fr) =er(fs, fr)+es(fs, fs) > }Ibnei%(ET(h)-i-és(h)) =As,T
(50)

Otherwise, we can always derive:
er(fs, fr) > er(f5, fr)—er(fs, fs)+es(fs, fs) —es(fs, fs) (5D

Let S ,T denote a finite set with size m from domain
S,T. According to Assumption 2.2, there exist hypothe-
ses f& € H such that we can ignore €4 (3, fs), €5(f§, fs)
and lower bound er( fg, fr) with Uniform Covering Num-
ber (Definition 6.2). Given function space Fs = {f(z) =
e(h(z), fs(x)) : X = [0, M]|h € H}, for any 6 > 0, with
probability at least 1 — 26,

er(fs, fr) > As,w — leg(f5, fs) + e (f&, fs)]

zero

Mo 2N (&, Fs,2
o) inf (.y_._/ \/f logMdf)
V2 <M ~y m 4

(52)

8. Approximated Labeling Function Assump-
tion vs. Joint Error Assumption

E.g., let T denote a finite set with size m from target domain
T'. According to Corollary 6.5, given the Uniform Covering
Number (Definition 6.2) of function space Fr = {f(z) =
e(h(x), fr(x)) : X — [0,M]lh € H}, for any § > 0,
with probability at least 1 — J, the expected disagreement
0, = er(f}, fr) is bounded by the empirical disagreement

05, = e (f5., fr) for V5 € H:

er(fr, fr) < ep(fr, fr)
. M 2N1 ,]‘—T,Zm)
f e DT g
+0 ( %U;SM 'y+/ \/ 5))

(53)

We assume there exists f7 € H such that in Theorem 2.3,

6 tr = 0 thus can be ignored during the practical learning
process. For simplicity, we consider a single source domain
S. We show Assumption 2.2 is more feasible than assuming
empirical joint error Ag 4 ~ 0 in [1], especially when the
domain shift is large. To facilitate the analysis, let g : X C
RP — Z C R¥ be injective on S, T with the size n = m
respectively, such that true labeling functions fg, fr can be
decomposed as fg og,ffog. Let S % ZgU Ze and

UAEN ZT U ZC denote the feature space that overlaps at ZC
withsize c. Forh € HF : 2 = K,

min_[eg(hog, fs)+ep(hog, fr)] =As
hent

= min [

gl F 6zs(h fs)+

EZT (h, fT)

+ g (0 FE) + —ep (b 1))

m c . c . F
> min €5 (h +7 min e, (h
> T min cp (h f5) 4 TS min cg (b )

+ s (U5 £5), (54)

where f£, f& tend to disagree on Z¢ in large domain
shift such that A\ $.7 increases as ¢ grows. In addition, even
if eZC(fT , f£) — 0, the solution for Agq — 01is likely
to be more complex, which can be outside the hypothesis
space H'. E.g., let f§ = |z|and f7 = —|z — 1| + L.
For Zg C (—00,0], Z¢ C (0,1), Zp C [1,00), the optimal
solution for h is

—z, zEZs
z, 2z € Z¢ =h(z)QHFz{zHa|z—b\+c|a,b,CE]R}
—z 4+ 2, z € Zp

(55)

9. Consistency

In this section, we recall a general problem associated with
the consistency between the algorithm and theory in domain
adaptation. e should be a consistent distance metric across
the measurement of source error and discrepancy according
to the derivation of any target error upper bound. How-
ever, most works violate this consistency as known as the
gap between the algorithm and theory. Although our pro-
posal cannot perfectly address this problem, we can prove
that Open-set Margin Discrepancy (OMD) in Definition 3.1
asymptotically satisfies the consistency.

Firstly, we show that OMD obeys the triangle inequal-
ity under the following circumstances. For the case where
two hypotheses agree on the point z (y = I(hi(z)) =
I(ha(x)),l(hs(x)) = y'; this condition is almost met when
we derive the upper bound in Theorem 1 except for fr, h),

omd(h1(x), hs(z)) + omd(ha(z), hs(z))
= max(|log(1 — ha(z)[y]) —log(1 — ha(x)[y]),
[log(1 — R (2)[y']) — log(1 — hs(x)[y']))
+ max(| log(1 — ha(z)[y]) —log(1 — ha(x)[y])],

| log(1 — ha(2)[y']) — log(1 — ha(x)[y'])])
> |log(1 — ha(z)[y]) — log(1 — ha(z)[y])]
+ [log(1 — ha(x)[y]) — log(1 — hs(z)[y])|
> |log(1 — hi(z)[y]) — log(1 — ha(x)[y])|
= omd(hi(z), ha(x)) (56)

As the training proceeds, the target error of h will be mini-
mized such that the discrepancy between h, fr over domain
T is constantly reduced. Given the assumption that fr and
h gradually agree on T', we can conclude that OMD asymp-

totically satisfies the triangle inequality.

Then we show that the cross-entropy loss is a special
case of OMD by reasonably assuming fs,(x)[y] = 1 and
I(fs,(x)) = l(h(x)) = y for (x,y) € S;. According to
Definition 3.1, the source error of h defined based on OMD
can be written as:

min es, (h) = min B, [omd(h(z), fs, ()]
= min Eq 5, |log(1 = fs, (2)[y]) — log(1 — h()[y])]

= {,%1% Em,yNSi log(1 — h(z)[y]) (57)



Office-Home DomainNet

METHOD TYPE STATS | —+Clipart —Product —+RealWorld —Art | —Clipart —Painting —Real —Sketch
UM Multi-Source | mean 68.0 79.0 79.4 67.7 70.3 66.0 75.1 66.1

std 0.38 0.49 0.12 0.23 0.09 0.44 0.11 0.17

UM+AFG | Source-Free mean 61.1 77.0 720 60.3 64.8 60.0 67.6 60.0

std 0.33 0.08 0.35 0.88 0.46 0.09 0.21 0.37

Table 5. Statistics of HOS (%) score with ResNet-50 model fine-
tuned under 1-shot setting

METHOD TYPE —Clipart —Product —RealWorld —Art

Os* 0os* 0s* 0Os*

S+V + Leim Source-Combine 63.5 83.3 80.1 66.3
S+V+ Ly 65.3 86.4 83.7 71.7
S+V + Lest + Lsim 66.7 86.9 84.5 725
V + Lgsi + Lgim Source-Free 12.1 63.3 56.8 14.2
AFG+V + Lgim 54.2 77.8 81.5 67.4
AFG+V + Lgg 63.3 80.7 83.0 69.1
AFG+V + L + Lsim 629 81.6 85.1 70.7

Table 6. Accuracy of ResNet-50 model fine-tuned with 1-shot semi-
supervised learning on Office-Home dataset

In practice, we optimize — log h(z)[y] instead to avoid ex-
ploding or vanishing gradient.

10. Results
10.1. Accuracy

Full tables of the results in the main paper are provided as
Tabs. 7 to 10.

10.2. Statistics

For each sub-task in Office-Home and DomainNet datasets,
we ran the experiment 3 times with different random seeds.
Tab. 5 provides our method’s mean accuracy and standard
deviation.

10.3. Effectiveness of Attention-based Feature Gen-
eration

As suggested in [63], a high OS™* score is crucial to improve
the model performance in open-set problems as we can al-
ways trade the accuracy of known class for more UNK. To
briefly demonstrate the effectiveness of AFG, we replace the
true source data with generated labeled features under the
1-shot semi-supervised learning setting without any adapta-
tion or unknown separation strategy. Tab. 6 indicates that the
labeled features produced by AFG are adequate for learning
a reliable classification model of known class in target data.

11. Semi-supervised & Self-supervised Learn-
ing

To build a more reliable target function space HZ%. and fa-

cilitate the feature alignment for unknows, we introduce

semi-supervised and self-supervised regularization Lsg =
Lent + Lpse + Lcon and Lsim'

Regularized Entropy Minimization As introduced in
[14, 39, 46], we impose a class balance prior that can penal-

ize classifiers with complex decision boundaries on entropy
minimization [15] to yield a more sensible solution:

Lent = —E sz Zyey fr(g(x))ylog fr(g(x))[y]

+3°  Eacr Fr(9(@) ] log B cr fr(g(@)ls] - (58)

Pseudo Labeling As introduced in [44, 46], for input x €

T and its random augmentation 2’ [7], we minimize cross
entropy for x with pseudo labels of z':

Lpse = —E,cplog f7(g(x))[arg max,cy, h(g(2"))[y]]  (59)

Consistency Regularization As introduced in [22, 42],

we penalize the difference of the outputs for input x € T
and its random augmentation x':

Leon = E,eplfr(9(2)) — fr(g9(a"))| (60)

Contrastive Regularization Contrastive learning [5] con-
siders every instance as a class of its own and tries to maxi-

mize the similarity of features between x € T and its random
augmentation x’ while pushing different instances far away:

exp(g(z) - g(2")")

Lsim = _]Eacef’ log

(61)

exp(g(x) - g(&)T) + 2o et 2o XP(9(2) - g(2")T)



METHOD TYPE —Clipart —Product —RealWorld —Art Avg.
UNK OS* HOS | UNK OS* HOS | UNK OS* HOS | UNK OS* HOS | UNK OS* HOS
OSBP Source-Combine | 634 57.6 604 | 763 649 70.1 | 772 635 69.7 | 779 49.7 60.7 | 73.7 589 652
PGL 68.0 52.1 59.0 | 716 643 677 | 73.5 610 667 | 698 545 61.2 | 707 579 63.7
ANNA 79.6 560 658 | 76.1 665 71.0 | 77.6 643 703 | 824 484 610 | 789 588 67.0
PUJE 748 587 658 | 676 800 733 | 72.1 782 750 | 71.2 60.6 655 | 714 693 69.9
MOSDANET Multi-Source 634 596 615 | 679 723 700 | 71.8 71.0 714 | 67.1 570 616 | 67.6 649 66.1
HyMOS 59.3 541 566 | 673 618 644 | 758 588 662 | 706 507 59.0 | 683 564 61.6
UM 78.7 599 68.0 | 787 793 79.0 | 825 765 794 | 728 633 677 | 782 698 735
MPU* Source-Free 488 44.1 463 | 577 619 597 | 628 53.6 578 | 603 565 583 | 574 540 555
OSBP* 356 593 445 | 453 720 556 | 532 669 593 | 492 639 556 | 458 655 538
PUJE* 56.1 488 522 | 703 605 650 | 724 61.0 662 | 604 570 587 | 648 56.8 60.5
UM+AFG 709 538 61.1 | 833 716 77.0 | 73.7 704 720 | 66.1 555 603 | 735 628 67.6
Table 7. Accuracy of ResNet-50 model fine-tuned on Office-Home dataset under 1-shot setting
METHOD TYPE —Clipart —Product —RealWorld —Art Avg.
UNK OS* HOS | UNK OS* HOS | UNK OS* HOS | UNK OS* HOS | UNK OS* HOS
OSBP Source-Combine | 78.7 52.0 626 | 789 66.8 723 | 69.0 677 683 | 759 557 643 | 756 60.6 669
PGL 75.6 523 61.8 | 81.7 61.1 699 | 719 66.1 689 | 663 619 640 | 739 604 66.2
ANNA 70.0 60.0 67.7 | 797 681 734 | 713 693 703 | 75.0 553 637 | 740 632 68.8
PUIJE 798 65.0 71.7 | 683 81.1 742 | 72.8 843 781 722 630 673 | 733 734 728
MOSDANET Multi-Source 743 592 659 | 735 740 738 | 683 70.8 69.6 | 682 596 636 | 71.1 659 68.2
HyMOS 71.7 584 644 | 631 721 673 | 679 688 684 | 684 570 622 | 67.8 64.1 65.6
UM 746 698 72.1 | 805 856 830 | 79.8 819 808 | 739 67.1 703 | 772 76.1 76.6
MPU* Source-Free 62.5 482 544 | 647 679 663 | 722 51,6 602 | 775 523 625 | 69.2 550 60.9
OSBP* 58.0 551 565 | 563 773 651 | 577 727 643 | 60.1 59.8 599 | 580 662 61.5
PUJE* 60.6 564 584 | 743 667 703 | 752 654 700 | 66.6 593 627 | 692 620 654
UM+AFG 712 615 66.0 | 8.1 79.1 80.1 | 823 756 788 | 694 604 646 | 76.0 692 724
Table 8. Accuracy of ResNet-50 model fine-tuned on Office-Home dataset under 3-shot setting
METHOD TYPE —Clipart —Painting —Real —Sketch Avg.
UNK OS* HOS | UNK OS* HOS | UNK OS* HOS | UNK OS* HOS | UNK OS* HOS
OSBP Source-Combine | 64.2 469 542 | 575 439 498 | 81.8 50.7 62.6 | 645 40.1 495 | 67.0 454 540
PGL 73.0 506 598 | 67.1 532 594 | 719 633 674 | 681 53.1 59.7 | 70.0 551 61.6
ANNA 60.0 51.7 556 | 63.8 462 536 | 777 59.6 675 | 662 514 579 | 669 522 587
PUJE 663 628 644 | 624 575 598 | 652 704 677 | 643 583 612 | 646 623 633
MOSDANET Multi-Source 723 462 564 | 65.1 485 556 | 696 675 685 | 654 46.1 541 | 68.1 521 587
HyMOS 63.4 456 530 | 654 46.1 541 | 788 555 651 | 61.0 525 564 | 672 499 572
UM 775 645 703 | 779 573 66.0 | 749 752 751 80.6 560 66.1 | 777 633 694
MPU* Source-Free 614 490 545 | 516 588 550 | 605 644 624 | 582 415 484 | 579 534 551
MOSDANET* 587 577 581 | 53.1 555 543 | 572 70.6 632 | 502 486 494 | 548 58.1 563
PUJE* 63.8 575 605 | 589 521 553 | 71.1 582 64.0 | 563 50.2 53.1 | 625 545 582
UM+AFG 72.6 586 648 | 639 565 600 | 766 60.6 67.6 | 677 53.8 60.0 | 702 574 63.1
Table 9. Accuracy of ResNet-50 model fine-tuned on DomainNet dataset under 1-shot setting
METHOD TYPE —Clipart —Painting —Real —Sketch Avg.
UNK OS* HOS | UNK OS* HOS | UNK OS* HOS | UNK OS* HOS | UNK OS* HOS
OSBP Source-Combine | 64.1 519 574 | 67.1 439 53.1 80.3 532 64.0 | 566 450 50.1 | 67.0 485 56.2
PGL 683 568 620 | 675 563 614 | 73.6 657 694 | 682 555 612 | 694 58.6 635
ANNA 69.7 550 615 | 633 476 543 | 744 60.1 66.5 | 66.6 51.5 58.1 | 685 53.6 60.1
PUJE 639 686 662 | 655 584 61.7 | 681 706 693 | 71.7 582 642 | 673 640 654
MOSDANET Multi-Source 673 469 553 | 645 530 582 | 705 69.1 69.8 | 664 469 549 | 672 540 59.6
HyMOS 61.0 49.1 544 | 633 502 560 | 77.8 594 674 | 60.1 544 57.1 | 656 533 587
UM 750 683 715 | 82.1 592 688 | 783 788 785 | 732 662 695 | 772 68.1 721
MPU* Source-Free 644 521 576 | 742 505 60.1 | 676 653 664 | 642 449 529 | 676 532 593
MOSDANET* 60.7 603 605 | 59.0 59.7 593 | 563 704 625 | 543 544 543 | 576 612 592
PUJE* 66.1 58.8 622 | 634 596 614 | 721 640 678 | 625 51.1 562 | 660 584 619
UM+AFG 724 671 697 | 664 623 642 | 76.8 704 734 | 687 614 648 | 71.1 653 68.0

Table 10. Accuracy of ResNet-50 model fine-tuned on DomainNet dataset under 3-shot setting



