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Base Method

CLIP

(1) Contrastive pre-training (2) Create dataset classifier from label text
-~ -
ppppppppp W
Text
7‘ e | I 11 - | et |
EIEEIBE
URNRETE DT AR TE PR - eXp( <f’U (m) 3 ft (pk)}/f}[)
(3) Use for zero-shot prediction P y m p —_—
I LTy | LT | LT LT, m 0 ? k K
2 2711 212 213 B 27 IN 1 2 3 N
. 2_w—1 exp((fo(@), fi(Py))/7)
age I LTy | Ty | LTy | . | IyT
Encoder 3 ER R N ' E"“;% N ‘11-1'Z LTy LT
INTy | Iy, | InTs IN'TN‘ A pahcto of

Prompt Learning
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Motivation

Setting Inference Ar Cl Pr

Rw

Training on source data only

Zero-shot from CLIP [34] 712 504 814

82.6

Source-combined  Source prompt 722 559 82.6

83.3

Average prompt 743 574 845

84.7

Ar prompt - 56.0 80.0
Multi-source CI prompt 70.4 - 81.1

Pr prompt 70.2  55.0 -

Wr prompt 739 555 845

82.1
80.4
84.1

Supervised training on target domain only

[P7][CLASS]

Target prompt 99.6 91.6 99.3

98.6

Trainining both source-target domains as Eq. (3)

476 29.0 535
743 572 843

Target prompt
Source prompt

63.5
84.8

N

Liotar(P) = Ls,(Psn, Ps,) + LT(Pap, Pr)

=1

1.
2.
3.

4.

Source prompt includes domain-invariant embedding;
The transferability varies based on their similarity;

The visual embeddings for each class tend to form a single cluster in

the embedding space;

Due to false pseudo-labels, the trained text embedding acts as a
prototype or centroid may fail to represent the entire cluster.

'1_,:" Pretrained Visual-embedding Distribution
Domain Visual-embedding Distribution

= Refine Target Prompt Based on Pseudo-Label

% Class description with based Prompts (A photo of a ‘dog”)
* Learnable Source-domain Prompts
i} Learnable Target-domain Prompt
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(a) Target prompt refinement.
(Same class from different domains)

(b) Effect of wrong Pseudo-label.
(Different classes from target domain)




Method

Prompt Learning with Source Domains
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Method

Prompt Learning with Target Domain
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1. Source prompt includes domain-invariant embedding;
2. The transferability varies based on their similarity
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Method

Clustering Refined by Optimal Transport
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3. The visual embeddings for each class tend to form a single cluster

in the embedding space;

4. Due to false pseudo-labels, the trained text embedding acts as a

prototype or centroid may fail to represent the entire cluster.
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Results

ImageCLEF Office-Home DomainMet
—-C =1 =P Avg —Ar —Cl —Pr —Rw Avg —Clp —Inf —Pnt —Qdr — Rel —Skt Avg
Zero-Shot Zero-Shot
CLIP [34] 87.9 882 787 8’1 712 50.4 81.4 826 71.4 CLIP [34] 61.3 420 56.1 103 793 54.1 50.5
Source Combined Source Combined
DAN [10] 933 92 716 817 685 594 790 825 724 DANN [11] 455 131 370 132 489 318 326
DANN [11] 037 918 719 878 654 591 195 827 T4 MCD WJ 543 221 457 16 584 435 385
D-CORAL[40] 936 917 7.1 875 681 586 795 827 722 DAPL [12] 624 438 593 106 BLS 546 520
DAPL[17] %60 8.2 760 871 78 519 826 837 728 Simple Prompt [4]  63.1 412 577 100 758 558 506
: - - - : : - : - : - PGA [32] 654 490 604 1.1 81.8 606 554
Simple Prompt [4]  93.6 90.6 809 884 707 529 829 839 724 CRPL (Ouss) 6 508 667 1056 %00 ¢€l1 558
PGA [32] 942 921 785 882 741 539 844 856 745 S . . . . i . -
CRPL (Ours) 948 945 817 903 766 604 865 868 776 Multi-Source
- M3SDA-3 [29] 586 260 523 6.3 627 495 426
Multi-Source SImpA1101 [45] 664 265 566 189 680 555 486
DCTN[51] 957 903 750 870 NA.  NA. NA  NA.  NA LtC-MSDA [49] 63.1 287 561 163 661 538 474
MDDA [57] NA NA NA NA 667 623 795 796 710 T-SVDNet [22] 66.1 250 543 16.5 654 546 470
SIMpIDA [45] 933 910 775 873 0.8 563 802 815 722 PESA [£] 645 292 576 172 672 551 485
MFSAN [58] 954 936 791 894 721 620 803 818 741 PTMDA [35] 660 285 584 13.0 63.0 541 472
MPA [4] 972 962 804 913 748 549 862 857 754 MPA [4] 652 473 620 10.2 820 579 541
MPGA [32] 93.8 957 B28 908 748 560 852 B6D 755 MPGA [32] 672 478 631 1.6 81.7 61.0 554
M-CRPL (Qurs) 962 960 823 915 768 635 876 875 789 M-CRPL (Ours) 67.6 514 670 1.1 793 606 562
Method Ar—Cl  Ar—»Pr Ar—Rw Cl—Ar Cl-Pr Cl»Rw Pr—Ar Pr—Cl ProRw Rw—Ar Rw—Cl Rw—Pr Avg
ResNet-50[16] 349 50.0 58.0 37.4 41.9 46.2 385 312 60.4 53.9 41.2 599 46.1
DANN [10] 45.6 59.3 70.1 47.0 585 60.9 46.1 43.7 685 63.2 51.8 76.8 57.6
JAN [25] 459 612 689 504 59.7 61.0 45.8 434 703 63.9 524 76.8 583
CDAN+E [27] 50.7 70.6 76.0 57.6 70.0 70.0 574 50.9 71.3 70.9 56.7 81.6 65.8
BSP+CDAN [5] 52.0 68.6 76.1 58.0 703 70.2 58.6 50.2 716 2 593 819 66.3
SymNets [54] 477 729 785 64.2 713 742 63.6 47.6 794 738 50.8 826 672
ETD [21] 513 719 85.7 576 69.2 73.7 57.8 512 793 70.2 575 821 67.3
BNM [6] 523 739 80.0 63.3 729 749 61.7 495 79.7 705 53.6 822 679
GSDA[17] 61.3 76.1 794 65.4 733 74.3 65.0 532 80.0 722 60.6 83.1 70.3
GVB-GD [7] 57.0 74.7 79.8 64.6 74.1 T4.6 65.2 55.1 81.0 746 59.7 843 704
RSDA-MSTN [15] 532 717 81.3 66.4 74.0 76.5 67.9 53.0 82.0 758 578 854 709
SPL [50] 545 77.8 81.9 65.1 78.0 81.1 66.0 531 82.8 69.9 553 86.0 71.0
SRDC [41] 523 763 81.0 69.5 76.2 78.0 68.7 538 81.7 76.3 57.1 85.0 7.3
DisClusterDA [42] 58.8 710 80.8 67.0 74.6 711 65.9 56.3 81.4 742 60.5 836 714
CLIP [34] 51.6 81.9 82.6 71.9 81.9 82.6 719 51.6 82.6 719 51.6 819 720
DAPL [12] 527 82.2 84.1 739 82.0 83.8 13.6 546 84.0 733 534 825 733
PGA [32] 537 83.9 85.0 732 839 84.6 732 538 84.1 735 53.1 853 739

CRPL (Ours) 54.7 84.1 84.6 74.3 83.2 83.7 73.7 534 84.6 74.5 55.5 855 74.4




Ablation

Inference Prompt  Ar Cl Pr Rw
e 290 535 63s CPL: CLIP zero-shot
T . B . - . .
CPL s 743 572 843 848 SPL: enhanced pseudo-labels derived from
Tavg 612 403 733 778 the source domains
T 758 629 866 872
SPL Ts 733 574 834 84.7
Tavg 58 581 836 853 LW strongly depends on the initial predictions
CPL only T 476 29.0 535 635
CPL with Ly 71 79 47 804 823
SPL only T 758 629 866 872
SPL with Ly 7p 76.8 635 875 876
Distance  Ar Cl Pr Rw  Average
Average 76.0 62.6 87.0 875 8.3
cosine 76.6 562 882 86.7 76.9
L2 76.8 635 875 87.6 78.9
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Motivation

Source domain Proxy Vil space

Proxy error o _
ll-h9

e
-

Latent domain-

o invariant space
In-training model

Adapting path =¥ Adapting direction —>Proxy error correction
Aligning to proxy space Desired adapting direction !

Considering the ViL model/space as a noisy proxy of the
latent domain-invariant space, with a need to be denoised.

Exploit the dynamics of domain adaptation process.



Method

Proxy Confidence Theory

Dist iation of Dy t - d? ~ dY
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(b) Confidence variation of Vil prediction T PRI

confidence at t

the impact of errors gradually increases
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Method

Proxy Confidence Theory

(a) Distance variation of Dr to D

DTt:U: Ds @ D
. d, v
g
00 g T\~
d/~d; d dy/~
Adapting Dr,_; . e
Ds : Source domain (O~ T>>0) .,;jfl-"df'” D
D, : Proxy space !
D; : Domain-invariant space d,T=dJ+ ey

D1, : In-training model at any time of t ﬂ

| ~ o)
I N\ t /
R T T t N (6, (x,).9,)

(0 Prediction with

(b) Confidence variation of ViL prediction confidence at t

N (8, (2:),6:) = P (Gpev) = True,t) P(V)

=proxy confidence * probability distribution

P(T,
P (Gp(v) = T?"ue,t) X P((Bf))

The effect of ViL model’ s prediction error is
approximately reflected by the discrepancy between
the source domain and the current in-training model



Method

Proxy Confidence Theory Proof
- Distance(Dr,, D;)  d}
DTt:U:DS (a) Distance variatiog of DTt to D, P (GP(V) =1 TT.&E,t) o Uggtaﬂce(i){; DI} = d_S’
. d, Dy
d%d’ d’ : d; _ KL(P(T)|PWD) _ Jr, P(Te)log ZidT:
v

ds KL (P(S)||P() Js P(8)log 2 dS
 — [y, P(T¥)log P(T)dT: + [,, P(T:)log P(I)dT;
— [ P(S)log P(S)dS + [, P(S)log P(I)dS

D1, : In-training model at any time of t ﬂ H(Tt) + log P{I)

Adapting
Ds : Source domain (0~ T>>0)
D, : Proxy space
D, : Domain-invariant space

H(S) +log P(I)

— o6 (x)
I VAN 3/ 1\ _ H(T)
| l‘ o e e i . . )// H(S) y
0 1 .o e T t _‘\-‘"(Hv (Xf),é'!)
] L . - Prediction with
(b) Confidence variation of ViL prediction () confidence at t H(Tﬁ) +log P(I} B H(Tt) P{T:)

H(S) +log P(I) H(S) ~ P(S)



Denoising mechanism

Distribution estimated by the current

+~ in-training model
P(T*)d-’ (3)
P(8)<— -~ = — = Source distribution

/
Insight: The effect of proxy errors on domain adaptation can be approximately estimated by

Theoretical results P (GP(V) — True, t) X

contrasting the distributions of the source modéland the current in-training model
7

/
I

A4
fi P (Gp(v) = True, t) P (V). _ - - - Vils prediction distribution
e . P(TY) N .
O Denoising design log (WP(V)) = log P(V) — [log P(S) — log P(T")]

I 2
_» P} = softmax (6, gbmz-, — w(fs g\mz — 0 (x;)]) (4)

. ’\ i\

! /’ | \

The corrected Vil prediction~ il O ViL model’s logit = Source model’s logit Current in-training model’s logit  11/18




Method

Proxy denoising

log [P (Gp(vy = True,t) P (V)] « log (‘;((%)) P(V))

Prompts [/ [
EEcLASS] .
o V) o ) P
B S | (6 (W) 1= b (i) — wh,
Initfl_izing '&f — 95 (;Bt) — 9-{; (mt) 1

/-Jl(—Lgtl el —> |<— Probability level =

Model parameters frozen # Parameters updating  [Tcos | Cosine-similarity . p; — SthmaK (93 (213«“ ‘U) - w[gb (:.I:g_) - H‘{ (mg)])

mm Learnable prompt context Softmax operation



Method

Mutual knowledge distilling

Prompts (J (M (d)
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i mm Learnable prompt context Softmax operation

# Parameters updating Cosine-similarity

LApt LRet
(&) . (&) ;
Lprobe = I(;ﬂill o *Eﬂ:-.;EXt MI (p;,pi) + ’)’Z geclogg. | —p ]E:I:iEXg Z]l [C = y;]lc’gpi,m
£,V
c=1 c=1



Results&Ablation

Method | Office-31 | Office-Home | VisDA | DomainNet-126
CLIP-R [33] 71.4 72.1 83.7 72.7
ProDe-R 90.0 82.9 89.9 81.5
CLIP-V [33] 79.8 76.1 829 76.3
ProDe-V 92.6 86.2 91.6 35.0
# | Lsyn Lper | Office-31  Office-Home  VisDA | Avg.
1 X X T8.6 59.2 492 62.3
2 v X 91.8 78.8 90.2 86.9
3 X v 86.5 83.2 90.7 86.8
4 v v 92.6 86.2 91.6 90.1
5 | ProDe-V w/opd 90.5 83.9 89.9 88.1
6 ProDe-V w/o source 91.2 84.6 90.2 88.7
7 ProDe-V w/o target 80.1 835 90.8 84.8
8 ProDe-V w proba 86.8 83.3 91.3 87.1




