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INTRODUCTION Continual Test-time Adaptation Scheme e-PERTURBED GAUSSIAN MIXTURE MODEL CLASSIFIER (e-GMMOQ) Assumption 1 (Static Data Stream). The marginal distribution of the true label follows the same

Bernoulli distribution Ber(po): po+ = po, (P1t =p1 =1—1po),Vt € T.

Continual Test-time Adaptation (TTA) Adaptat:on [ x Te(Stngberaélg)es e-GMMC - a simple yet representative failure case of TTA for theoretical analysis - S T Mo GO e P 2B ) \

L . . uniapele . . o . emma = (€- er Lollapsing). for a ownary Corollary 1 (A Condition for e —GMMUC Collapse). With
operates on an ML classifier fi: X -, TR e :‘;’: Setting: A simplified continual TTA process e-GMMC e-GMMC model, with Assumption 1, if limpy, = 0 (col- fixed P, vy g, i1, e—~GMMC is collapsed if there exists a
pa rameterized by Qt [=N0) gradua”y ,‘ > 3 % ' Model . Let py’t _ PI‘(Yt _ )’), ﬁy,t _ Pr(f’t _ y) , "\/\i(\t‘;%l/ ) lapsing), the cluster 0 in GMMC converges in distribution sequence of{et}I_AT (r > A, > 0) such that:

. . S . . . : . e—GMMC to a single-cluster GMMC with parameters: 0—1
changing over time. The model explores an Inference Y prediction * Binary classification XxXUY = R x {0,1}. Peondodabel Predictor Mean-teacher Update 4

t—1
' ' ~ « Underlying distribution follows a mixture | | y. Bl 6, = optimEp, |Lors (Vi, X5 0’ |0 — pu|
online stream of testing data X, ~ Py for — 0= Or—1 ying ¢ = argmax Pr(Xe[y; 6 —1) 6'co el (¥ x5 | Result P00 + p1oi + pop1(po — pa)?)-

ing | : f 2 Gaussian: P,(x,y) = py,: N (x; 2) ey
adaptlng itself ft—l - ft (Self—superV|Sed '7)3 j Pr O aussian. (X, y) = py,t X5 'uY’ O-y ) T 0: = (1 — )1 + ab; —— Numerical Simulation = = = Theoretical Result

: S ~ g— T 03 Main Task: predicting X; was sampled from - N (ph, o0) N (p1,01) 0.5 F1=-=—==c==z==2
learning) before predictingY; = £ (X,). - P g Ae Samp T L | ’ : 2
9 P g¥e = feXe) Online testing stream > cluster O or 1 (negative or positive).

@ Does the model adaptability persist after a long time adapting to multiple data shifts? : — £-GMMC performs 2 main steps:
ANV EYGEIGELTCIRD Tl Wl J [T CINGIETIIR - Predicting pseudo-labels (V)

q .
Hypothetical Setting Iri ' - - — N~ * Updating with mean teacher model.
Definition 1 (Model Collapse). A model is said to be col-

L e Sk 11213141516, 7:8:9:1011121314151617181920 lapsed from step T € T, 7 < o0 if there exists a non-empty Key Idea: The predlctor > perturbed for
)
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p1L=> e >1— ) tE[T_AT7T]'

Simulation N(ﬂo,t, &g,t) i) N(po,Lbo + p1i1,
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Y ' subset ofcategorzes y C Y such that Pr{Y; € y} > 0 but ) retaining a false negative rate (FNR) of

/\ Testing step (¢) Testing step (¢)
~ (c)

the marginal Pr{Y; € converees to zero in probabili & =Pri{Y, =1|Y. =0 to simulate I_ézé_u# ' |

& i e} & ¢ p y: t e Yy } 0 120 240 360 480 600

lim Pr{Y; € Y} = 0. undesirable effects of the testing stream Testing Step () Theorem 1 (Convergence of e—GMMC). For a binary e-

VA .“‘: |- | | | | T . . ] ] 1 ] 7
. . t— ) in TTA. maklng model orone to collapse. (@) GMMC mo.del,ov_v)zlthAssumpfzon , let the distance from [ig ¢
."Il ‘, ‘I \ ‘. b e b II YN o . . . toward py is d; 7 = |Ep, [fi0.+] — :
n , I‘ ’I ‘ r‘ n' ‘ 0 ' w , valivd) ‘ Factors Contr’but’ng to the model Collapse: Lemma 1 (Increasing FNR). Under Assumption 1, a bi- 01
nary e-GMMC would collapsed (Def. 1) with L}i_r)nﬁl,t =0 J0—1 _ g0—=1 - (|N0 ,UlI d; ] )
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r@ \ r@ \ r@ | ' L NoTTA © RoT'TA = PATTA (ours) | : (i) Data-dependent factors: the prior data distribution (pg), the nature

o
O
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&2 R 100 150 200 250 300 difference between two categories (|ug — p1 |) from the dataset.
) Tlme - Test-time adaptation step (i) Algorithm-dependent factors: update rate (), the false negative
In practice, testing environments Testing error of RoTTA (Yuan, 2023), a baseline rate at each step (g).
may change recurringly. TTA algorithm raises - performance degradation.
Preserving adaptability when Quickly exceeding the error of the source model

visiting _the same  testing | | (without TTA, accepting domain shift as-itis) PERSISTENT TEST-TIME ADAPTATION (PeTTA) =ACERIMENTAL RESULID

. : 1F Averaqge classification error on the task ImageNet — ImageNet-C for 20 recurring TTA visits.
condition is Eo-t'guar anteed. ) ((_PelTA (ours) demonstra.tes ts stability. _ Key Idea: Striking a balance between adaptation and preventing model collapse J Recurring TTA viot 7 8 S

. . . . Method 1 2 3 4 5 6 7 8 / 9 10 11 12 13 14 15 16 17 18 19 20 Av
Recurring Test—time Adaptation: P; 5P, = > Pp = - > Pjo> Py = - > Py With ¢y, is the deep feature extractor of f;, letz = ¢4, (x). Keeping track of a collection of Source | 0 : —

the running mean of feature vector z: {,ut} in which fi)is exponential moving average LAME (Boudiaf et al., 2022) | 309 | 809

_ ~10- T CoTTA (Wangetal.,2022) | 98.6 99.1 994 994 995 995 995 995 996 997 99.6 99.6 99.6 99.6 99.6 99.6 99.6 99.6 99.7 99.7 | 99.5
CIFAR-10 — CIFAR-10-C Task for 20 Visits updated with vector z if fi(x) = y. EATA (Niuetal,2022) | 604 593 654 726 79.1 842 887 927 952 969 977 981 984 986 987 988 988 989 989 99.0 | 89.0

RMT (Dobler et al., 2022) | 72.3 71.0 699 69.1 688 685 684 683 700 702 701 702 728 76.8 756 751 751 752 748 747 | 71.8

ROTTA (Yuan et al., 2023) - ZOth visit PeTTA (ours) - 20th visit N MECTA (Hong et al., 2023) | 77.2 82.8 86.1 879 889 894 89.8 89.9 90.0 904 90.6 90.7 907 90.8 90.8 909 90.8 90.8 90.7 90.8 | 89.0
- O Pe I‘SISte nt TTA ROTTA (Yuan et al., 2023) | 68.3 62.1 61.8 645 684 754 827 951 958 96.6 97.1 979 0983 987 990 99.1 993 994 995 99.6 | 87.9
o@ 0 0O 0 0.08 0.04 0 0.130.05| ofsN&]0.01 0.06 0.04 0.02 0 0.030.01 0.08 0.02 : . (2) Adaptive Lea rning Rate O‘t and Reg u Ia rization At RDumb (Press et al., 2023) | 72.2 73.0 732 728 722 728 733 727 719 73.0 732 731 720 727 733 73.1 721 72,6 733 73.1 | 728

0.34‘0.17 0 0 01 0.03 0 0.230.13| 1:0.01[K$J0.010.01 0 0 0.02 0 0.020.05 ROID (Marsden et al., 2024) | 62.7 62.3 623 623 625 623 624 624 623 626 625 623 625 624 625 624 624 625 624 625 | 624

(or limpg ; = 1, equivalently) if and only if lime; = py.
t—T t—T1

lllumination Condition

(a) Histogram of model predictions. (b) The probability density function of the two clusters after convergence (dashed line)
versus the true data distribution. (c) Distance toward p; and false-negative rate (&;)coincides with the theoretical analysis.

. . B TRIBE (Suetal,2024) | 63.6 640 649 678 69.6 717 735 755 774 798 850 965 994 998 99.9 99.8 99.8 999 999 999 | 84.4
(1) Sensmg the dlvergence from 90 PeTTA (ours)*) | 653 617 59.8 59.1 594 59.6 598 593 594 600 603 610 60.7 604 60.6 60.7 60.8 60.7 60.4 60.2 | 60.5

0.24 0.1 0.03@ 0.11 0 0.070.01 ] (U453 0.07 0.05 0.02 0.05 0.01 0.01 O

0.21 0.11/0.32 0.21 0 0.140.01 . 0.06 (Uyp4 0.05 0.04 0.06 0.02 0.01 0.01

Does model reset help? A comparison with a reset-based approach at different frequencies.

Recurring TTA visit >
Reset Every 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 | Avg

0.14 . . 0.06 0.01 0.06 0.01 . 0.06 0.07 (W41 0.01 0.05 0.02 0.01 O

~ -1/«
W=1—exp (—(af — )T ()7 (A} - b))

0.21 . . 0.16 0 0.1 0.01 0.07 0.19 0.05 (o831 0.05 0.02 0.01 0.01

0.05 . . 0.25 0 0.1 0.01 0.03 0.07 0.02 0.01 ey O 0.010.01 ;
- . A T=1000 | 722 730 732 728 722 728 733 727 719 730 732 731 720 727 733 731 721 726 733 731 | 728
0.04/0.21 0.06 0.04 710. 0.06 0.06 0.08 0.02 0.02[ A 0 0.01 '\ e, _ Wy, X are pre-com puted PeTTA T=5000 | 702 708 71.6 721 724 726 729 731 732 736 737 739 740 740 743 741 741 738 735 719 | 73.0

T=75000 | 670 671 672 615 61.5 616 618 6.6 61.6 616 615 617 616 619 681 619 614 615 617 615 | 676
on the source distribution PETTA (ours)*) | 653 617 598 59.1 594 59.6 598 593 594 60.0 603 610 607 604 60.6 60.7 608 60.7 604 602 | 60.5
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Visits Predicted label Predicted label collapsed RoTTA similarity (source model)

(a) (c)
(a) Histogram of model PeTTA achieves a persisting performance while RoTTA degrades. v’ Theoretical analysis on performance degradation of TTA
(b) Confusion matrix at the last visit (c) Force-directed graph showing (left) the most prone to on € —perturbed Gaussian Mixture Model Classifier.
misclassification; (right) similar categories tend to be easily collapsed. v A new baseline — persistent TTA (PeTTA).

v A new testing scenario — recurring TTA.

Lan(Xe;0) = — > Pr(y|Xy; 60) log Pr(y| X; 6)
yey




