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Abstract: Objective In recent years, Deep Neural Networks have demonstrated exceptional performance in numerous
computer vision tasks, including image classification, dense prediction, and image segmentation. The success of these
tasks largely depends on the consistency between the test data distribution and the training data. However, in real-world
application scenarios, consistency is often disrupted due to unknown changes in factors such as weather and lighting. This
disruption leads to increased domain diversity and results in poor generalization and performance degradation of deployed
models. The concept of continuous test-time adaptation (CTTA) has been proposed to address this challenge, with the aim
of enabling the adaption of pre-trained models to the evolving target data distribution. CTTA is designed to allow source pre-
trained models to adapt to the continuously changing target domain without using any source data. Existing CTTA primarily
focuses on self-training model adaptation, which employs pseudo-labels from model-predicted data-augmented samples
within the mean teacher framework to achieve self-training. However, this study posits that the essence of CTTA is the
transformation of inter-domain feature styles. Through experiments, this study has found that existing methods, which use
random data augmentation strategies, ignore the importance of inter-domain differences. The use of simple and singular
data augmentation leads to issues such as insufficient model stability and generalization, which hinders knowledge transfer
across certain domains. To this end, this study proposes a CTTA method that addresses inter-domain inconsistency differ-
ences, particularly within image classification tasks in the field of computer vision. The research explores ways to improve
the adaptability of models to new domains through continuous testing adaptation techniques. Method First, this study pos-
its that the essence of domain variation lies in the variation in feature styles between domains, which acknowledges differ-
ences in features across target domains. Consequently, the study aims to construct a flexible data augmentation strategy
based on domain differences. Calculating inter-domain differences is a key technique for measuring the distributional differ-
ences between features of different domains, which is specifically important in the field of CTTA. The Gram matrix, as a
tool for assessing feature style differences, has been widely applied in this domain. The use of the Gram matrix more accu-
rately quantifies and understands the differences in feature distribution between domains, which help calculate the appro-
priate elasticity factor for subsequent flexible data augmentation operations. This approach considers inter-domain differ-
ences from a data preprocessing perspective, which enables the model to adapt flexibly to continuously changing domains.
Second, based on the differences in inter-domain feature styles, the study proposes a global elastic symmetric cross-entropy
consistency loss function. This function incorporates the elasticity factor, which is calculated based on inter-domain differ-
ences, into the pseudo-label and loss function levels. It considers inter-domain differences from the perspective of model
training optimization, which involves constructing a global elastic symmetric cross-entropy loss function that balances
model generalization and stability. The elastic symmetric cross-entropy loss function is a loss function that combines differ-
ences in inter-domain feature styles, which adaptively adjusts pseudo-label outputs by constructing a flexible data augmen-
tation strategy. The goal of this method is to achieve a balance between the generalization and stability of the model. Spe-
cifically, it enhances the adaptability of the model to new domains by dynamically adjusting the pseudo-labels and the
weights between forward and backward cross-entropy based on differences in inter-domain feature styles. Finally, a
confidence-based pseudo-label correction strategy is proposed. Given that the study implements controllable elastic data
augmentation, data are elastically enhanced according to the degree of inter-domain differences, which produces a diverse
set of outputs. However, elastic data augmentation may result in a large number of strongly augmented samples, which can
obscure sample characteristics. As a result, the model has difficulty correctly predicting the true labels of strongly aug-
mented samples, which leads to low-quality pseudo-labels and error accumulation. Therefore, using high-confidence weak
data augmentation predictions to correct strong data augmentation predictions reduces the issue of low-quality pseudo-labels

caused by high-intensity data augmentation during the CTTA phase. In this way, the accumulation of errors is effectively
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suppressed. Result This study conducted comprehensive comparative experiments on the CIFAR10-C, CIFAR100-C, and
ImageNet-C datasets, which were followed by comparison of results with those of various advanced algorithms. The experi-
mental results indicate that the algorithm proposed in this study has achieved significant performance improvements over
the baseline method CoTTA on these datasets. Specifically, on the CIFAR10-C, CIFAR100, and ImageNet-C datasets,
the error rates were reduced by approximately 2. 3%, 2. 7%, and 3. 6%, respectively. These results demonstrate that the
algorithm can effectively enhance the robustness and accuracy of the model across datasets of varying difficulty and com-
plexity. Further ablation experiments were conducted on the CIFAR10-C dataset to verify the effectiveness of each module
within the algorithm. Ablation experiments are a method of controlling variables, where modules are added individually or
in combination to test their impact on overall performance. This approach helps understand the specific contributions of
each module to the performance of the algorithm, which provides a basis for algorithm optimization. Furthermore, the study
designed experiments with random domain inputs to more closely align with real-world domain variation scenarios. The
experimental results show that the elastic symmetric cross-entropy based on domain difference detection has a lower error
rate under random domain input conditions than existing methods, which verifies the effectiveness of the approach. This
enhancement in capability is crucial because models in practice often need to make predictions in constantly changing envi-
ronments. In other words, the model should better adapt to unknown domain changes, which maintains high performance
in practical applications. Conclusion The presented algorithm effectively balances the generalization and stability of the
model in scenarios of continuous test-time adaptation while significantly reducing the accumulation of errors during the test-
time adaptation process. This balance is crucial for machine learning models to maintain performance in dynamically chang-
ing environments. Our research focuses not only on the theoretical foundations of the algorithm but also on its effectiveness
in practical applications. In future research, we plan to further explore the performance and applicability of continuous test-
time adaptation algorithms in more open and complex environments. Therefore, we need to design and implement experi-
mental setups that are closer to real-world conditions to more accurately evaluate and optimize the algorithms. Our goal is to
ensure that these algorithms are not only robust in theory but also demonstrate strong adaptability and robustness in practi-
cal applications. Furthermore, we will consider the scalability and computational efficiency of the algorithms, given that
these factors are crucial for the practical deployment of the algorithms in large-scale or resource-constrained environments.
We hope that through these studies, we can provide more powerful and reliable tools for the fields of machine learning and
artificial intelligence to address the increasingly complex challenges of the real world.

Key words: continual test-time adaptation (CTTA) ; Gram matrix; domain difference; global symmetric cross-entropy;

elastic data augmentation ; pseudo label self-correction; continual learning

0 35l

][l

UEAER IR TR . A SR T & Ab 31
DL O AT 55 v e B T s A PR B (5
FIFZA7E 45 ,2024) 35X — CUAR AR JEE A8 T i
B 5 U R B 10 o A — etk o SR AR S
H BRBE 8 AR, S B A e AR U N
B KA OLL A 5 R 228 4k (Luo 45, 2019;
Stacke 55,2021 ; = i £ 55 ,2024) , FFH BRI fL BE
TR VEREBEZ T R ARk, 3 22 ) 3 I 7
(continual test-time adaptation, CTTA) (Wang Fl Qu,
2024; Lee %5 , 2024 ; Liu 45 , 2024 ; Tan %5 , 2024; Liu
85,2021) 2 Bz 50, H H AR 20l i FRgE o )

(Parisi 4, 2019; J] KEF 45, 2023) AR ARiC 9 I %K
A, DT B U A5 78 ( Cao 1T Saukh, 2023 ; Hou
A5, 20245 QuAF, 2024) 1 N HT Y K. T ERAA
PRAPFISE PRARATE Y 25 18, A3 2 X i B A9 5 e
SN RV IR 8% € ER S N E AR 4 €1 8 4]
[i1) — R, 33 7 75 415 8 000 3K P Sl 17 LA 8 K U
(Boudiaf %% , 2023 ; Kundu £ , 2020; Yang 22021,
Long%%,2015) .

AT SR 38 N 5T ik R T
V- YR BRI e ME PR s . i B/ M 7
B, U0 TENT (test entropy) (Wang &5 2021) 38 ok i
FHI2 5 £ /N B B Batchnorm )2 H B AT Il 2280
oK 1 7 K B B . GTTA (gradual test-time adapta-
tion) (Marsden 55 , 2024 ) fiff FHIE 5 R XURS 6 4 S5 H R



$30% /5 8H] /2025 £8 A

FREF, BN, AE, tE, HKRER
FE X EHE B E N E GRS K TTE

N Ay Mt S v ) 38, 5 /N 00 S S0 U 2 ] 1Y
. BT BN B )5 5, B 4 CoTTA (con-
tinual test-time adaption) (Wang % ,2022 ) #4731
FATAR IR AE S, {7 FHAS i R0 5 S 12 0000 e ke 12 22
TR [, Ik — 25 5 RENLIR S AR ES G, LA R
SRV B B R D 15 S 08 A (25 SO 45 ,2024) 5
AR Z R fEH SR I, PETAL (probabilistic
life-long test-time adaptation with self-training prior)
(Brahma Fil Rai, 2023) #F— & T — #8405 Bk 2h
S BRI B AR, LU G iR A A8 5 2 8 [ o )
J5 J Y5 T R S, DT 1 5 S B 6 B . DSS
(dynamic sample selection) (Wang 55,2024 ) i 13 sh 2%
I (1 e 4% R X A FE A BT g, (SORT 8 1A B AR AR 1
B2 2 LA/ s [ S50 BT A AR AR S 2 ~) LA
Fi TR AN 5 P 35 N BE T, AR e 22 AR
2 AdaContrast(Chen 45,2022 ) FI| FH X} b 2% ) RO 7E
LA HR 2 BT A R IR AE R, /D W S AR
& (Chen 45, 2024) Xf H i [ i 2 49 52 W . RMT
(robust mean teacher) (Débler %5, 2023) 5] A T o {
AR S ZOMAE SR 8 i 72 22138 1 B B AR A e 1
DA R o 52 1) SRR 4 )
R CTTA Jr b B g s r B 3 iz s
o BiHE 15 (Shorten 1 Khoshgoftaar, 2019 ) 7] #5541
Tz BRI A RN B I) H AR O T 4
THERLE NOHTBE ), ARG Az At . SR,
58 CTTA J5 ¥ 10 7 B 0 P B AL IR 594 5 55 i
IAALAY 2% (Kumar 55, 2020) , 240 1 5042 4k 5]
FETE—E 22 5 (Li 55,2017 Jin 55, 2022; Tarvainen
il Valpola,2016) o BARTTH , A [F] H b sl 8] 77 7E 4]
BB AR T 5O SO 2% e s IR R4
FE 5, XSO [] n] BE-S 2] A0 BEA LA 1 5 Je 1k
AR H AR 1 F 50 A1 (Zha 55, 2025) , JATTE2
Map AT () R B o PRI , A SN by A 457 252 DN 3 3 7
v S IN AGIN I  Ar RH SR e ] Y 22 S L TR
S P R SR 9 5 SR, K B SR T AR AR
PR, T DR AR 3R 8 1 1 FIA SR B
AR SCH A PSS ) 53 1 5 5 125 LA S IEAS ]
55 1 S AR 4 5 0 B BV . AR SN R AE CTTA
Hh SRR T R S A G A A AR 1 I S T A A
ZARE T, 55 A0 1 ik 2o A2 U A4 TR AL Y
EVERE ST o WA 1 7R, 7635 Defocus 1], Glass DA

2 358 Contrast 1] 38 Elastic #5248 05, iy T3¢ (8] 22 4%
N5 TSR S e AR E ) A B s A A S B
ALY (B 1 (a) Fr ), {45 7 358 165 (de Lange %
2022) AR ) PR B BRAIASE A A A 1k , PRIk
1, Glass Ak Elastic P #5152 R TF R o (H 2 B0 1G i
T AR AR 25 S BB A0 M BRI S5 |, 7E 22 SR K A R
(i8] & A5 5 ( Zoom—Snow ) , 55 FX 4 38 58 IC 1k 25 T B Al
Z R B AT BN R, pss 1A iz Ak
REJT RO i T HA 7 v o PRt S sl ] 1 56
FR ) gt S RS TR RS A R T SR S A 1 SR R i 4
5 A B R AR A A DG

BEXT LA b ] B, AR SRSt — ol T o) ] 22 5 1Y)
FRE IR 18 0 77 7 , 762500 T4k BB ALY 240
A EE 5T T 3 0] 25 S5 A stk IR 1, O R A 2 O A
2 [ A B SR TR Y T B AR oA A2 A
W o AR TP B B A B3 T 3 AR
P 1) He T 0 A] 22 S 00 P A5 e O R . ORI
3 38 A A R R B (E) RRAE KUK ) Gram £ 4 (Sastry Fil
Oore,2020) , T AR R BRAY 22 5, BEHCS 38 Ay ik
4 S iR A iR R A A A 3 L el ] 2
S, 4 R T 4a A s B R R, A A e
T b N B S 22 AR G . 2) A SR R X PR 2E
SCIRP G PRET o 1 3 T ) 22 S M U S A i
PRI~z FH T O 28 A Bl DL S — SR 2% bR B vy
i TERC AT AL 2 10 2 SR ) 22 S 1 4t —Fh 2 R
SUPLPE X PR A8 SR A3 2 RERC , 1 5 ABE A T AN [+l ] AR
T B AIE N RE T . 3) BT EAR B IR A
A EERNE . TESEEE I R T s A b i e i
T T B8 i TR AT 5 R B T 8 48k Sfe S B, AR A 73
N3 i v R e T 0 O 2 174 T AT, 7 583 5000 4 i
NN AR PN T RV & T B N
I, BSR4 A R A e o IR A P e
175 B 1% 553 5CHHs 1 i P 0 (X 8 s 1 e P S0 A
17 B 25 /DR A iR 22T RS . L5
J5 T, A8 SCAE CIFAR10-C , CIFAR100-C #l ImageNet-
CHE 4R 15 2R AL BT HLEC , & T 48 45 15
13T —E R R TR DR BRI R 14. 9%
29. 8% 159. 1%, Jf- HFHE T 3 M 4dls AR i & 1 bl
BLE A AT B Ry IS T R BE (Wu 55,2024 ) |
T I IR RRERAL T 3. 9%, HE— 2L 50E T3 7k
TEE 2yt T hiE .

2663



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 30,No. 8,Aug. 2025

T A FaE /T I
| R it

%
SRR

() A Sl AR R SR 7 1)

251 o W oo m n g
20
IS
10 -
5k
Defocus— Contrast— Zoom—
Glass Elastic Snow

(b) ARG S bR HL A

25 25
20F
s
. . 20t ﬂ. ,
w0 » ~
) '“-.‘1 .." §\ - l . & ,':‘..
Eo Y 5' ‘ --',.3 (3
10F A 1k Jo:‘ Rl
Sk ‘- & O' ‘-" . { - .4
* . - - &
of SoWe b, L e R s
BRI S fr»“‘-- &
":‘ . a i i‘: . & ‘o "%
=5k » . - Mooy e f‘».
.k’.-’l.. . : X *ﬁ?' & “ .:. &4&"
“10f Wed¥€” i o0t % -10f A -
XM 28, a3
-15F Ha ,;,.t;ai_ r
20 “;{'?! £ d?‘
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
-30 =20 -10 0 10 20 30 40 -30 -20 -10 0 10 20 30
X

X
(c) 98/ 5 BRI T7 1 T-SNERT P4k

(d) W FEHE T T-SNE ] Ak,

BT AN]SR 5 60 X L S

Fig. 1

Compared experiment of different data augmentation ((a) different data augmentation model update direction ;

(b) error rate comparison for different data augmentation; (¢) T-SNE visualization of strong/weak data augmentation method ;

(d) T-SNE visualization of controllable data augmentation method )

1 Fra ik Bt iE& B i [8) @i 7E
95— R TR E VN GRRERL g, (v 2°), H S
BOTEVREE (=, y°) LTI ZR, IR AE 21 HAngk
PED,D,, -, D, LTI, b D, = (%} ,N
TRz BRI REA R, BRI 23 A A] LABE i
[ A8 A 5% o A 1 B (5 40 B 3028 Bk s i I K L]
KK Z5 KM A 3K ) (Muandet 4% , 2013 ; Sakari-
dis 55,2021 ; Laskin 55, 2020) . A 3CHY H br 2 76 1
BRI AR )y A S A BRNZ A RE . A SCROE
TERT[E) 20 ¢, $2 44t B AR B D AE i A B8 g, 75
B q, (%, ) FFAH R b3S W AR B A . Hrba,
B 3 A 2 AW AR AR Y, I H 2R R AR 4 7 4 i
AT VPAL o AR SCR HEF 349 2800 R AE 48 T S 3
IR [ U2, ZERT )25 0 = 1R £ AR i 1] s
RUNE27 Az DL S O SEAT R a6 A . e T [A]
i3 fe /I Ak 28 X (cross entropy) BT 2% AR

po (6, = 6,.,), BIRH
zz%c

=lec=1

K, g, 2O L F 2

L.(q.p) = ) X logp,, (x,) (1)

RGN e BIER  p,  J2

A BB , R 200 ¢ M SS o Sl A P 1 2
U T ARE 2, B REAS £ B IR A IR O T, it

B T R AL 2538 TR
2 F &

2.1 AXFE

AR SCHR M — T [ 5 ) 2 S A e 2 K A A
;7 5 AR SCRYRE AR R AR T 1 2 s o B AR
oy g T A 1 S S 3 SR R, R Gram A BT
GRS A Sl R AU JRUARS A 2 5% R R0 T35 0 i) 2
S, TEEUA I S I Y P S B A 4 o )2 T
IS Tt Ah 3 B2 SRR T k) 22 SR R RZ I
HEVR AR SCHRE HH 4 SR B E X B A8 SR A 2 pR B . FE



$30% /5 8H] /2025 £8 A

FREF, BN, AE, tE, HKRER
FE X EHE B E N E GRS K TTE

BERIYN AN Ak ik A8 vt 0 2% SR 0] 25 55 A 52 ), 3%
T3 b e ) 22 S SRS B A st PR T
PRS2 B4 A I — BRPE 5 % pR AI A A SR A A A
TEA R E] 25 5 Tl B RE T o dRe i, AR SO — el
BT B R R PR A 1 2 SR 38 R 55 A
SR 1 R B R TN (XS 5 A5 1 5 X A A A
FMN RGP FME AT [ 20, b TR 2ZE LR
ML
2.2 ETFigERAE M EIRILE R

I Ak, CTTA F1JG W B 5803 )i (unsupervised
domain adaptation, UDA ) (Patel 55, 2015 ) £5 5838 12 7F
YINZR I [ 1] AR 3 5 F PR A8 1) {8 Sy PR
25 AN A ) s B i B R ) A IEALD A5 )
Iz AR SR T BLRIPERE . SR, AR SCR IS TR
AR AIL A0 A 1 5 AR 25 T 30— R 40 ), K0 vy
o B oA B A T ) R, B o 55 B R R B
oA RS B bR Bl 5520 A, B R ALz A
PEREAN A o PRI, A R A T ol ) 2 S, Ay el v 42
(SR BE s R . HARh

.
x,x" = x + 2‘" X A(xi|a'jf,af”)
i=1

(2)
R A() #7R BiE LR T AU H R AR 4

PRIEDRIRAE . o Dy PRI 22 S A R IR B 9
WTo o — M HESE R RIS A REL A
T Lol B iSRRI BEHLE 5, 2 #5350
2ok SRS 1 0t R 55 RO R RS RS . O TR
ol ) 22 S Y A PR, AR SO A Gram B L) 3RO 78
AR 38 ) 4 AE XS (Zhang 45,2023 ) , Gram J [0 15 11
SRR RE RS 22 18] ) A BROR B A AN TR R IE 22 1] F) A O
P, B, g A R x,, 280 R R B ECR) 2%
&(x,) BRI . BN
F, = $(x,) (3)
N T AEE Gram HE P4 REWS i 3R A [] 188 18 5 AR 9 42
Jay 3 A, A SRR AE B HEAT TR AR AE F, =
Flatten(x,), F, e RO J3-J5 Has (A 485 H A W
A IF o B — 2 38 T R E B 25 (A5 S 2 e,
[DESERMEERRIVE 3L i =2 YRR IR K]
FHT HR R AE 5 XU 5 L Gram FEFE , HAA
G, =F -F', G eR"" (4)
b, PRSI MR R 8 AT F 2 i Y
REAIE 1) S, 4 AR [ Sy

How
G, = EZFW - Fy,
==

A, G2 T8 FE T Y RO RN T IE 2 (8] Y

(5)

—_BhZERETHE )

i T+ 1

S

R
TR

RS T
GramHik4:
o]
i - \‘
sy ————————— ' ¥ SR A
/[E. ] ] . ﬂ ey LA
! D BRIk | . RN b ! Prediction Student \ ! MGFEH SRR

/| || R

S N

§ I I ] LR
Al I

—ofiine”
hrea, | Pred || paaste_
' HHEEEEZEE:

—Conf,

(P+1) @®)

: lllll IlIll \ =5 AConf=Conf,

| __Prediction Teacher |

Confidence Conf’

(P+1)

: N Logt, (= — mwg ||| -
o = lef \ (0] A A ) : . |
777777777777 _ /\\””””,,,,,,,)

& 2

T [ 4 1) 22 S5 ) 3 80 Bk 3 B 7 F 5

Fig. 2 Research on a continual test-time adaptation method for inconsistent differences between domains

2665



2666

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 30,No. 8,Aug. 2025

M. RIFEE F, FARE T ASFEIFR A RAE , 51
MECH MBS, ik ¢ HHr 0, W e
FE 23 18] 1 (R REAE 534 TU-T- 057, 8 WA 35 3 3 ] 8 A
B S AR DM . BT AR SO AR SR AR B T 5
FAARAE AL I ] (4 XA 22 S v R B . ELACH

CZZGF,,L' -G i
Ssim(cﬁ‘p Gru,): ::1 - (6)
o, S, AR Gram HEFE IR SZAHMUE . A0 &

2 B 7 A T Jolk ) XU ) 2 S P AR B B 0
Y SRPE T 0o S, (6, Gy ) > 7, BEWTAH AR
AR IR RS & W @ B0 45 2R S, (64, 6,) < 7
T o B0 8, PEHUREIE 5 R T w T H T 422 11
A O 494 5 SR, DA S8 3 17 52 2% 22 78 TR
L 5 1 0 SR I )% A AR S 2 57
RN B 2SRRI 508 (1 588 B2 Py T (] 22
S5 S A0 8RR, A A R BT M I
EARZARMINE DL . AN A IR 22 Sk /N, R A R
L 228 I A5 00 2 A 2 1) S ] A9 3 [R) R i, 75 4 it
AT SO AR IR OLT  BERTC s I e 9 i
SR JIE TR B LA SR TR AR 9 DL T W Folc g o — 267
AEPERTAT, LG e SRR 2 2827 > 3] Y B R kA
o BT LA B TRERIAE W BRI, BEAE R
i SO DR PE REREAE
2.3 ZFEMERTRIZ XA
2. 2 R T — e T IR 22 S ) A M A
58 SRS, 57 7R DOREASRECH T4k 2L 94 7 2 2% iRl ] 1Y
S PR R A RE M S AT I . AR
R TR RN SR L Al it -t oy 2% ik ] 2 S
RIREN . L, ZIS)@I)\ ot 4 g P X iR 58 S
— BV R 2% RSO i B T ] 22 5 Y
ﬂ%%%@f%ﬁiﬂ AE A5 LEARL 07 O 1Y BT
A5 R B BINAE R 2 [R5 B8 2P . X kR
B BT BB I AR RE , TR I PR AR RE 1
AT ARSI R S S5 BB AL P-4
Dhy b 28 2 38 3o A AL TN A B FY L 7E CTTA 2% )
HRAE B SR FH o o T ) 2 e 1 59 R
EEDBRAE , T LK SE AR A B A b S IBRASE AR X AN [
S B RIEE T o S, AR SO TR R i e 1 £
B2 sk ] 2 5 R0 DR AR PR TN, SE B AR R R %

PO RS BT . ELE
i3) =y (0 Sala')+ (1= 0)x Tqlx)) (7

N, o FoR TR A A R 7 i o del ] 22 S 5 AR
o qa) fRRZ I SRR 5 5 (9 F AR A Y
SO RAE o 18 o SRR DR R T O bR A, A
A LIRS ] 22 S 1 s A VR R DA bn 45, A L
fifg R0 X R A R 5 A8k

N T AR U ZRp LA T ), AR SO T
51K BRIBSCHE T 5 ) 22 S P 9T L A o A )
PEXSFRAZ SRR e HLAR

Ly = Ew X (q.(x
i(l -w)Xp,(x)ogq, (%) (8)
2, 55 1 IO T 28 SURRL 2K L, 39 RA E g fefi 2
A R BT O AR R Y ) T A T 2
T S 1) 58 SURAB R L, » 384 FALTE AT LUl 27 A= 507
BOMSCHER B ORI 25 5 o 4N , 25 3 0e) 22 Sk
R, WU 55 1 30058 S4B 2K L, e AL, W] LS B
S A AR IR R T TR IR ) 55 KAl 1 i A A 8 T
Wi o3 S TRz Ak BE . = (1) (= (7)F
28 A KL T4 2 S PR (R s P 981 1 PR 1, S o p
P 325 7 £ R R T 4 SRy A 328
il =0 (8) R 2 A A AL 0, — 6, | J= , A Sl
FH 27 AR R T8 ok 45 B0F 51 °F- 24 (exponential moving
average , EMA ) 5% H 7 0 RS A A AR o, S LA A4
W E IR, BAR N

]H

Jlogp, (x,)) +

9[+1:ax6[’+(1_a)xat+l
, 1 -1 (9)
a—m1n(1—t+1, > )

X, a W 8 (Wang 55, 2022) 1911 K 1, B
& o hnmgETE T 1, R, B e, ACGE R, B
(1] 2 2D IR I s 2 8 T AR A 5k 1
WP 7~ BEE ¢ B3I, o BT 1, 76 )5 1)
Ny BORER BOINASE , Sk Sl TR FF A /Y
TR, > TR R A

BEAh 72 S BRI H P s AR A AN PTE o ARSCHR
HH T AR R A B A I B o e S A B
B A, PO A B2 B R 2 e gl i —
Gl DU T B i A A2 . it e
T B s SRR R O E S Z 22 (EH . A
SOV AT EAR B B AR A B, B



$30% /5 8H] /2025 £8 A

FREF, BN, AE, tE, HKRER
FE X EHE B E N E GRS K TTE

AConf (¢t + 1) = Conf (¢t + 1) — Conf(t) (10)
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Fig. 3 Pseudo label self-correction strategy based on confidence
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720 000 24265, ImageNet-C [FFEAL S T 15 Ff
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3.2 ZWEATESH
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K HARME FTYI 2511 WideResNet (Zagoruyko 1 Komo-
dakis, 2016) .ResNeXt-29(Yin %, 2019) f1 ResNet-50
(Croce %, 2020) 1F 4 CIFAR10-C. CIFAR100-C il
ImageNet-C [ IR, Batchsize 1% &4 200,
3.3 EFEXEXI

AWEFE B FE VAL B 82 ) BB R ZE CIFAR10-C
CIFAR100-C Fl ImageNet-C /155 H A9 PERE , H H 5
ALFE IR IELRAE I 1) 6 B AT O Ik b AT Hed . ARSCH
A 3 RBARAE BN R AT IaCRT [ 38 R
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Hf 3k 60. 9%, CoTTA Jf i Fy T2 i —7 A A
T, 38 o R i W S TS AL RE T, S B
AL I ] AR A I, D RSl i B
TGN (CTTA) 5 AL T — e iR E R R
16.2%. RMT(Dsbler % ,2023) 2% F T X #k 3¢ X Jif
DAL B UIZRAESE , DLBSCE A B A% R Rp 1, (R RESE 43
% SRS R R XA B A ) A BT, S BT XS I
DL 38 7 o Bf 8 5 SR R AT kA T . DSS (Wang
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AL H . Ada(Chen 5§, 2022) 75 52 PREEL 25
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BeCoTTA (Lee % , 2024) i# if MoDE (mixture of
domain low-rank experts ) f5 B F1 450 35k ] 385 N 5% B LA
LU G pb IR0 2%, S BN 3 S A DL @I Y A AL
O, [ IS O B S iy 20 A TR (ELZ20m 1 3] ) AH
H XK F . PALM (pushing adaptive learning rate mecha-
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A[E 77 CIFAR10-C BYIR 2 2 X b LI

Table 1 Comparative experiment of error rates under different methods on CIFAR10-C dataset

1%

ik Gau Sho Imp Def Gla Mot Zoo Sno Fro Fog Bri Con Ela Pix Jpe T
Source (YA ) 723 657 72.9 469 543 348 420 251 413 260 93 467 26.6 585 303 435
TENT(ICLR2021) 249 206 28.6 144 31.1 165 141 19.1 186 18.6 122 203 257 208 249 20.7
Ada(CVPR2022) 29.1 225 300 140 327 141 120 166 149 144 81 100 219 17.7 200 185
CoTTA(CVPR2022) 243 213 266 11.6 276 122 103 148 141 124 7.6 106 183 134 173 162
RMT(CVPR2023) 240 204 256 12.6 254 142 122 154 151 141 103 137 17.1 135 16.0 16.7
DSS(WACV2024) 241 213 254 117 269 122 105 145 141 125 7.8 108 18.0 13.1 173 16.0
BeCoTTA(ICML2024) 229 19.1 269 112 275 127 104 147 143 124 72 94 209 152 202 163
PALM(AAAI2025) 259 181 227 124 253 132 108 13.5 136 122 85 119 179 120 168 157
A3 225 199 246 11.0 254 11.6 10.0 136 13.5 117 7.7 105 17.1 127 167 149

I FRFE RSN EALRCH . Gau: Ganssiam ; Sho: Shot; Imp : Impluse ; Def': Defocus ; Gla: Glass ; Mot : Motion ; Zoom : Zoom ; Sno :
Snow ; Fro: Frost; Bri: Brightness ; Con: Contrast ; Ela: Elastic ; Pix: Pixelate ; Jpe : Jpego

K2 AEFHELE CIFAR100-C HiR £ K3 bL 016

Table 2 Comparative experiment of error rates under different methods on CIFAR100-C dataset

1%

ik Gau Sho Imp Def Gla Mot Zoo Sno Fro Fog Bri Con Ela Pix Jpe T
Source (JEIH A ) 73.0 68.0 39.4 293 54.1 30.8 288 39.5 458 503 29.5 55.1 372 747 412 464
TENT(ICLR2021) 372 358 417 379 512 483 485 584 637 71.1 704 823 88.0 885 904 60.9
Ada(CVPR2022) 424 368 38.6 277 40.1 29.1 27.6 32.9 30.8 382 259 283 339 333 362 334
CoTTA(CVPR2022)  40.1 377 397 269 380 27.9 264 328 318 403 247 269 325 283 335 325
RMT(CVPR2023) 405 36.1 363 27.7 339 285 264 290 29.0 325 25.1 274 282 263 29.3 304
DSS(WACV2024) 39.7 360 372 263 356 27.5 252 314 300 378 242 260 300 263 313 309
BeCoTTA(ICML2024)  42.1 38.0 422 302 429 31.7 298 35.1 339 385 279 320 36.7 31.6 399 355
PALM(AAAI2025) 373 325 349 262 353 275 24.6 289 292 341 23.6 27.0 31.1 266 34.1 302
A3 36.7 332 350 25.6 339 27. 251 293 292 355 23.6 263 300 266 322 29.8

T L SRR 2 8 i AR

R LA I Bh AR A BB B, (P R B IR B AR fh
(A TR AR AR I A8 M . 78 5 30A 7 ik 9 Hed o i
H ARHIESE 2 A L 7E CIFAR10-C . CIFAR100-C
il ImageNet-C 3 /4 45 [ R IL T 518 A R AE , G
FEAR TR AR R E 14, 9% .29, 8% F159. 1%.
AR ST T Gram 56 P4 ARk ] XUS 25 5, IR S8
TR R R A . A T e
Jea LI 1 6 R 38 LR AR % BRI, AT R R A T RSk
IR 7 F RS T8 (8 B2 P 5 R P 2 ] 1 A
LTI APPREE 1 A A TE B Ab Y J5 R B
P T AR R FA T, B T B0 BT
b — 2 b 38 3 PG A SR W A ARG T 2. 3% iR 22,
BT IR RIE 14, 9% FEAJEAE CIFAR10-C %k

P5 £E L1 X Defocus . Zoom | Brightness . Motion | Fog |
Contrast SF RIS RU , A SCH VL SR B TR T 12%
(PR 22 5 ARl 4 7R, AR SCJ A TE T-SNE (1-
distributed stochastic neighbor embedding) 7] #i 1k 55
HESEE PR I T AU RO SR . IXSEEIRER ] R
SCHTEAALSEI T CTTA B g st )1 25 iy L3
S 1B SRR R - B, O O TR R 2 > A
AL TR A RS
3.4 HEENEMANLR

AR SCAR T o) ) 22 S A A 8 0 3 N 3 ) 7
25,0 T SRS A RO AT TR T I BE L A
ASEE , B EVEAL I th a0 D7 A T B AL AR Y
CIFAR100-CAT:55 ERYPERE, TR S R R AL S AE
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Fig. 4 T-SNE visualization experiment ((a) CoTTA; (b) RMT; (¢) DSS; (d) ours)

&3 A7 %7 ImageNet-C BYiR 2 F 3T LL S0I6
Table 3 Comparative experiment of error rates under different methods on ImageNet-C
1%

Jiik Gau Sho Imp Def Gla Mot Zoo Sno Fro Fog Bri Con FEla Pix Jpe ¥y
Source (PRI ) 97.8 97.1 982 81.7 898 852 78.0 83.5 77.1 759 413 945 825 79.3 68.6 82.0
TENT(ICLR2021) 81.6 74.6 727 716 738 656 553 61.6 63.0 51.7 382 72.1 50.8 474 533 626
Ada(CVPR2022) 82.9 80.9 784 814 787 729 640 63.5 645 535 384 66.7 54.6 49.3 53.0 656
CoTTA(CVPR2022) 84.7 82.1 80.6 813 79.0 68.6 57.5 60.3 60.5 483 36.6 66.1 47.3 412 46.0 62.7
RMT(CVPR2023) 80.2 764 745 771 744 662 57.6 57.0 59.1 48.0 39.1 60.6 47.3 425 433 602
DSS(WACV2024) 82.3 784 767 819 778 669 60.9 50.8 60.9 47.7 354 69.0 47.5 40.9 462 622
BeCoTTA(ICML2024) 84.1 743 722 774 719 634 551 572 612 50.7 364 66.1 492 456 484 60.4
PALM(AAAT2025) 81.1 733 709 77.0 71.9 623 539 567 60.7 50.4 363 659 48.1 453 48.0 60.1
A3 784 725 73.6 744 64.1 56.8 569 595 59.4 495 39.6 59.9 47.5 423 449 59.1

T L PR ER R 25 8 e R

DI 6 B EAT IR AT AL . 5 32 BEXT H 92 56 AH
), R 35 B 4E CIFAR100 s 4 I 2RI A, 5F
7E CIFAR100-C _F AT CTTA #4578 KB B , A5
LK b B 1S i BIR ISR A | 64T 4 Pk v Bl

BLE A, SR J5 X5 4 B Bl B A AT 0 00 48 R R B (B
1B E A BHHLIAR AT R RE . IR 4 TR,
AHFFE 4R H BB RLLE CIFAR100-C 30546 FREL T
FUBRIPERE , WAL T O R R 2 29. 6%, A
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SCTT A IR E] 22 S B/ I DS 1R Y2 AL fE
SEEL TSR] RIS 2 U, 7 8] 22 S R,
Y5 TSI RZALRE ), LIRS T B Be S 4 272 148
S SERRAS AR, A SOy ik i TR ST ] 22 Sk
HOPENE s NS il b e B AN R I
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Table 4 Experiment under domain random input on
CIFAR100-C dataset

1%

WiRiS Random 1 Random 2 Random 3 Random 4 “F-4

f%gﬁ wy 459 449 44.4 421 443
TENT 65.5 64.6 65.0 62.5 639
Ada 36.2 36.7 36.1 348 358
CoTTA 342 33.8 33.9 326 335
RMT 32.1 313 31.0 299 310
DSS 34.7 34.2 34.0 331 338
AR 30.1 29.4 29.7 29.2 296

T L SRR S S R R

3.5 HRLSEIG

AT CIFAR10-C AT 55 7 5 647 1 I Al E 5T
ZERMNE S 7R . YR RARM], B Al T st 2L
PE 50 B 1k (elastic data augmentation, EDA) , 7£—2&
AR AR KUK 22 8] AT S8 A, PEREAT T ik — 2D
$ETt, 9] a3k Jpeg . Motion . Shot, 7£ % F EDA J&fili [
F4) 4 JRy 5 ME X R 22 XN (global elastic symmetric
cross entropy, GE-SCE) , 55 1R R T 1. 2%, SEH T
PTG PR, IX W] GE-SCE My & 48 SE it
TSR AINZROLAL T 1), a5 IR 2
R LR DR SRR A 1Y 4 SRy FL IR AL, BT LA
A RO - BRI AP R E PERE . R T
EE AR H 205 (pseudo label self correction,,
PLSC) 5 W #& 45 B Jr vk i i, & e AR Ak J5 191
BRI T WA AR, IX R TR RN Z A By
B, SR BRI VA AR AS Y R IR IO TT RE C 2k AE
1B B T bR Ry o, A R > TR TR AR Y
WREHREING
3.6 ETHIRZEENUELK

TEASCHBE G B T —J0A] ARk 52 56 DL g
UEDNFRAE F AR B i A &M il 5 firs . K15

R5 HmMZIRE

Table 5 Ablation experiment

GE-SCE EDA PLSC SE-H)1%
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Fig. 5 Visualization of pseudo label self-correction experiments
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Table 6 Comparison experiment of elastic factor

x7 HMEEFEHEREIR
Table 7 Experiment on threshold selection of

elasticity factor

o BUE

Sin>T SinST TR,
0.1 0.6 15.5
0.2 0.5 15.3
0.3 0.7 15.0
0.4 0.8 14.9
0.5 0.9 15.1
0.6 0.7 154

deployment
DA PL SCE - H R 22 R /%

- - 15.6

- - 153
- N - 15.4
- - N 155
N N - 15.2
- N N 152
N - N 15.3
N N N 14.9

T I PR R R R 3R . DA (data augmentation ) : E 518
5 JZ 1 3 PL(pseudo label) : h45%5 2 [ ; SCE (symmetric cross
entropy ) : R FRAE U5 2% BRSO N R =" 4 Fe R e
R S X AR
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