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% Improved Self-Training for Test-Time Adaptation [1]
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Improved Self-Training for Test-Time Adaptation

Jing Ma
Huazhong University of Science and Technology
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Abstract Data : |
Test-time adaptation (TTA) is a technique to improve the

performance of a pre-trained source model on a target dis-

tribution without using any labeled data. However, existing

self-trained TTA methods often face the challenges of un- Unlabeled

reliable pseudo-labels and unstable model optimization. In Samp:lcs »

this paper, we propose an Improved Self-Training (IST) ap-

proach, which addresses these challenges by enhancing the

pseudo-label quality and stabilizing the adaptation process. ‘ Self-Training

Specifically, we use a simple augmentation strategy to gen-

erate multiple views of each test sample, and construct a

graph structure to correct the pseudo-labels based on the

Online
Prediction

Figure 1. An illustration of test-time adaptation. The approach
employs source models from a model zoo, where the source data is

similarity of the latent features. Moreover, we adopt a pa- unknown. Source models adapt to target domains using one batch
rameter moving average scheme to smooth the model up- of test samples at a time. Self-training is a key component for
dates and prevent catastrophic forgetting. Instead of using updating models and providing more accurate online predictions.
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< (2 Pseudo-Label Correction Algorithm —2) Label Propagation Process

Z7|2|0|2 WS HOlo1! 0|F 7 [HO = 2|0|= Tt XPES 71X 11EZ2| Pseudo-label M
Y(0) = Vijdnxm»  wWherey;j = pj(x;)
Y(t+1)=aSY(t)+ (1 —a)Y(0)
T-1
Y(T) = a7STY(0) + (1 — @) Z atSty (0)
t=0

y* = lim Y(T)=(1—a) I —aS)"1Y(0)
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< (2 Pseudo-Label Correction Algorithm —2) Label Propagation Process

27| 2l0[= AE= F2lotul OIF 7 [HOZ 0= Tt IFE= A 1EEC| Pseudo-label 29

Z7]| Label Y(0)
Sample x;7} Class j0i| 2t Predictive probability

Y(0) = Vijdnxm»  wWherey;j = pj(x;)

Y(t+1) =aSY(t) + (1 —a)Y(0)
T—1

Y(T) = aTSTY(0) + (1 — @) Z atSty(0)
t=0

Y*=1limY(T)=1—-a){—-aS)"1Y(0)

T—>oco
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< (2 Pseudo-Label Correction Algorithm —2) Label Propagation Process

27| 2l0[= AE= F2lotul OIF 7 [HOZ 0= Tt IFE= A 1EEC| Pseudo-label 29

Y(0) = Vijdnxm»  wWherey;j = pj(x;)

| abel Update
Y(t+1) =aSY(t) + (1 —a)Y(0) Z7| Label Y(0)2t tS7t Eriat i T2 | HEIHHIFE
ST A1 Y ()2 MEE LabelS Update

T—1
Y(T) = aTSTY(0) + (1 — @) Z atSty(0)
t=0

y* = lim Y(T)=(1—a) I —aS)"1Y(0)
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< (2 Pseudo-Label Correction Algorithm —2) Label Propagation Process

27| 2l0[= AE= F2lotul OIF 7 [HOZ 0= Tt IFE= A 1EEC| Pseudo-label 29

Y(0) = Vijdnxm»  wWherey;j = pj(x;)

Label Update (After T times)
Y(t+1) =aSY(t) + (1 —a)Y(0) YO = asY© + (1 — a)Y©®

Y® = asy® + (1—a)Y®

T-1
Y(T) =a”sTY(0) + (1 — tSty (0 = aS(asY©@ + (1 - )sY©@) + (1 —a)v©®
(T) = a"STY(0) + ( a);a (0) _ 28270 4 a1 — SYO +(1— Y ®

Y® = asy@ + (1—a)Y®
r*=lim¥(T)=1-a) - asS)~'Y(0) = BSYO + 2(1— @) S2YO + (1 — a)SY® + (1 — a)Y©

2 YD =aSTy(0) + (1 — a) ¥1-4 atsty(0)
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% (@ Pseudo-Label Correction Algorithm — 2) Label Propagation Process
Z7| 205 AHS Helol1 O|F 7 FHO= 0|5 [t LFES 1A 1= EC| Pseudo-label &4

Y(0) = Vijdnxm»  wWherey;j = pj(x;)

Label Update (After o times)
Y(t+1)=aSY(®)+ (1 —a)Y(0)
HAst B S = D~ Y2wD Y29 AHER p(S) <1
Hyperparametera < 1
Y(T) = a7STY(0) + (1 — @) Z atSty (0) imaTSTY(0) = 0
T—oo

hm 1—-a)YXIZtatsty(0) 7

y* = lim Y(T)=(1—a) I —aS)"1Y(0)

1=y (0)
(I -al) =

=(1-a) - aS)"1Y(0)
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< (2 Pseudo-Label Correction Algorithm —2) Label Propagation Process

27| 2l0[= AE= F2lotul OIF 7 [HOZ 0= Tt IFE= A 1EEC| Pseudo-label 29

Y(0) = Vijdnxm»  wWherey;j = pj(x;) ,
7 |& Pseudo-labeling

$(x;) = argmax{p.(%;)})-;
Y(t+1)=aSY(t)+ (1 —a)Y(0) ¢

T—1
Y(T) = aTSTY(0) + (1 — @) Z atSty(0)
t=0

ATt Pseudo-labeling

Y*=1limY(T)=1—-a){—-aS)"1Y(0) -
= y(x;) = arg mcax{pc(xj) X Harg max ky;fk:c};'n=1
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s Experiments Results — Test-time Adaptation
*  Batch Normalization, Self-supervised, Data Augmentation Strategy2| Test-time Adaptation?} H| ! A<
*  1EZO| Pseudo-labeling 7 [Et2] Self-training(Proposed)S %85t Test-time Adaptation®| 450|714 24815 5

Methods | SF | Gauss Shot Impul Defcs Gls Mim Zm Snw Frst Fg  Brt Cnt  Els Px  Jpg Mean
Source v | 288 229 262 95 206 106 93 142 153 175 7.6 209 147 413 147 | 18.3+0.00
TTT++ (Offline) [20] | # 128 1.1 11.2 7.3 171 82 65 94 99 79 50 51 137 88 10.6 | 9.6+0.00
SHOT (Offline) [19] | # 134  11.6 163 1.3 159 82 7.1 94 94 102 63 83 128 98 13.6 | 10.620.00
BN Adapt [27] v 159 137 180 7.8 183 89 8.0 108 96 127 61 94 135 143 145 | 12.1+001
TENT [30] v 145 124 177 1.7 177 88 79 103 9.6 120 6.1 9.0 134 11.3 145 | 11.5x0.02
MEMO [35] v 139 122 163 74 166 82 74 98 93 107 6.1 93 12,6 10.0 143 | 10.9+0.02
[TT++ (Online) [20] | ¢ 155 141 236 9.1 25.1 114 81 132 131 134 66 69 176 125 13.6 | 13.6+003
SHOT (Online) [19] | 145 123 177 1.8 178 87 79 104 96 121 61 90 134 114 144 | 11.5%0.02
Ours (Online) v | 128 114 149 67 158 77 69 89 86 101 56 8.0 119 105 128 | 10.2+0.04

Methods | SF | Gauss  Shot Impul Defes Gls Min Zm Snw  Frst  Fg Brt Cnt Els Px Jpg | Mean
Source v | 984 977 984 906 925 B8998 818 895 B850 863 511 972 853 769 717 | 86.2+0.00
SHOT (Offline) [19] | # | 73.8 705 722 79.2 80.6 585 540 536 630 473 392 9.7 487 46.1 53.0 | 62.5%0.00
BN Adapt [27] v | 87.1 906 895 87.6 934 80O 719 70.6 815 659 468 89.8 735 632 675 | 77.3x0.30
I'TT [29] v | 737 714  73.1 763 934 713 666 644 813 524 417 647 557 522 557 | 66.3+0.00
MEMO [35] v | 854 B1.0 835 941 925 725 605 640 725 520 414 971 558 50.7 57.5 | 70.7x0.05
TENT [30] v | 808 786 B804 825 825 721 605 63.7 667 521 392 842 555 50.8 582 | 67.2x0.02
SHOT (Online) [19] | « | 839 823 837 839 838 726 619 657 686 548 394 859 581 531 623 | 69.3+003
Ours (Online) v | 729 708 731 80.7 797 696 574 598 63.1 500 393 839 518 48.5 508 | 63.4+0.03
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“ Experiments Results — Ablation Study

«  Simple Augmentation, Pseudo-labeling Comrection Algorithm(PLCA), off/online A&i0]| 2 Ms H|w
> Offline: 2= EIAE HIO[E1Z SHHO| B2 7 VS8, O P L0 [E0] CHEtRHERS O / Online: EIAE HIO[B{E =AO R Qf= OFM H|O [E{01] CHSt RS S X
«  PLCAQ| XMR0| M= M5 SHI0| AN O Z 246HH Simple Augmentationzt =4S I O =2 Ms Shag H
S S - > S S - &
v | < < S 5 | & & S Pl
S| & & & § & ISl §F 8 § &
Methods = O O g @ $ = C O g ¢ $

CLIP (zero-shot) [25] = 68.7+0.0 37.9+0.0 744+0.0 53.9+0.0 55.8+0.0 —_ 78.1+0.0 41.2+0.0 77.5x0.0 60.7+0.0 58.2+0.0
Ours (StmpAug) bl 69.0+0.1 38.7+0.1 754+0.0 54.0+0.0 56.8+0.0 E 78.8+0.1 42.0+0.1 7T8.7+0.0 61.0+0.0 59.2+0.0
Ours (PLCA) g 78.9+0.1 49.0+0.1 80.8+0.0 62.0+0.0 60.9+0.0 E 84.2+0.1 55.0+0.1 83.9+0.0 68.8+0.0 63.2+0.0
Ours (Online) E 83.0+02 52.8+04 7T9.5+0.2 56.9+04 58.3+0.1 @ 89.1+0.1 59.0+0.2 82.6+02 64.0+03 60.1+0.0
Ours (Offline) 84.6:0.1 54.1+0.5 81.0£0.0 65.9+0.1 60.2+0.0 R~ 92.1+0.1 63.4+0.1 85.1+0.0 71.4+02 62.6+0.0
CLIP (zero-shot) [25] 88.8+0.0 61.1+0.0 80.7+0.0 58.6+0.0 359.8+0.0 89.3+0.0 64.0+0.0 B86.6+0.0 63.9+0.0 64.5+0.0
Ours (SimpAug) E 89.6+0.1 62.1+0.1 82.3+0.0 58.9+0.0 61.1+0.0 g 00.1+0.1 65.7+0.1 §87.620.0 64.3+0.0 65.5+0.0
Ours (PLCA) i 02.8+0.1 69.7+0.1 86.1+0.0 65.7+0.0 65.8+0.0 i 94.3+0.0 73.0+0.1 90.3+0.0 71.0+0.0 69.9+0.0
Ours (Online) = 02.9+0.1 72.1+0.2 86.3+0.1 62.1+0.3 62.1+0.1 = 04 8+0.0 74.6+0.1 90.2+0.0 67.0+x0.1 67.2+0.1
Ours (Offline) 95.7+00 75.9+0.1 87.1+0.1 69.320.0 66.2+0.0 96.4+0.0 78.5+0.1 91.8+00 73.4+0.1 72.0+0.1
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% SwapPrompt: Test-Time Prompt Adaptation for Vision-Language Models [2]
o 202430] MIQt=! Self-supervised Leaming 7 |Et Test-time adaptation BHHE(CVPR, 20254 2€ 71& 313|212
« [HZ SkE 718t9| Self-supervised Leaming Sk BiAlIE S5l Online2 2 PromptE Updatesdt= Vision-Language Model KRt

SwapPrompt: Test-Time Prompt Adaptation for
Vision-Language Models

Xiaosong Ma Jie Zhang *
Department of Computing Department of Computing
The Hong Kong Polytechnic University The Hong Kong Polytechnic University
Hong Kong, China Hong Kong, China
xiaosongl6.ma@connect.polyu.hk jie-comp.zhang@polyu.edu.hk
Song Guo Wenchao Xu
Department of Computer Science and Engineering Department of Computing
Hong Kong University of Science and Technology The Hong Kong Polytechnic University
Hong Kong, China Hong Kong, China
songguo@cse.ust.hk wenchao.xu@polyu.edu.hk
Abstract

Test-time adaptation (TTA) is a special and practical setting in unsupervised do-
main adaptation, which allows a pre-trained model in a source domain to adapt to
unlabeled test data in another target domain. To avoid the computation-intensive
backbone fine-tuning process, the zero-shot generalization potentials of the emerg-
ing pre-trained vision-language models (e.g., CLIP, CoOp) are leveraged to only
tune the run-time prompt for unseen test domains. However, existing solutions
have yet to fully exploit the representation capabilities of pre-trained models as
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< 7|& Vision-Language Model®| |1
« CHEHOI Vision-Language Model2= CoOp [3], TPT [4] Z112|Z0] LOLL Ozt Z+2 $H{I-H0| Z=XH&t
> CoOp[1] : ZEZE sk5Z Ploll LabelO| ZelE HO|E7H EIQ0HH EFI EH|QIQ=0| MI3=0| Cht oks a2 =X
> TPT[2] : AEZL| X|AS}HERA0| o|=517 | ME0]| over-confidence 22X L MZ2 CH|QI0| 25t ME245 HO|X| 28t

Prompt EMA Prompt
Prompt S Prompt — (farggt)<_(Opl|ne)
v v
Text Text
Encoder . Encoder Tex;
. ! . Encoder
Label: Dog Label:?
“ EImage :::D Image D::D “‘ Image I I: L LXJ :I L1 W_
A" ‘ ncoder Similarfty Encoder Minimize "‘ Encoder MT T T T 1
- Entropy “ Swapped Prediction
LabeledImages Unlabeled Images
Unlabeled Images
(Augmentation)
[ CoOp Framework ] [ TPT Framework ] [ SwapPrompt Framework ]
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% SwapPrompt: Test-Time Prompt Adaptation for Vision-Language Models [2]
«  Vision-Language 220{|A2] PromptE “Online Prompt” 2t “Target Prompt” 2 S8t £2[610] &k5 &8 2tH

Target Prompt ¢, :\_-“i_i EN s | \I

EMAI—-—____-__‘—_—__-—-_-—-—_— Text
___________________ Encoder
[ALASS] }—»
aaa s e s s SAAaaaa . i Text Features w,
pi = {po(clAy (x))}o=4 q; = {po(clA; (x))}e-,
Image
Encoder .. ...
p7 = {po(clA; (%))}, q; = {po(clAy(x))}-q

Image Features Z;
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% SwapPrompt: Test-Time Prompt Adaptation for Vision-Language Models [2]
*  Vision-Language 2Z0{|A2| PromptE “Online Prompt” 2t “Target Prompt” £ S&k2 £2[610 sks &2 &t

Target Prompt £ EEEEE s | Online Prompt ¢, Target Prompt ¢;
EMA| :
oo oo | Online Prompt ¢, Target Prompt ¢,
OniinePromptt, ¢ [ NI osss > a0 oy orea g mane OnlePronoto| 71228
< =ASERERE =S HII5 = EMAHHE
o15t A2 B0 [E40l| i HElI0|E SHe =L 2k nEnE
= El= 8 7Ksstogne TEEEsEEIST

HEHOIE LA | 28 Lo Lpsead) 7IHIO2 S | OnlinePromptel EMAZ ZEOIE

L W 4510 IO EO S SH285] B1510 O RS bIE
U S IO 2R 2 e

SA S AR EE
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% SwapPrompt: Test-Time Prompt Adaptation for Vision-Language Models [2]
«  Vision-Language 220{|A2] PromptE “Online Prompt” 2t “Target Prompt” 2 S8t £2[610] &k5 &8 2tH

Target Prompt ¢, :\ RN asss | \|
E,\]‘AI‘"""“"""“’ Text
___________________ Encoder
[ALASS] }—»
TEIIIITTTTEEE i Text Features w,
] X
p; = {po(clA; (x))}ocy a; = {po(clA; (x))}es4
Image
Encoder ... ...
p; = {po(clAz(x))}ecy q; = {po(clA(x))}e,
Image Features Z;
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% SwapPrompt: Test-Time Prompt Adaptation for Vision-Language Models [2]
* Vision-Language 2 EHIM2| PromptE “Online Prompt” 2t “Target Prompt’ 2 &gk 22010 sk &2 st

Target Prompt t; | - REEE aas _J \|
EMAI—-___-—--_‘—_—_____-—-—__ Text
--------------------- ‘ Encoder
Online Prompt z, - BEREE oss I$—
e e s e e e SRS i Text Features w,
p; = {po(clAs (x))}e, a; = {po(clA; (x))}es4
Image
Encoder
p; = {po(clAz(x))}ecy q; = {po(clA(x))}e,
Image Features Z;
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% SwapPrompt: Test-Time Prompt Adaptation for Vision-Language Models [2]
Vision-Language 2 2HIAM2| PromptE “Online Prompt” 2} “Target Prompt” 2 &k 225104

ol
o>

[

0
0x
Jhot
HI

Text Features w,
pi = {po(clAy (x))}e=1
exp(sim(z}, w) /T Pl = (9, (cl4, )Yy at = (o (c14, Ce)Yocy
Pe(clds(x)) = ¢ T
2j=1€xp(sim(z;,w;)/t
HIAE OAMIS HIOIS SI= 7 ALK —
Ll pE = (po (el Ay (r))ecs a7 = (o (el A, (o) Yoy

Image Features Z;
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% SwapPrompt: Test-Time Prompt Adaptation for Vision-Language Models [2]
*  Vision-Language 2Z0{|A2| PromptE “Online Prompt” 2t “Target Prompt” £ S&k2 £2[610 sks &2 &t

Text Features w,
SwapPrompt= & Loss 7 [HEO 2 §k50| ZIgy
(Dﬁswap : :
M CIE 3Z20| 0)50| Y=L 8l50H= RS 7 [HH &4E p! = {p,(clA; (x))}, a; = {po(clA;(x))}ezs
@ *Cpseudo .. ..
Zero-Shot CLIPO 2 AiAi5H Pseudo-labelS &12510
OEOES A|M5lol= A p? = {po(clAz(x))}5-4 q? = {p,(clA;(x )},

Image Features Z;
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< SwapPrompt: Test-Time Prompt Adaptation for Vision-Language Models [2]

«  Vision-Language 220{|X2] PromptE “Online Prompt” 2t “Target Prompt” £ &i&ts 22[610

SwapPrompt= & Loss 7 [HEO 2 §k50] ZIgy

@ stap

NE CE 3429 0|S0| YT 5 shaok= CHEskS 7|4t
(12 2 1
Lswap = 4(0.q7) +40F.q1)

C
L) == ) e (cl400) bogpo(ciy ()
c=1
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% SwapPrompt: Test-Time Prompt Adaptation for Vision-Language Models [2]
*  Vision-Language 2Z0{|A2| PromptE “Online Prompt” 2t “Target Prompt” £ S&k2 £2[610 sks &2 &t

Text Features w,
SwapPrompt= & Loss 7 [HEO 2 §k50] ZIgy
@Lpseudo . .
Zero-Shot CLIPO 2 44445t Pseudo-labelS &&5101 1 _ I 1 )Y
OETES HX3I51= 2AIBK y Pi = Po(clAr1(x))}é=y q;i = {po(clA; (x))}e=4
Lpseudo =3 gce(piliyi) +£ce(pi21§’i) - B
p7 = {po(clA; (%))}, q; = {po(clAy(x))}-q

y; = arg max clx;
Yi = arg = Peup(clx;) Image Features Z;
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% SwapPrompt: Test-Time Prompt Adaptation for Vision-Language Models [2]
*  Vision-Language 2Z0{|A2| PromptE “Online Prompt” 2t “Target Prompt” £ S&k2 £2[610 sks &2 &t

e ———— -~
Target Prompt ¢, :\-.--- asss |+
EMAI """"""""" Text
R ——— . Encoder
Ontine Prompt ¢, « I onss |oF
--------------------- =/ Text Features w,
Lodap = HIEEC Z Online Prompt £, ¢JHI0|E .-
t* = agmin L(f, 9t Drest) : :
pil = {Po(C|A1(xi))}(c::1 qll = {po(C|A1(Xi))}g=1
t, =€t +(1-O),
p7 = {po(clA; (%))}, q; = {po(clAy(x))}-q
Ires Z; Ladapt(xi) = astap + ﬁLpseudo
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% SwapPrompt: Test-Time Prompt Adaptation for Vision-Language Models [2]
 1471X| H|0|E4AlI0]| CHSHO 47 EX] Vision-Language Models2te] A& Hlul
> CoOpl2] (Labeled Data AR), UPL[3], TPT4]

*  HIRt5k= SwapPrompt2] MS0| 7FE LAZHOH, Online A&0IME MS SIEHZ0] IX| fh= 85 2742 B

ImageNet-Sketch

Caltech101
DTD
Flowers102
Oxford-Pets
UCF101
StanfordCars
Foodl01
EuroSAT
SUN397
ImageNet
ImageNet-V2
ImageNet-A
ImageNet-R

Method
CoOp [17] 88.76 54.62 83.98 87.44 66.71 61.83 73.79 61.68 64.33 61.23 55.29 2341 56.96 35.64

CLIP[16] 85.13 42.16 65.40 83.05 61.15 55.65 74.23 37.60 58.55 58.18 51.36 21.69 55.98 33.33
UPL [24] 86.37 45.04 67.11 88.53 63.63 58.46 74.38 4140 61.07 61.19 52.07 23.59 57.09 36.40
TPT [19] 87.22 42.17 65.42 84.60 61.18 58.49 74.88 43.82 61.46 60.74 54.35 26.24 58.72 35.02

SwapPrompt 89.90 47.34 70.22 89.14 65.66 59.60 75.08 46.64 63.93 61.80 53.94 24.46 60.88 38.21
A +2.68 +2.30 +3.11 +0.61 +2.03 +1.11 +0.20 +2.82 +2.47 +0.61 -041 -1.78 +2.16 +1.81
+ Online 89.69 46.40 68.12 88.97 64.52 58.88 75.66 4245 63.36 61.41 52.93 2442 60.25 38.13
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% SwapPrompt: Test-Time Prompt Adaptation for Vision-Language Models [2]
Swapped Prediction?| 228= &&= U= Ablation Study &3 Zu}
Unsupervised Prompt Leaming®| Z210| &= UPL [3] 2112IE2 BasisZ 610 ComponentsE F71olH

*  Unlabeled Data2| Augmentation 221} Swapped Prediction StrategyS X235t SwapPrompt2] s SIS 2!

ImageNet Caltechl01 DTD Flowersl02 Oxford-Pets UCFI101 | Average
UPL [24] 61.19 86.37 45.04 67.11 88.53 63.63 68.65
UPL+AUG 61.30 87.75 46.04 68.43 87.67 65.15 69.39
SwapPrompt 61.80 89.90 47.34 70.22 89.14 65.66 70.68
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% SwapPrompt: Test-Time Prompt Adaptation for Vision-Language Models [2]
«  Swap A0 [} &5 Haf H|w! 2

« IOEOE 7HL), U0 SZ= 7HL,), J2|1 ZEEE F |08 SZE ZHlayey) S MIRIGHE Layey01 71 =2 M52 EY
I I [ --- | | | I [--- | ||l I [ --- | | | I [ --- | | I | | |
Pi = Po(clA(xi)}eey +—> a7 = (PolclAr (xi))}ezy pi = {po(clAr(x)}e=s a; = {po(clA (xi))}i=y {po(cml(xl))}g 1><q (c|A1(x1))}£ 1
! !

I I [ | | I [ -] ||l I [ --- | | | I [ -] | I | | |
pi = o (clAz(x))¥ecy > a@f = (Po(clA2(xi))}es P = {po(clAz(x))}e=y a7 = (P (clAz (xN}oy {po(CIAz(xl))}E 1 - _{po(CIAZ(x D)}

L1 LZ stap

Caltech101 DTD Flowers102 Oxford-Pets UCF101 Average

L, 87.38 47.22 69.63 87.71 64.68 71.32

L, 88.45 46.69 69.28 87.30 64.46 71.24

Lsuap 89.90 47.34 70.22 89.14 65.66 72.45
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% Test-Time Domain Adaptation by Leaming Domain-Aware Batch Normalization [5]
e 2024A0]] ®[Ot=] Batch Normalization 7 £ Test-time adaptation BFHZ(AAAI, 20254 28 7% 133] 218

«  XIAXQI1 Batch Normalization L2 |E] 2274 HitH 2 HIE} 2{'HS 220t B ok BIAIO| TTA BitHE Xj|ot

Test-Time Domain Adaptation by Learning Domain-Aware Batch Normalization

Yanan Wu'?*, Zhixiang Chi**, Yang Wang’, Konstantinos N. Plataniotis®, Songhe Feng'>"

'Key Laboratory of Big Data & Artificial Intelligence in Transportation,
Ministry of Education, Beijing Jiaotong University, Beijing, 100044, China
2School of Computer and Information Technology, Beijing Jiaotong University, Beijing, 100044, China
3The Edward S Rogers Sr. ECE Department, University of Toronto, Toronto, M5S3G8, Canada
4Department of Computer Science and Software Engineering, Concordia University, Montreal, H3G2J1, Canada
{ynwu0510,shfeng } @bjtu.edu.cn, zhixiang.chi @mail.utoronto.ca, yang.wang @concordia.ca, kostas @ece.utoronto.ca

Abstract ( TT-DA setting for an unseen target domain
. . . . . Unlabeled ~ oo ¢

Test-time domain adaptation aims to adapt the model trained —> O O o O O (3
on source domains to unseen target domains using a few un- ¢ j g :
labeled images. Eme.rgm.g research has shown l_hal the lqbel Adaptation | | Inference |
and domain information is separately embedded in the weight & :
matrix and batch normalization (BN) layer. Previous works -
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+ WILDS Hix|0t= |0 [EA10 Tt Out-of-Distribution(O0D)2] ks AS0]| CHEH AL
«  WILDS HIX|0f= Ci|lO[EAN L CMA7EX] 22| EEH|210]] Lol =2 25 52 BY

> Domain-awareSt Meta-auxiliary leaming?| &1}

Methods iWildCam Camelyonl7 | RxRxl1 FMoW PovertyMap

Acc  Macro F1 Acc Acc WC Ace Avg Ace | WC Pearsonr Pearsonr
ERM 71.6+2.5 31.0+1.3 | 703+6.4 [299+04 |32.3+1.25 53.0+0.55| 0.45+0.06  0.78+0.04
CORAL 73.3+4.3 32.8+0.1 59.54+7.7 |28.4+0.3|31.7£1.24 50.5£0.36| 0.44+0.06 0.78+0.05
Group DRO |72.742.1 239420 | 684+73 |23.0+0.3|30.8+0.81 52.1+0.5 0.394+0.06  0.75+0.07
IRM 59.843.7 15.1+£49 | 64.248.1 8.2+1.1 |30.0+1.37 50.840.13| 0.43+0.07 0.77+0.05
ARM-CML |[70.5+0.6 28.6+0.1 842+1.4 |17.3+£1.8|27.2+0.38 45.7+0.28 | 0.37+0.08  0.75+0.04
ARM-BN |703+24 23.7+27 | 87.2+09 |31.24+0.1|24.6+0.04 42.0+0.21| 0.49+0.21  0.84+0.05
ARM-LL |71.44+0.6 274408 | 84.2+2.6 |24.3+0.3|22.1+0.46 42.74+0.71| 0.41+£0.04 0.76+0.04
Meta-DMoE | 77.24+0.3 34.0+0.6 | 91.44+1.5 |29.8+£0.4|35.4+0.58 52.5+0.18| 0.51+0.04  0.80+0.03

PAIR 749+1.1 279409 74.04+7.2 | 28.840.0 [ 35.4+1.30 - 0.474+0.09 -
MABN (ours) | 78.4+0.6 38.3+1.2 | 92.4+1.9 |32.7+0.2|36.6+-0.41 53.2+0.52| 0.56+0.05 0.84+0.04
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SISy, /0] E=HIQ XAS F SEEZH=X] Eloloh= A
> Noadapt : HLE X3 k5 ¢10] Affine Parameter ZICHE AR
> Not matched : Ct= EM|Q12] ParameterE RandomaiA| AFE

> Matched : SHE H|212] ParameterS XZEGIH| Al

Adapted (7, ﬁ) | No adapt Not-matched Matched

Accuracy 74.69 72.39 78.40
Macro-Fl1 36.77 33.32 38.27
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Ablation Study : H[OtHiH=Z0| RO 1M Q A(SSL, Affine Parameter Update, Meta—auxiliary training) &k &A1
> SSL : BYOLHES Sst Ly, HE E
> Param. : A Z2}0[E{(All), Batch Normalization Z&| 20 |E{(BN), Affine Zi2H0|E{(Aff)2t AHO0|E
> TS : Main Taske} Auxiliary TaskE SA|0f|(joint) k5ok= WAL HIER{ 7|Eie] Sk5(Meta)
> Adapt : Test-Time Adaptation X& 05

iWildCam
Index| SSL Param. TS Adapt Ace F1

1 X All CE X 68.7 31.3
2 v All Joint X 70.5 33.2
3 v BN Joint v |68.2 30.5
4 v Aff Joint v 71.1 339
5 v All Meta v [72.0 294
6 v Aff Meta X 747 36.8
7 v Aff Meta v |784 38.3
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% Test-Time Adaptation 2| ZQAN ==
«  HAE APEN G0 227} Halol= A0 ME2et o~ = Z7iet YIS SS 2= Adaptation ModelO| 22

¢ Test-time Adaptation?| 25— St2o= HAI0f| 2} ZA| 1) Self-training, 2) Self-supervised, 3) Batch Normalization= LI

1) Self-training strategy - Improved Self-Training for Test-Time Adaptation
o H|WA ZHASHHO[E] 32 LA SimpleAug)2| REXiE 2iSet

« KR! Pseudo-labeling ZiK| HAIO1 Pseudo-Labeling Correction Algorithm(PLCA)S HIQt

2) Self-supervised strategy - SwapPrompt: Test-Time Prompt Adaptation for Vision-Language Models
» PRI PromptE Online & Target Prompt2 2&to}0] R=f= L0 [EDICIS] £EE OnlineC 2 Sk
« 4745t Contrastive Leaming 7 [£t2] Swapped Prediction 28 H[Qt

3) Batch Normalization strategy - Test-Time Domain Adaptation by Leaming Domain-Aware Batch Normalization
Domain-awareet Meta-leaming 7 |91 2 MO O 2 PMel= T ekaS 7isolH &
«  EMIQIEEE SkESk= Auxiliary TaskHE5/S1H2] Main TaskE H=0l0] =2 0IE Ms2 24
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