Vision Language Model-based
Test-Time Adaptation

2025.4. 17
Data Mining & Quality Analytics Lab.

;A;
2t o




B 2EX AN

&N

Data Mining
Quality Analytics

| Xt

% 223 (Sunhyeok Hwang)
J2iChstul UHITHSIR] MAABZ S} XS]
Data Mining & Quality Analytics Lab, (ZHAJH it

A - WAL SIS 9517 X} (2022, 03 )

¢ Research Interest
Test-Time Adaptation

Vision Language Model
Domain Adaptation/Generalization

s Contact
shhwang1@koreaackr




Contents

%+ Introduction
*  Background
> Test-time Adaptation
> Vision Language Model

%+ Vision Language Model-based Methods
»  Zero-shot Leaming
> Efficient and Context-Aware Label Propagation for Zero—/Few-Shot Training-Free Adaptation of Vision-Language Model (CLR 2024)
*  Test-time Prompt Tuning
> R-tpt Improving adversarial robustness of vision-language models through test-time prompt tuning (CVPR 2025)
*  Encoder Tuning
> Batdlip:Bimodal online test-time adaptation for clip (CCV/ 2025)

¢ Conclusion

Data Mining
o.:.o Quality Analytics




1. Introduction

Data Mining

.:.o Quallity An Iyt




I Introduction

Data Mining
o.:.o Quality Analytics

T[9!

X2 HHHE (Domain Adaptation)

- M2 EEE CHOI G|O|EAIZH QH
S7: QABHRIEH EEIL NE 42T

diel ds= =0I= YEE

~

Labeled Source Domain

Labeled Source Domain

a

/




I Introduction

Data Mining
o.:.o Quality Analytics

)
6.
=

Q1 M2 UHHE (Domain Adapt

— ME C}E EHQ HO[EAIZE Udiel @SS =0|= WEE

-

Labeled Source Domain
Labeled Target Domain
D - / -
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
cat O
Labeled Source Domain E25
Cat >

Labeled Target Domain /




I Introduction

Data Mining
o.:.o Quality Analytics

£ (Domain Adaptation)

o
cHold=d
Hist MsS =0|= 8=

S M2 EEE QI HO[EAIZH Y
ST KA 227t M= AZHOHE

. (Dog %
Labeled Source Domain i B
> wget Do
Dog % - -
-
-
o ) -
-
-
— - P g
- -
_ - - -~
_-" -
- -
- -
- P4
. -~
Cat P e
Labeled Source Domai .
Cat
ms"m Labeled Target Domain

v E QIS E Alignmentohi RE HESL|CE OEEXH

/




I Introduction

HAE A XMS BHHZ (Test-Time Adaptation

— Source Domain| =2 10| E|AE APEC| 22 Target Domain GIO|EIE Z LIS}

Labeled Source Domain Labeled Source Domain
e

#

i Labeled Target Domain =Y Labeled Target Domain

K v HAE ARH0IM ShEE 220 S EAIM 22X Z8HEES HO[E7 H R UECHH? j

Data Mining
o.:.o Quality Analytics



I Introduction

Background

HAE A XMS BHHZ (Test-Time Adaptation

— Source Domain2| =2 210] HIAE AH2| 22 Target Domain HIO|EIE & bS5}

/ ex M= Redipe &&!(Categorical Variables) \
| SapeNo. | Sept | sep2 | oS3 | oo | sept0 | v |

Y
1 A K AA S Z 059
2 B L AB Z 066
Train 3 B K AA Y 058
(Source Domain) 4 A K AC Y 061
Test 998 K AC M ?
1000 B 0 AD M ?
\ v HIAE AIMOfA ek5El 220 2f= EHA0A EX| 2ot 22| G0 | EIEICHH? /

Data Mining
o.:.o Quality Analytics




I Introduction

EHIAE AJM M2 UHHE (Test-Time Adaptation)

— Source Domain2| ==& §10] EIAE A[H2| M=2 Target Domain H|O|EIS & 2tet

4 N

Pre-trained Model ﬂ Alignment0i| L=
(CLIP, ALIGN, ...) U Model Update

Et%@ﬁzouhldoeledTargetDala—Onhne_%' o= 2l

—————————————————————————————————————————————————————————————————————————————————

N o o o o e e e e = = e e e e e - - -

Data Mining
o.:.o Quality Analytics



I Introduction

H|M-210{ 2 (Vision-Language Model, VLM)

- Texto] E22 o} 0|0[XIe] O|n|E O35t 5t HE|DY 31 P

CLIP p(y| x)
[ “A photo of a [CLASS]"} »  Text >
Encoder
Text Prompt / -
cosine Y 3 " "
similarity® " |3 — "A photo of a Cat
>
£ e cLIP
» Vision — —— Dog Bird Cat
3 i £ Encoder
S e Rd

Input Image

. CLIP Algorithm
o.:.o gigitr\; ‘/r\wr‘wr;glyﬂcs




I Introduction

VLM-based Test-time Adaptation
— Test-time Adaptation =XIZ VLMS &25} olidol= W=

\ o

CLIP p(yl x)
[”A photo of a [CLASS]"] —  Text
Encoder

\ 4

Text Prompt

cosine Y

O—

similarity

— "A photo of a Cat”

uompipaid

A

cup
Vision Dog Bird Cat

Encoder

v

' Unlabeled DataZ}
|| axisoz Y

Q..DoTaMmmg e . Cooooo,e WEEEEE W TTTTTTT L
A Y Quality Analytics




I Introduction

VLM-based Test-time Adaptation
— Test-time Adaptation =XIZ VLMS &25} olidol= W=

‘ “A photo of a [cat]"dr —

A
RAAMA [cat]? —

“A photo of a [cat]” ] —
Text Prompt = Learnable context tokens = Text Prompt =
cosine E cosine 2 cosine Y E{_
% similarity :. %, 5 similarity: % (’, similarity :. %'
= -] s
CLIP B0l CcLP CcLpP
Vision ——» —— e Vision —» —— TN Vision ——» ——
Encoder : , Encoder - 4 Encoder
} A Rd ' koo R4
Input Image

R '
Input Image

Input Image

(a) Zero-shot CLIP (b) Test-time Prompt Tuning (c) Test-time Encoder Tuning

Data Mining
o.:.o Quality Analytics



Efficient and Context-Aware Label Propagation for Zero-/Few-

Shot Training-Free Adaptation of Vision-Language Model
(2024 ICLR)




B Methods

&N

< Efficient and Context-Aware Label Propagation for Zero-/Few-Shot Training-Free Adaptation of Vision-Language Model [1]
202450]| H[QF=

Data Mining
Quality Analytics

SAHE B} TJ2HZ 7 |HE propagationS 25 1E%! pseudo-label 444 L QPHXO1 adaptation

Label propagation 7 |2t training-free test-time adaptation 2=

Published as a conference paper at ICLR 2025

EFFICIENT AND CONTEXT-AWARE LABEL PROPAGA-
TION FOR ZERO-/FEW-SHOT TRAINING-FREE ADAP-
TATION OF VISION-LANGUAGE MODEL

Yushu Li'%%*, Yongyi Su'-?*, Adam Goodge®, Kui Jia®?, Xun Xu®'

! South China University of Technology

2 Institute for Infocomm Research (I2R), A*STAR

* School of Data Science, The Chinese University of Hong Kong, Shenzhen

! Shanghai Al Laboratory

eeyushulif@mail .scut.edu.cn, eesuyongyil@mail.scut.edu.cn,
goodge_adam david@iZr.a-star.edu.sg, kuijiafcuhk.edu.cn,
xuxun@iZr.a-star.edu.sg

ABSTRACT

Vision-language models (VLMs) have revolutionized machine learning by lever-
aging large pre-trained models to tackle various downstream tasks. Although la-
bel, training, and data efficiency have improved, many state-of-the-art VLMs still
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Method | ImageNet Flower DTD Pets Cars UCF Caltech Food SUN Aircraft EuroSAT |Mean
CLIP-RN50 (Radford et al., 2021) | 58.16  61.75 40.37 83.57 55.70 58.84 85.88 73.97 58.80 1566 23.69 |56.04
DN (Zhou et al., 2023) 60.16  63.32 41.21 8192 56.55 55.60 87.25 74.64 59.11 1743  28.31 |56.86
TPT (Shu et al., 2022) 60.74  62.69 40.84 84.49 58.46 60.82 87.02 7488 6146 17.58 28.33 |57.94
DiffTPT (Feng et al., 2023) 60.80  63.53 40.72 83.40 60.71 62.67 86.89 79.21 62.72 17.60 41.04 |59.94
VisDesc (Menon & Vondrick, 2023) 59.68 65.37 4196 82.39 54.76 5847 88.11 76.80 59.84 1626  37.60 |58.29
Ensemble (Zhang et al., 2022) 60.32  66.10 40.07 85.83 55.71 61.33 8394 77.32 5853 17.10 37.54 |58.53
CALIP (Guo et al., 2023) 60.57 66.38 42.39 86.21 56.27 61.72 87.71 7742 5859 17.76  38.90 |59.45
CuPL (Pratt et al., 2023) 6145 6544 48.64 84.84 57.28 5897 89.29 76.94 62.55 1959  38.38 |60.31
SuS-X (Udandarao et al., 2023) 61.84 67.72 50.59 85.34 57.27 61.54 89.53 77.58 6295 1947 4557 |61.76
DMN (Zhang et al., 2024b) 62.02 68.33 50.53 86.29 58.36 64.02 89.09 74.69 63.70 20.22 4494 |62.02

DMN* (Zhang et al., 2024b) 63.87 6793 5041 86.78 60.02 65.34 90.14 76.70 64.39 2277  48.72 |63.37
TDA (Karmanov et al., 2024) 6135 68.74 43.74 86.18 57.78 64.18 89.70 77.75 62.53 17.61 42.11 |[61.06
ZLaP' (Kalantidis et al.. 2024) 6220 69.27 42.79 80.32 56.42 62.81 86.90 77.87 61.83 17.37 3185 159.06
|ECALP (Ours) 62.64  69.39 54.49 88.20 60.56 66.67 89.94 76.97 64.97 21.12 _ 49.09 64.00]
CLIP-ViTB/16 (Radford et al., 2021)| 66.73  64.44 4427 88.25 6548 65.13 9335 83.65 62.59 23.67 42.01 |63.87
Ensemble (Zhang et al., 2022) 68.34 6699 45.04 86.92 66.11 65.16 93.55 82.86 65.63 2322 5042 |64.93
TPT (Shu et al., 2022) 68.98 6898 47.75 87.79 66.87 68.04 94.16 84.67 65.50 2478 4244 |6545
DiffTPT (Feng et al., 2023) 70.30  70.10 47.00 88.20 67.01 68.22 9249 87.23 65.74 25.60 43.13 |65.90
DMN (Zhang et al., 2024b) 70.51  75.32 54.85 91.22 67.01 7195 93.63 84.05 69.14 2829 56.22 |69.29

DMN#*(Zhang et al., 2024b) 7225 7449 55.85 92.04 6796 72.51 9538 85.08 70.18 30.03 5943 |70.47
TDA (Karmanov et al., 2024) 69.51 7142 4740 88.63 67.28 70.66 94.24 86.14 67.62 2391 58.00 |(67.71
ZLaP' (Kalantidis et al., 2024) 70.17 7349 48.58 87.14 65.63 7145 93.06 86.92 67.44 2544 55.62 |67.72
ECALP (Ours) - 71.26 7596 56.32 92.31 68.20 75.44 94.40 85.72 70.35 2949  56.53 70.54|

Fine—grained Categorization & Ms
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Method |]111agﬂNEt—A ImageNet-V2 ImageNet-R ImageNet-S | Mean
CLIP-RN50 (Radford et al., 2021) | 21.83 5141 56.15 33.37 |4ﬂ.f:‘)
CoOp' (Zhou et al., 2022b) 23.06 55.40 56.60 34.67  [42.43
CoCoOp' (Zhou et al., 2022a) 23.32 55.72 57.74 3448 (4282
TPT (Shu et al., 2022} 26.67 54.70 59.11 35.09 (4389
DiffTPT (Feng et al., 2023) 3106 55.80 58.80 37.10 (4569
CALIP (Guo et al., 2023) 23.96 53.70 681 35.61 43.52
TDA (Karmanowv et al., 2024) 30.29 5554 62.58 3812 [46.63
DMN (Zhang et al., 2024b) 28.57 56.12 61.44 39.84 (4649
[ECALP (Ours) 28.80 56.92 63.68 4151 |47.73
CLIP-ViT-B/16 (Radford et al., 2(121}' 47.87 60.86 73.98 46.09 | 57.20
CoOp' (Zhou et al., 2022b) 49.71 4.20) 75.21 47.99 59.14
CoCoOp' (Zhou et al., 2022a) 50.63 6407 T6.18 48.75 59.91
MaPLe" (Khattak et al., 2023) 50.90 6407 T76.98 49.15 60.25
TPT (Shu et al., 2022) 54.77 63.45 T77.06 4794  |60.81
DiffTPT (Feng et al., 2023) 55.68 65.10 75.00 46.80  |60.65
TDA (Karmanow et al., 2024) 60.11 6d.67 80.24 5054  [63.89
DMN (Zhang et al., 2024b) 58.28 65.17 T8.55 53.20 [63.80
[ECALP (Ours) 58.52 65.72 80.77 54.66 _ 64.92

Style-transfer A& M=
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Method Gauss. Shot Impu. Defo. Glas. Moti. Zoom Snow Fros. Fog Brig. Cont. Elas. Pix. ]PEG|Averagc
CLIP-RNS0 (Radford et al.. 2021) 1.63 2.8 164 1006 342 7.85 12.83 1258 1567 21.95 4027 628 475 1112 13.03| 11.02
TDA (Karmanov et al., 2024) 226 310 231 1130 512 926 1543 1547 19.11 2645 4530 834 7.30 13.01 1583 13.31
ZLaP't (Kalantidis et al., 2024) 177 233 165 1030 354 799 1347 13.66 17.15 2320 4467 655 5.15 1161 1423| 11.82
DMN (Zhang et al., 2024b) 214 278 230 1091 448 859 1431 14.14 1792 24.16 44.57 788 6.11 1240 14.93| 12.51
[ECALP (Ours) 271 330 282 12.29 549 10.56 16.82 16.66 20.60 27.83 47.02 9.08 7.72 14.46 16.88 | 14.28 |
CLIP-ViTB/16 (Radford et al., 2021) 11.34 1231 11.85 2378 15.12 24.05 22.72 32.70 3043 36.69 54.57 16.84 12.77 31.22 33.00| 24.63
TDA (Karmanov et al., 2024) 1542 1646 1603 26.53 17.91 2735 2590 36.50 34.84 40.53 58.57 20.16 16.62 35635 36.69| 2834
ZLaP' (Kalantidis et al., 2024) 12.83 14.03 1327 2488 16.13 2577 2436 34.43 3263 38.56 58.42 17.53 14.21 3372 35.52| 26.42
DMN (Zhang et al., 2024b) 1433 1533 14.69 26.06 17.19 2661 2523 34.81 3348 3803 5870 19.38 15.40 3532 36.49| 27.46
[ECALP (Ours) 15.92 16.84 16.32 27.85 18.78 28.50 27.62 37.82 36.01 41.65 60.57 21.26 17.77 37.39 38.11| 29.50 |

Out-of-Distribution 4181 M=
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Abstract

Vision-language models (VLMs), such as CLIP, have gained
significant popularity as foundation models, with numerous

fine-tuning methods developed to enhance performance on

downstream tasks. However, due to their inherent vulner-
ability and the common practice of selecting from a lim-
ited set of open-source models, VLMs suffer from a higher
risk of adversarial attacks than traditional vision mod-
els. Existing defense technigues typically rely on adver-
sarial fine-tuning during training, which requires labeled
data and lacks of flexibility for downstream tasks. To ad-
dress these limitations, we propose robust test-time prompt
tuning (R-TPT), which mitigates the impact of adversar-
ial attacks during the inference stage. We first reformulate
the classic marginal entropy objective by eliminating the
term that introduces conflicts under adversarial conditions,
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Method Caltech101 Pets Cars Flowerl02 | Aircrafi DTD EuroSAT | UCFI101 Avg.
Acc. Rob. | Acc. Rob. | Acc. Rob. | Ace. Rob. | Ace. Rob. | Acc. Rob. | Acc. Rob. | Ace. Rob. | Acc. Rob.

CLIP [32] | 940 0.0 |883 00 |655 00 |674 00 |239 239|444 00 [422 00 |652 00 |614 3.0
Ensemble | 919 74.7 [ 86.2 512|657 260|659 363|234 234|432 251|282 22 |63.0 306|584 337
TPT [37] 941 0.0 | 874 0.0 (665 0.0 [69.1 0.0 (234 234 (469 00 |426 00 | 679 00 | 622 29
C-TPT [50] | 939 0.0 | 882 00 |658 00 |[69.6 00 |239 239|459 00 [423 00 |655 00 |619 3.0
MTA [53] | 943 72.1 | 88.0 51.8|67.7 185|674 279|250 250|465 162|425 12 (675 275|623 30.0
R-TPT 03.7 82.0|87.2 602 |67.0 34.7 | 68.7 44.6 | 239 239|464 328|347 85 |67.2 432 |61.1 41.2

Fine-grained Classification Task &8 Ms

Clean accuracy (Acc)= SAIGHX|2t Adversarial accuracy (Rob)OIM A A&t
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Method ImageNet | ImageNet-A | ImageNet-V2 | ImageNet-R | ImageNet-5 Avg,
Acc. Rob. | Acc. Rob. | Acec. Rob. | Ace. Rob. | Ace. Rob. | Acc.  Rob.
CLIP [32] 582 0.1 | 218 00 | 515 01 561 08 | 333 05 | 442 03
Ensemble 58.0 40.1 | 226 101 | 520 372 | 51.3 393 | 295 20.7 | 427 295
TPT [37] 607 03 | 265 00 | 548 03 589 18 | 350 14 (472 07
C-TPT [50] | 60.4 0.1 | 241 0.0 | 543 0.1 517 1.0 | 347 09 | 462 04
MTA [53] 604 300 | 275 56 | 542 246 | 584 298 | 352 113 | 47.1 203
R-TPT 609 47.7 | 284 144 | 549 416 | 576 469 | 340 262 | 47.1 354
ImageNet-O0D Classification Task A& M=

DRRIZEXIR, Clean accuracy (Acc )= SMIGHX|2t Adversarial accuracy (Rob)OIA 3| M|

Data Mining
o.:.o Quality Analytics
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BATCLIP: Bimodal Online Test-Time Adaptation for CLIP
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Abstract

Although open-vocabulary classification models like Con-
trastive Language Image Pretraining (CLIP) have demon-
strated strong zero-shot learning capabilities, their robust-
ness to common image corruptions remains poorly un-
derstood. Through extensive experiments, we show that
zero-shot CLIP lacks robustness to common image corrup-
tions during test-time, necessitating the adaptation of CLIP
to unlabeled corrupted images using test-time adaptation
(TTA). However, we found that existing TTA methods have
severe limitations in adapting CLIP due to their unimodal
nature. To address these limitations, we propose BATCLIP,

achieve. For example, models deployed for safety-critical
applications like autonomous driving [1], could face rapid
distributional shifts of blurriness, pixel changes, snowy
nights, or other weather conditions [38]. In particular,
our findings on the zero-shot performance of CLIP with
a ResNet-101 [17] vision backbone reveals that the accu-
racy on the test set of CIFAR100 [21] with Gaussian noise
of severity level 5, plummets to 10.79% from 49% on the
clean set. Similar trends are observed with ViT-B/16, -B/32,
and -L/14 [11] as backbones. The performance degrada-
tion caused by image corruption can have significant con-
sequences in real-world scenarios, particularly in safety-
critical applications like self-driving cars.
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% Batclip: Bimodal online test-time adaptation for clip [3]
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% Batclip: Bimodal online test-time adaptation for clip [3]
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% Batclip: Bimodal online test-time adaptation for clip [3]
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% Batclip: Bimodal online test-time adaptation for clip [3]
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I Experiments

+ Batclip: Bimodal online test-time adaptation for clip

f s £ § £ § 5 2 £ 4 £ F & £ p

N — & 3 = =] = 50 = = 5 T .
Method Venue é_;? o:‘-c? -'g ::.i.: & g S CF? & f :5-‘::.6 C::: E}? ;E-" é‘i Mean
75 ICLR21 3792 417 5442 7175 4089 6793 7362 T3IBY  T735 7022 B445 6236 5381 4765 35943 | 61.16
TENT ICLR21 1549 1828 3812 8159 2173 7632 8235 8462 8219 8060 9183 8055 6352 5857 5471 | 6203
RoTTA CWVPR23 39.17 4290 5541 7218 4132 6802 7401 7438 7301 TO.BO  B4.80 6319 5462 4932 6015 | 6189
RPL arXiv 1547 1743 4073 8L76 2008 69.89 8293 8443 8319 8184 9180 7942 6489 5407 5490 | 61.52
SAR ICML 22 4798 5360 6056 7430 4756 7315 Tedd 7791 TORE 7566 K679 7162 5834 6203 6471 | 67.37

T T TPT T | NewlPS2Z [ 3774 T 4224 T 6057 T2 T 4480 T 9690 7537 7596 TRE4T 72127 B5eRT 6204 TSRO0 T 5514 T 62ed | A36d

VTE ECCV-W'24 | 4242 4626 6423 7110 4558 6850 7366 7675 7827 7102 B528 5724 5954 6059 6185 | 6415

WATT-P* | NewlPS'24 | 4470 49.66 6048 7435 4633 7221 7628 7818 8097 7490 £7.66 6863 5835 5613 6347 | 66.15
15+ | NewIPS'24 | §722 6186 6763 7861 5107 7785 ®014 RI84 R3i46  ROIR ROAT R4S 6576 6863 67,67
3 73.85 I

Ours 61.13  64.09 6576 8051 5496 80.65 8194 8304 8419 B0.84 8895 8215 69.16 62.68 66.64
ICLR21 19.64 2140 2526 4254 2003 4317 4795 4835 4974 4157 5702 3458 29.15 2396 3243 | 3579
TENT ICLR21 760 821 833 5181 7.95 5245 5534 54106 3607 5092 6563 5451 3652 4399 3581 | 3796
RoTTA CVPR'23 | 2065 2222 2617 4248 2026 4290 4788 4875 4992 41.86 57.00 3452 2927 2508 32.88 | 36.12
RPL arXiv 644 709 709 5216 1181 5233 5550 5420 3883 5199 6607 5445 3686 4283 3945 | 3847
SAR ICML'22 | 2530 27.19 3278 4712 2342 4706 5170 5194 5248 4877 6154 4450 3226 3367 38.06 | 41.19

T UTPT | NewlIPST23 | 1795 T 1951 T 2713 T 4353 T Z0.08 T 4265 48637 4001 4948 42047 57357 73326 3113 2750 T 3275 | 3615

VTE ECCV-W'24 | 1796 1872 2817 4038 19.60 39.50 4533 4824 4687 4073 5531 3004 3247 3035 3145 | 35.01

WATT-P* | NewlPS'24 | 2053 2222 273 4314 1751 4237 4817 4731 4934 4149 5707 3529 2775 2583 3189 | 3581
5 | NewIPS'24 | 2100 2371 2823 4416 845 4344 4904 4816 5005 4235 5782 3643 2836 2685 3203
3 42 IHI

CIFAR-100C | CIFAR-10C
B

Ours 2491 2773 3366 5011 2627 4849 5485 5235 5162 4838 6327 4521 3474 3238 3731

25 ICLR2] 1L.18 1254 1204 2336 15.18 2450 2258 3232 2988 3588 5418 17.20 1272 3096 3326 | 2451

{-IJ TENT ICLR2] 5.14 5.70 744 2522 1934 2680 2416 3356 3042 3774 5424 2250 1390 3502 3608 | 25.15

ia‘ RoTTA CVPR™23 1.3 1296 1232 2338 1550 2466 2290 3256 3002 3598 5432 17.20 1280 31.06 3346 | 2478

Z RPL arXiv 9.04 1004 1096 2440 1740 2628 2376 3270 3062 3664 5404 19.38 1324 3314 3460 | 2508
S .. _SAR | IoML22 | 1796 2046 2068 2570 2304 2952 2604 3492 3274 3900 SS00_ 2714 1964 3666 3750 | 2973

=7)] TPT NeuwrlPS"22 848 046 10,20 2398 1516 2510 2400 3394 32112 3708 5564 16.54 1368 3406 3358 | 2487

= VTE ECCV-W™24 9.18 10,76 1078 2472 1430 2436 2524 3538 3246 3816 5356 16.14 1426 3872 3398 | 2560

E Statd (y=0.1) CVPR25 1056 11.22 10.86 22.11 14.12 2239 2085 3139 2990 3463 5332 16.00 1246 2955 3279 | 2347

= Statd (y=-1) CVPR 25 11.83 1302 1241 2371 1502 2364 2179 3180 3022 3652 5415 17.56 13.00 3201 3337 | 2467
| Ours 19.32 2138 1960 2658 2194 3088 2902 3648 3200 4098 56.72 2614 2374 37.67 3834 | 30.72 |
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I Experiments

+ Batclip: Bimodal online test-time adaptation for clip

Dataset Domain Z5 TENT WATT-P* WATT-5* Ours
Art T8.29 70.4 280.35 50.43 T9.R6H
OfficeHome Clipart 64.03 6318 6685 66.9 6644
Product 87.11 2R.42 875 87.54 88.51
Real World 2896 B0.6 90.04 2009 89.67
Art 97.22  98.05 97.75 97.75 97.56
PACS Cartoon 97.4 97.65 97.53 97.53 07.48
Photo 0958 9058 0059 99.52 99,72
Sketch 86,23 BR.7S5 88.52 28.65 87.76

Caltech101l 9943 9943 99.36 99.36 99.51
VLCS LabelMe 68.15  6E.14 6692 68.49 68.94
SUNOD 734 73.4 74.53 T4.68 7523

VOC2007 84.75  B4.75 4.0 24.03 B5.6
L38 20.3 20.3 27.79 2008 37.33

Terralnc L43 31,52 31.52 33.98 3413 3271
L46 2898 2898 27.07 28.13 31.05
L1000 5235 5235 43.59 42.32 55.22

Domain Generalization Taskdi| CHSHAlS M=
— VLCS, Terralnc Cl[O|E{AlOIN S0t Ms5S H
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B Conclusions

1) Zero/Few-shot based TTA - Efficient and Context-Aware Label Propagation for Zero-/Few-Shot Training—Free Adaptation of Vision-Language Model
o  FJ}tSK5 Q0| HIAE HO[E 7t RAICE &9t label propagation 7 [2 pseudo-label A4
context-aware edge re-weighting= Sol| .0 |XZ 2tefol! QPEXQI adaptation =2

2) Test-time Prompt Tuning - R-TPT: Improving adversarial robustness of vision-language models through test-time prompt tuning
« HAEAREWMEHAE SETES SMO= AH|0|Eol H|0[E 21 Halof| ChS
Augmentation 7 |EF consistency2} robust optimization= S5l adversarial A2 T QPHAO M St

3) Encoder Tuning — BATCLIP: Bimodal online test-time adaptation for CLIP
*  Visual encoder2}text encoderE SA 01| HI0|Eok= bimodal adaptation 7= X&
*  Prototype 7 2t alignment@} feature space ALES Sof test-time distribution shiftdf] PO 2 THS
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