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Test-time Adaptation

<+ Domain Shift
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Test-time Adaptation
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Test-time Adaptation
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Test-time Adaptation

% Test-Time AdaptationO|Zt?
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Test-time Adaptation

% Taxonomy of TTA
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Test-time Adaptation
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s TTDA (Test-Time Batch Adaptation)
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Test-time Domain Adaptation (TTDA) J
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Test-time Adaptation

% Taxonomy of TTA
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Test-time Adaptation

% Taxonomy of TTA

Batch Normalization SHOT
{ Adaptation J (ICML 2020) TTDA
. 4 N
Test-time 1 Self-training TENT
Adaptation L with Pseudo-labels ) (ICLR 2021) TTBA
Adaptation 24|0f| CCt2t - N
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SHOT:
Do We Really Need to Access the Source Data?
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SHOT TTDA

% SHOT : Do we really need to Access the Source data? Source Hypothesis Transfer for UDA.
« SHOT (Source HypOthesis Tranfer)
« 20204 ICML, 218 £157772]
« 22 O0[E glo|, AR =T E ERU HO|ETe 2 M2l M3 Jts

- 710

L=

 classifier= 1&gt xl, 1) Information Maximization, 2) Pseudo-Label 7|82 = Feature ExtractorE YH|0|EStH MG 3

Do We Really Need to Access the Source Data? Source Hypothesis Transfer for
Unsupervised Domain Adaptation

Jian Liang' Dapeng Hu' Jiashi Feng'
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SHOT

< SHOTS| 3L
STEP 1. Source Hypothesis Transfer with Information Maximization (SHOT-IM)

STEP 2. Source Hypothesis Transfer with Self-supervised Learning
I.  prototype based pseudo-labeling

[Il. supervised learning with pseudo-label

STEP 1. IM Loss 7|} Feature Extractor HH|0|E STEP 2. Pseudo-label 7|8t X| =5t&S St Feature Extractor Xl YH|0|E
O |
|
/ E ....... . o O ® | \A. E ....... 2
: : : ' : :
4 ¥R © ! ;L
\ @) b, | : i +Lcp(PL, fe(xp))
@, I -
/ A o C; - : /
Feature Linear %o - © 00 | Feature Linear
extractor Classifier O ' extractor Classifier

*PL : Pseudo-Label
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L]
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% Information Maximization Loss (IM Loss)

- 2.0 HAE AN Chsh (1) individually certain, (2) globally diverse gt 0|%
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St== REoH7| 9

[=13
=
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(1) individually certain Source Target
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L]
STEP 1. IM Loss 7|1 Feature Extractor 2i|0| STEP 2. Pseudo-label 7|2 X| £3}&& St Feature Extractor X AL
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% Information Maximization Loss (IM Loss)
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L]
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% Information Maximization Loss (IM Loss)
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ure Extractor CH0|E

STEP 1.~

STEP 2. Pseudo-label 7|2 X| £3}&& St Feature Extractor X AL

P Lim(fu Xe)
+Lcg(PL, fe (%))

— Q. Why minimize entropy?
A. Unlabeled target data0i| CHet D 2O| 0| =
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STEP 1. IM Loss 7|1 Feature Extractor 2i|0| STEP 2. Pseudo-label 7|2 X| £3}&& St Feature Extractor X AL

% Information Maximization Loss (IM Loss)
« =X .90 HIAE o] 3l (1) individually certain, (2) globally diverse ¢t 0|ZS St = Q17| 2[&t
Lim (fe; X¢) = +| JIEEI| |— Q. Why minimize entropy?
A. Unlabeled target dataOf| Ciiet 22| 0f| % 2t M-S =0(|7| 2dH!
Q. Is minimizing entropy always good?
I I I A. No!
o0 TN E7| o0 TN E7| Tk0| TN E7| LabelO| Sl= AN REHS AEZIIE 7| 2[5,
o 71 4|2 g (*trivial solution) 22 of|E3stai 1 o A.
minimize entropy
> 7|& ER2I £O[Qle| CHfst SefA B2EE FASHL, EH SHAR 0f|F0| E2|= FH| L
=
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% Information Maximization Loss (IM Loss)
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< SHOTS| 3L
STEP 1. Source Hypothesis Transfer with Information Maximization (SHOT-IM)

v' T-SNE A|Zts} A= 2™, Source model only CHH| SHOT-IM2 H & SN Q= HE E £ /US

MEMO Conclusion
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SHOT D sTepg) -
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STEP 2. Source Hypothesis Transfer with Self-Supervised Pseudo-labeling
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< SHOTS| 3L
STEP 2. Source Hypothesis Transfer with Self-Supervised Pseudo-labeling
1) Prototype based Pseudo-Labeling

Source model2| output soft labelZ &

!

©  Zxex, J1()G ()
=

erxt ft(x) \

91 = argmin Dy (g (x), ¢)

X7| TREEIQ] AN

TR RAE DE
0|8%t label M

Data Mining
o{.l Quality Analytics



Introduction SHOT TENT MEMO Conclusion

SHOT

< SHOTS| 3L
STEP 2. Source Hypothesis Transfer with Self-Supervised Pseudo-labeling

1) Prototype based Pseudo-Labeling

Source model2| output soft labelZ &
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SHOT

< SHOTS| 3L
STEP 2. Source Hypothesis Transfer with Self-Supervised Pseudo-labeling

1) Prototype based Pseudo-Labeling

Source model2| output soft labelZ &

!

X7| TREEIQ! MM CIEO) _ erxtft(’f)gt(x)
ZxEXt ﬁ(x) \
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SHOT
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< SHOTS| 3L
STEP 2. Source Hypothesis Transfer with Self-Supervised Pseudo-labeling
1) Prototype based Pseudo-Labeling

Source model2| output soft labelZ &
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SHOT
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STEP 2. Source Hypothesis Transfer with Self-Supervised Pseudo-labeling
1) Prototype based Pseudo-Labeling

Source model2| output soft labelZ &
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SHOT D w7 STEP 2, 0,

< SHOTS| 3L
STEP 2. Source Hypothesis Transfer with Self-Supervised Pseudo-labeling

2) MMEl Pseudo-label2 X|= &H&2 Sl Feature extractor2| Ii2t0|E{ Z{AH|0|E

L(ft; Xt) = Lain(fe; X)) + Lene (fes Xt)

+ Leg (PL, f(X0) Bl @

|
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SHOT

“ Results
- SHOTZ2 Digits, Office, Office-Home, VisDA-CS LIt HIx|Ot30f| A T 7HE!

« Source Datagi0|= SHOT2 DAYHEES0]| H|sl| L4t HMsSS H2l
- Office-HomeO||M 7|= £ 1 MSS & A|Z] S1271 ZHd = 10700IA] 2|2 s 7|2

Table 4. Classification accuracies (%) on medium-sized Office-Home dataset for vanilla closed-set DA (ResNet-50).

Method (Source— Target) Ar—Cl Ar—Pr Ar—Re Cl—-Ar Cl-Pr Cl-Re Pr—Ar Pr—Cl Pr—-Re Re—Ar Re—Cl Re—Pr Avg.

ResNet-50 (He et al., 2016) 349 500 580 374 419 462 385 312 604 539 412 599 461

DANN (Ganin & Lempitsky, 2015) 456 593 701 470 585 609 461 437 685 632 518 768 576

Source Dataol DAN (Long et al., 2015) 436 570 679 458 565 604 440 436 677 631 515 743 563

Eoo| Wt CDAN+E (Long et al., 2018) 507 706 760 576 700 700 574 509 773 709 567 816 658

oA CDAN+BSP (Chen et al., 2019) 520 686 761 580 703 702 586 502 776 722 593 819 663

= SAFN (Xu et al., 2019) 520 717 763 642 699 719 637 514 771 709 571 815 67.3

CDAN+TransNorm (Wang et al., 2019) 502 714 774 593 727 731 610 531 795 719 590 829 676

Source model only 446 673 748 527 627 648 530 406 732 653 454 780 602

Source Datat SHOT-IM (ours) 554 766 804 669 743 754 656 548 807 737 584 834 705
S 22X SHOT (full, ours) . 2 7 7.4 2 733 588

Data Mining
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SHOT

% Results
- SHOTZ Digits, Office, Office-Home, VisDA-CS CI¥st HIX|Ot=30f| A T7}HE]

« Source Data%l0|= SHOT2 DAYHHEZS0]| H|sl 43t M2 HY

- VisDA-C(&Hd> &) oflM S2HAE 230 YE 7|5 > 53] 7R 022 ‘truck' 2 20M 258 84S

Table 5. Classification accuracies (%) on large-scale VisDA-C dataset for vanilla closed-set DA (ResNet-101).

HZERX

Method (Synthesis — Real) plane bcycl bus car horse knife mcycl person plant sktbrd train truck Per-class
ResNet-101 (He et al., 2016) 551 533 619 59.1 806 179 79.7 312 810 265 735 85 524
~~ DANN (Ganin & Lempitsky, 2015) 819 77.7 828 443 812 295 65.1 286 519 546 828 7.8 57.4
DAN (Long et al., 2015) 87.1 630 765 420 903 429 859 53.1 49.7 363 858 207 61.1
Source Datad| ADR (Saito et al., 2018a) 942 485 840 729 90.1 742 926 725 80.8 61.8 822 288 73.5
0| LWost < CDAN (Long et al., 2018) 852 669 830 508 842 749 88.1 745 834 760 819 38.0 73.9
DAAI CDAN+BSP (Chen et al., 2019) 924 610 810 575 890 80.6 90.1 770 842 779 821 384 75.9
SAFN (Xu et al., 2019) 936 613 841 706 941 79.0 918 79.6 899 556 89.0 244 76.1
- SWD (Lee et al., 2019a) 90.8 825 81.7 705 917 695 863 715 874 636 856 292 76.4 \
Source model only 609 216 509 676 658 63 82.2 232 573 306 846 8.0 46.6
Source Datad SHOT-IM (ours) 937 864 787 507 910 935 790 783 892 854 879 511 804 )

SHOT (full, ours) 80.1 573 93.1 80.7 ) 86.3
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TTBA - Batch-level

Tent:
Fully Test-time Adaptation

by Entropy Minimization
(ICLR 2021)
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TENT TTBA

% TENT : Fully Test-Time Adaptation by Entropy Minimization
* TENT (Test Entropy Minimization)
« 20214 ICLR, 212 £=1318%]
« 22 O0[E glo| HiX] THelZ 22l M Tts

. EIAE AIFOM QiE | Glo|E{RLS BR5t0], AERN|S H| A5t WO R BN Layer?] affine TIZHIEIS HEI0|E5t0] XS 43

TENT: FULLY TEST-TIME ADAPTATION
BY ENTROPY MINIMIZATION

Dequan Wang'* Evan Shelhamer?*!, Shaoteng Liu', Bruno Olshausen’, Trevor Darrell!
dgwang@cs.berkeley.edu, shelhamer@Rgoogle.com
UC Berkeley!  Adobe Research?
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Test-time Adaptation
.
TENT

% Loss function = Shannon Entropy

. 2. @uo| HIAE Q20| il XA QU= Ol (confident) S SHEE 817 S.E817| I8 (812 THAL : BN layer® affine T2t0]E)

High Entropy Low Entropy

Entropy

HG) = =) p@ologp(c)
p(ylx)
C I N
minimization
HiX| Tt = Adaptation!

ool I E7| oo I E7|

Q. Why batch-wise adaptation?

|-0

A. T HE 0] CHsHM T A EZ TS Z|A816H7| EIH, 2Hs)R] 242 S=0M T 25

= otLte] 20| SOfF= eid 2l
High Entropy

ol% : mo| .
OllE 21| ot 7Y HYX| £t 2 =& 35}5104,
x| A5} . =
. Ojg¢{ M=EZ=2 = _l.LLEEIEEO*EOE KH
I Wrong but, overconfident! 12 B5S SAl0| 241, TR0 E BH|0|E ot i
qek| I E7 Dol | E7

*trivial solution
LR EeiA 22 gt
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TENT

<+ TENTS| Mg

&zl =42l HIAE vix|of| CHSI0d, BN Layer?]

Feature

Extractor

UOIIN|OAUO)D)
uolezijewloN yoieg
N9y

UOIIN|OAUOD)
uollezijewloN yoleg
N9y

UOIIN|OAUOD)
uolezijewloN yoieq
N9y

2A HIO|E 2 AFM ekgEl REIo|
Feature Extractor
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TENT

s TENTQ M
&zl =42l HIAE vix|of| CHSI0d, BN Layer?]
1) AA EA|ZF > SR EFZI HX| EAH|ZFO Z CHA|, 2) affine parameter= AEZ |7} SOFK|= HaFO 2 2IH|0|E

Batch Normalization

Feature x| = ,Ll
Extractor
)

Sk =3t
affine parameter

Y

2AA H[OJE{=2 AFM ShE5El mEQ|
Feature Extractor

HUs, Os, Vs, :BS
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TENT

% TENTS ®E
&zl =42l HIAE vix|of| CHSI0d, BN Layer?]

1) AA EAZF > $HxH EFZ HiX] EAZFOZ LA, 2) affine parameter= AEZ L7} SHOIX|= WSO 2 AH|0|E

Feature

Extractor

uolezijewloN yoieg
uollezijewloN yoleg
uolezijewloN yoieq

2AA H[OJE{=2 AFM ShE5El mEQ|
Feature Extractor

Vs, :BS
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TENT

% TENTS ®E
&zl =42l HIAE vix|of| CHSI0d, BN Layer?]

1) AA EAZF > $HxH EFZ HiX] EAZFOZ LA, 2) affine parameter= AEZ L7} SHOIX|= WSO 2 AH|0|E

Feature

Extractor

uolezijewloN yoieg
uollezijewloN yoleg
uolezijewloN yoieq

2AA H[OJE{=2 AFM ShE5El mEQ|
Feature Extractor

I, O, ERUHO[ES] tix| SAZO= Chy
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TENT

% TENTS ®E
&zl =42l HIAE vix|of| CHSI0d, BN Layer?]

1) AA EAZF > $HxH EFZ HiX] EAZFOZ LA, 2) affine parameter= AEZ L7} SHOIX|= WSO 2 AH|0|E

o 0o o

Q Q Q

al x a

o > o

Feature CZ) g g

Extractor 3 3 3

o D o

N N N

2 =1 =

o o o

> ) >

2AA H[OJE{=2 AFM ShE5El mEQ|
Feature Extractor affine parameter=
AEZL|7} HOofX|=
HT, OT, Vs, :BS YO Z ol
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TENT

s+ Results

« EHQIHE G 7|E Test-time WHEES HLI K2 LFES EY
* ImageNet-Co| 2E &4 F0IM Bl YHE CiH] 7MY H2 7SS EY

Method Source Target Cl(l)?rcror((:ﬁ))o-c - -source 59.5% Mnorm 49.9% mMtent 44.0% ANT 50.2%
Source train 40.8 67.2
Coijol K RG train train 18.3 38.9 X 50°
(DA UDA-SS train train 16.7 47.0 5
TTT train test 17.5 45.0 i 25 o
EJAE AJE BN test 17.3 42.6
Mg PL test 15.7 41.2 0 - PIS BB O S & PR D
Tent (ours) test 14.3 37.3 R é\@Q\)&?‘}oc SO 0&00&&& S
« CIFAR10-C/100-C : CIFAR 10 /100 + QIQIMQI 197}X| At 27} (Z2HA 107H / 1007H) « ImageNet-C : ImageNet + QI2|KQ1 127}X|Q| &4 %7} (LLO|=, £7], 817 ¥} 5)
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TTBA — One-shot

MEMO:
Test Time Robustness

via Adaptation and Augmentation
(NeurlPS 2022)
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MEMO TTBA

% MEMO : Test Time Robustness via Adaptation and Augmentation
«  MEMO (Marginal Entropy minimization with One test point)
20224 NeurlPS, 2!8 4 3583
« Ol HIAE YETOZ TIH HZ Jt5 (One-shot Adaptation)

- CIYUEAE MES CIst WA o= S5 Z o] Chstod, marginal entropyE £|A3tst= Heko 2 RE M| Ii2t0[E{E HI0|Esto] MG 3

MEMO: Test Time Robustness via
Adaptation and Augmentation

Marvin Zhang', Sergey Levine!, Chelsea Finn?
1UC Berkeley 2Stanford University
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MEMO

< Motivation: 7|= TTA ghH
. J|=EUHHEESO| 3

- od

- Distributionally robust Optimization : 22! A[O|X X}H|E 7|2

TENT

Feature
Extractor

uonezijew.opN ydjeg
uonezijew.on ydjeg

AAH[O|E 2 ARH ShSEl o)

Feature Extractor '

(HTI oT, ]/SIBS) N

P
- - -

Ur, 0t, Vs, )85' -
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EE2 multiple test samplesE 71d517| mj2of, ¢

—_

/
7’

uonezijew.op ydjeg

4
1
4

AEZ0|7t ROFX|=

HStOR si

271LL, L3t 52 7 4
- Test-time Training (TTT) : Test-time0|| M &5}7| 2|5 E46 x| DR O|2| E5H0F e > HEM

- Test-time Adaptation (TTA) : 012{ 7H2| Test samplesE SA|0f| &&38lj0} & > AER|

Test-time Adaptation

SAITQ! HR0|= Hofo| ULk,

Hed |
2 S0 Cha BxiE
ﬁh’ Proxy
Task
§ Feature classifier Proxy task Loss
= , +
Z Extractor Ttargket@’ Classification Loss
asl
classifier
(]’ Proxyﬁh,
—» Task Proxy task Loss
- F classifier
m eature
9 Extractor Torge SN A E

Proxy task classifierS &£35}0{
Feature extractorZ adaptation!

task
classifier
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Test-time Adaptation
]
MEMO

< Motivation : 7|= TTA BHHEE2 multiple test samplesS 71ds}7| w20, s1Alxiol gk20j|= &|2ko] ULt

— e T —|
. J|EWEESe| 3

- Distributionally robust Optimization : 22 A[O|X XIH|E 7|R7{L}, &St S 7|8t &5 7| S ol S Al S H|I2 1

- Test-time Training (TTT) : Test-time0| H235}7| Q|5 E45t 1X2| BEHS 0|2

- Test-time Adaptation (TTA) : 0121 7H2| Test samplesE SA|0]| &-&3}{0f & > AEZ|Y &tZ0f|

Jg{L} MEMO+= REio| st ap7gof| CHet 71 0] §17]| ufEai,
O{tH test-time &2H0|M X plug and play WAlo 2 M8 7155t eigxo| uiHo|CH

— O L O H

(without any additional assumptions on the training process or on test time data availability.)
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MEMO

< MEMO2| M3t
STEP 1. SILI| HIAE MZ0| CH5I0], CIYst S22 M3}0] 0jz] SZH MEZ2 MM

Target

Augmentation
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E——
< MEMOZ2| M3EtH|
STEP 2. 2} 2 ¥iES 220 S2HAAH 0|5 EEE 7ot =, 0| B Ujof Ol 25 Al
Target
Pred
Pred-1
Augmentation fB I

Pred-N
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E——
< MEMOZ2| M3EtH|
STEP 2.2 52 WSS DU STHAA Ol% REES 73 3, 0|2 B2 Ljo] OFxl XS A
Target
Pred
\
marginal

distribution

Pred-1

Augmentation fB I >

Pred-N Po(y|x)
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MEMO

+ MEMO2| HSEh

STEP 3. AIMEI OfXI EXO| AEZN|E X|ASlSHeE R FA| D2t0|E{S ¢ H SHI0|E

Target

Pred

I h OpE 29|
marginal olE == A|AS
@ distribution ANE 2| E %[ A5}
Pred-1

> —  H(ps)

Po(y|x)

Augmentation

fo

Pred-N
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MEMO

% MEMO2| HStH

STEP 4. FHI0|EEl ZH=Z 2= ¢/= HE0| Chdte] X5 o= A

Stingray!
fo (7t22])
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% Question. Why we use augmentation?
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< Question. Why we use augmentation? > 220| s{2t MZ0j| CH5}0 Invariant8tx| Etelstn 0] St = S617| 2lgh
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MEMO

< Question. Why we use augmentation? > Z20| st ME0]| LHSt0] Invariant8hX| &Q1st, 10]| S| = 2517| fIgh

Target

Pred If consistent:

LEo| o] ME0f st
Invariant&t

Why?

AR EHHO0| E|/}Z0 =,

DHEIO| SHEF MEo| SHAl EXIZ

o
T o=
N Ej_cll-%!- _Jlk_ ol|:_|.'— EE|

Pred-1

fo I

Model

Augmentation

else (inconsistent):

EElo| o] MZ0f chst
invariantstX| &3.
I Why ?
Ao HNEE o E52 & 22 HEE,
SEo| et ME0f| CHet O[S =7} "”:f" =

Pred- 2
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MEMO

< Loss function = Marginal Entropy (0%l 29| AlE 210])

- SN DHo| ZE FZof ciel kx| D, Xt = (Invariant & Confident) &S SIS Rk (&S CHA : D TA))

average of conditional entropy

2k
A

2

ol
[

H 0l|= 22| JIEZ || B

B
1
Lee(©) =5 ) H(po(- 15))
i=1

Confidencell R 7t
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Test-time Adaptation

*OFEI2IE
02 2 Z20tof| CHot Wi

—

B
_ 1 .
Po = EZ pe (¥|%;)
L=

marginal entropy \/

Lue(8) = H(Pg (- |x))

Confidence?} Invariance SA| Q& 7t
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MEMO

< Loss function = Marginal Entropy (0%l 29| AlE 210])

=H . DEo| B E ZZ0j chisl Yetx|1, XM U= (Invariant & Confident) O

average of conditional entropy

Sample 1:[0.9, 0.05, 0.05] - A
Sample 2: [0.1,0.85, 0.05] > B

confident
Sample 3: [0.05, 0.05, 0.9] > C butnotinvariant

AEZT| ¢ ()

Data Mining
Quality Analytics

N

Test-time Adaptation

* ORI
02 2 Z20tof| CHot Wi

B
1
Do = EZ pe (¥|%;)
HSOILE R (S5 e : 22 TH|)
marginal entropy \/
Sample 1:[0.9, 0.05, 0.05] > A
Sample 2: [0.1, 0.85, 0.05] - B
confident

Sample 3:[0.05, 0.05,0.9] > C

but not invariant

[0.35, 0.32, 0.33]
ol E=ZI]| 4
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“fmageNet-C  TmageNet-R  TmageNet-A
mCE | Error (%) Error (%)

Baseline ResNet- -50 [111 76.7 63.9 00 0

+TTA 779 613 (-26) 984 (-16)

+ Single point : 1 (28 994
+ (ours) 69.9 58.8 (-5.1) Cos)
+BN (N = 256,n = 2 .7 (-42) 8 (~0.2)
+ i .7 (-6.2) .8 (~0.2)
+ ) 4. 1. ) .7 (~0.3)

+ De ugix .
+ 55 5 935 (-2.)
+ Single N 513 51, 5.4 (0.7)
E] 9.8 49 4 )

s+ Results
o LISt BRI AL Ef 2HHZ [HH| 245t M5E HO|H 2Fst= 212 A56IH HEMOo 2 MEJ|sot aHEelS Hol
o ECIAEHAE MIEOk Aot HE HHO| 9| H|O|E{AIN|A] Y2tEl M SFAS

2] BE
« ImageNet-A2} Z2 SESI1 01212 HIO|E{ MM = 2+t MsS 2

QEZoz U

%ageNet-C LlfmageN et-R L’fmageNet-A

£ 022 oAl

mCE | Error (%) Error (%)
RVT*-small [30] 49.4 52.3 73.9
SydS 5 e + TTA 53.0 (+3.6) 49.0 (-3.3) 68.9 (—5.0)
o { + Single point BN 48.0 (-1.4) 51.1 {<1.3) 74.4 (+0.5)
ST + MEMO (ours) 40.6 (-8.8) 43.8 (-8.5) 69.8 (-4.1)
+ BN (N = 256, n = 256) 44.3 (-5.1) 51.0 (-1.3) 78.3 (+4.4)
ofp] ME A2 + Tent (online) 46.8 (—2.6) 50.7 (-1.6) 82.1 (+8.2)
+ Tent (adapt all) 44.7 (-4.7) 74.1 (+21.8) 81.1 (+7.2)

« ImageNet-C : ImageNet + QI9|XQl &AL =7
« ImageNet-R : ImageNet + Ef%*?i ﬁ |'OEI =7
« ImageNet-A : ImageNet 2E0| & E2|= O
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HcOl=, 821, 5
F(AAIK| AEFY, BISIAEIY 5)
22 MES0H S2tAM THE HIX|0EE H|O[E Al
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Conclusion

% Whatis TTA?
: A O|OJE] §10], &4 HEIIL ynlabeled test dataftO £ target domaindiA = E2 ds2 d =
% Main Methods of TTA

v' SHOT
- TTDA(SFDA) / 2E HliX| At23t0{ Adaptation =2

» Information Maximization + Self-Supervised Pseudo-Labeling

<
|.|'|
I
Hd
[
1o
12
0[0

»  Feature Extractor €H[0|E

v TENT
«  TTBA/ <Xl HHX[2ES AtESIO] Adaptation =&
»  Entropy Minimization + BN layer adjustment
Feature Extractor2| BN layer2tE H|0|E
v MEMO
«  TTBA/ oiLIQ| HIAE MEDHS ALESI0] Adaptation =& (one-shot)
* Marginal Entropy minimization + Data augmentation
« D HAN DREH|HE YOoIE
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