Supplementary Materials for Robust Test-Time Adaptation in Dynamic
Scenarios

A. Discussion

Societal impact. RoTTA enables adapting pre-trained
models on continually changing distributions with correl-
atively sampled test streams without any more raw data or
label requirements. Thus, our work may have a positive im-
pact on communities to effectively deploy and adapt models
in various real-world scenarios, which is economically and
environmentally friendly. And since no training data is re-
quired, this protects data privacy and has potential commer-
cial value. We carry out experiments on benchmark datasets
and do not notice any societal issues. It does not involve
sensitive attributes.

Future work. Our work suggests a few promising direc-
tions for future work. Firstly, the proposed RoTTA is a
preliminary attempt to perform test-time adaptation for the
more realistic test stream under the setup PTTA. One could
experiment to improve the algorithm by replacing some
parts of RoOTTA. More importantly, we hope that with this
work, we can open a path to the original goal of test-time
adaptation, which is performing test-time adaptation in real-
world scenarios. Thus, one could improve PTTA to make it
more realistic.

Limitations. RoTTA achieves excellent performance on
various tasks under the setup PTTA as demonstrated in Sec-
tion 4 in the main paper, but we still find some limita-
tions of it. Firstly, the adopted robust batch normalization
(RBN) is a naive solution to the normalization of the correl-
atively sampled batch of data. This requires careful design
of the value of a in RBN. Secondly, we observe that during
the adaptation procedure of some methods like PL [3] and
TENT [5], the model collapse finally. Although we design
many strategies to stabilize the adaptation and model col-
lapse never occurs in the experiments of RoTTA, we are still
missing a way to recover the model from the collapse state
as a remedy. Thirdly, category similarity is only one kind of
correlation. Although we conduct experiments on different
datasets with Dirichlet distribution to simulate correlatively
sampled test streams, we still need to validate our approach
in some real-world scenarios.

B. Sensitivity to different hyper-parameters

In this section, we conduct a detailed sensitivity analy-
sis of the hyperparameters involved in RoTTA. All experi-
ments are conducted on CIFAR100—CIFAR100-C, and the
corruptions changes as motion, snow, fog, shot, defocus,
contrast, zoom, brightness, frost, elastic, glass, gaussian,
pixelate, jpeg, and impulse, and test streams are sampled
correlatively with the Dirichlet parameter 6 = 0.1. When
we investigate the sensitivity to a specific hyperparameter,
other hyperparameters are fixed to the default values, i.e.,
A = 1.0, A\, = 1.0, « = 0.05, and v = 0.001, for all
experiments.

Table A. Classification error with different value of A¢ /.

At/ A ‘0.0/2.0 0.5/1.5 1.0/1.0 15/05 2.0/0.0
CIFARlOO-C‘ 57.5 36.9 35.0 359 389

Trade-off between timeliness and uncertainty. When
updating the memory bank, we take the timeliness and
uncertainty of samples into account simultaneously, and
A¢ and A\, will make a trade-off between them. In Table A,
we show the results of ROTTA with varying A\;/\,, i.e.,
At/A € {0.0/2.0,0.5/1.5,1.0/1.0,1.5/0.5,2.0/0.0}.
When we consider both of them, the results are relatively
stable (35.0-36.9%). When we only think about one side,
the performance drops significantly. For example, when we
set At/ A, = 0.0/2.0 which means only considering uncer-
tainty, the performance drops 22.5%. That’s because some
confident samples get stuck in the memory bank, making it
not work the way we design it.

Table B. Classification error with varying o

o ‘0.5 0.1 0.05 0.01 0.005 0.001
CIFAR100-C ‘ 390 360 350 360 381 415

Sensitivity to a. We show the results of RoTTA with vary-
ing a, ie., « € {0.5,0.1,0.05,0.01,0.005,0.001} in Ta-
ble B. A larger value of o means updating the global statis-
tics faster and vice versa. We can see that ROTTA achieves
competitive results (35.0 — 36.0%) at appropriate values of



a, ie., a € {0.1,0.05,0.01}. Updating too aggressively or
too gently can lead to unreliable estimates of statistics.

Table C. Classification error with varying v

v ‘0.05 0.01 0.005 0.001 0.0005 0.0001
CIFAR100-C ‘ 448 391 371 35.0 37.6 43.6

Sensitivity to v. We show the results of RoTTA with vary-
ing v, i.e., v € {0.05,0.01,0.005,0.001, 0.0005, 0.0001}
in Table C. As we can see, the best performance is achieved
at v = 0.001. Updating the teacher model too quickly or
too slowly can cause performance degradation.

C. Additional experiment details and results

C.1 Compared methods

BN [4] utilizes statistics of the current batch of data to nor-
malize their feature maps without tuning any parameters.

PL [3] is based on BN [4], and adopts pseudo labels to train
the affine parameters in BN layers.

TENT [5] is the first to propose fully test-time adaptation.
It adopts test-time batch normalization and utilizes entropy
minimization to train the affine parameters of BN layers.
We reimplement it following the released code https: //
github.com/DequanWang/tent.

LAME [1] adapts the output of the pre-trained model by
optimizing a group of latent variables without tuning any in-
ner parts of the model. We reimplement it following the re-
leased code https://github.com/fiveai/LAME.

CoTTA [6] considers performing test-time adapta-
tion on continually changing distributions and propose
augmentation-averaged pseudo-labels and stochastic
restoration to address error accumulation and catastrophic
forgetting. We reimplement it following the released code
https://github.com/ginenergy/cotta.

NOTE [2] proposes instance-aware normalization and
prediction-balanced reservoir sampling to stable the adapta-
tion on temporally correlated test streams. We reimplement
it following the released code https://github.com/
TaesikGong/NOTE.

C.2 Simulate correlatively sampling

As we described in the scenarios of autonomous driving that
the car will follow more vehicles on the highway or will en-
counter more pedestrians on the sidewalk, so we use the
same category to simulate correlation. From a macro point
of view, the test distribution P,.; changes continually as
Po, P1, ..., Pso. During the period when Py = Py, we
adopt Dirichlet distribution to simulate correlatively sam-
pled test stream. More specifically, we consider dividing

samples of C classes into T slots. Firstly, we utilize Dirich-
let distribution with parameter v to generate the partition
criterion ¢ € RCXT . Then for each class ¢, we split samples
into 7" parts according to ¢. and assign each part to each
slot respectively. Finally, we concatenate all slots to sim-
ulate the correlatively sampled test stream for Pyese = Py.
And as Pi.s; changes, we use the above method again to
generate the test stream.

C.3 Detailed results of different orders

We report the average classification error of ten differ-
ent distribution changing orders in Table 6 of the main
paper. And then we present the specific results here,
including Table D, E, F, G, H, 1, J, K, L, and M for
CIFAR10—CIFAR10-C and Table N, O, P, Q, R, S, T,
U, V, and W for CIFAR100—CIFAR100-C. We can see
consistently superior performance of RoTTA. One thing to
mention is that on DomainNet we use alphabetical order to
determine the order of domain changes.
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Table D. Average classification error of the task CIFAR10 — CIFAR10-C while continually adapting to different corruptions at the highest
severity 5 with correlatively sampled test stream under the proposed setup PTTA.

Time t
5
& ® & & 5 § > Ny 3 > & o
Method & & & N & & F o (& & & & @ & Avg.
¥ & & & a° DY N § ¢ > & N < N

Source 9.3 58.5 72.3 34.8 420 543 72.9 30.3 46.9 266 657 413 251 26.0 46.7 43.5
BN [4] 71.1 75.2 76.8 74.2 73.7  80.1 79.3 77.5 73.8 777 772 733 738 727 71.7 75.2
PL [3] 71.7 75.9 80.2 784 802 852 85.3 85.4 85.1 86.7 879 879 88.1 883 87.9 83.6
TENT [5] 71.6 75.9 81.3 80.5 823 85.6 87.1 87.0 87.1 88.1 882 87.8 879 883 88.2 84.4
LAME [1] 54 56.8 73.1 29.1 37.0 50. 71.4 22.3 42.8 186 655 373 188 204 43.6 39.5
CoTTA [6] 75.0 79.8 83.1 834 832 84.0 84.5 83.2 83.5 833 836 83.0 83.0 834 83.7 82.6
NOTE [2] 10.1 29.9 47.1 234 284 484 46.1 41.8 26.9 36.1 37.5 250 250 232 14.2 30.9
RoTTA | 104 26.6 37.5 239 17.0 409 39.7 30.1 18.0 299 301 236 217 17.6 19.0 | 25.7¢52)

Table E. Average classification error of the task CIFAR10 — CIFAR10-C while continually adapting to different corruptions at the highest
severity 5 with correlatively sampled test stream under the proposed setup PTTA.

Time t
o RS X9 & & 5 & & N

Method = S $ & & o) O & B & S N Gy S O As

etho DA O A & ¥ & & ¢ & e
Source 303 657 420 413 46.7 26.0 469 26.6 72.3 9.3 54.3 72.9 58.5 25.1 34.8 43.5
BN [4] 776 758 734 74.1 73.1 72.5 72.9 77.1 77.2 72.2 79.9 79.9 75.5 74.6 72.9 75.2
PL [3] 776 77.1 76.6 783 71.5 79.8 82.0 84.8 86.1 83.5 87.8 87.1 86.5 85.6 85.7 82.4
TENT [5] 785 782 79.2 81.8 84.8 84.8 86.4 87.3 87.9 86.7 87.3 87.8 87.2 87.5 87.1 84.8
LAME[I] | 225 652 37.0 37.1 44.0 20.3 41.7 18.7 72.8 5.2 51.2 71.5 57.0 19.0 294 39.5
CoTTA [6] | 78.5 81.0 828 84.1 84.9 834 83.5 83.5 84.5 83.3 84.7 84.6 83.0 84.4 834 83.3
NOTE [2] 354 36.1 221 213 11.6 24.8 24.5 36.0 377 18.4 49.0 474 43.9 30.4 29.2 31.2
RoTTA | 332 333 198 241 249 205 162 317 284 118 431 369 325 207 206 | 26504,

Table F. Average classification error of the task CIFAR10 — CIFAR10-C while continually adapting to different corruptions at the highest
severity 5 with correlatively sampled test stream under the proposed setup PTTA.

Time t
& & & N < N . oo ® & & &

Method & & & x® S Si & & S > & & & v Avg.

& & of B & & ¥ S & § § é@é\ & & 58 g
Source 46.7 46.9 72.3 657 25.1 413 543 420 266 303 58.5 9.3 72.9 34.8 26.0 435
BN [4] 72.3 72.6 76.9 77.1 748 735 80.0 732 774 78.6 76.4 71.0 79.1 73.9 71.5 75.2
PL [3] 72.4 75.3 80.7 82.6 833 835 866 857 86.6 884 87.5 86.6 88.3 88.2 86.8 84.1
TENT [5] 73.5 779 85.5 869 876 878 883 877 836 892 88.5 88.5 89.3 88.6 88.6 86.4
LAME [1] 435 42.3 73.1 653 19.2 373 51.1 368 18.5 225 56.9 5.5 71.1 29.1 20.5 39.5
CoTTA [0] 79.4 80.3 83.8 839 839 834 850 832 851 84.3 83.9 83.3 84.7 83.9 82.5 83.4
NOTE [2] 9.6 21.8 40.1 31.0 255 226 448 228 332 394 332 18.1 50.0 28.3 29.8 30.0
RoTTA | 184 17.9 38.4 319 233 198 407 174 314 298 27.8 11.3 43.8 19.7 188 | 26.0¢0)

Table G. Average classification error of the task CIFAR10 — CIFAR10-C while continually adapting to different corruptions at the highest
severity 5 with correlatively sampled test stream under the proposed setup PTTA.

Time t
¢ & & N4 N & & O

Method fF & & & & & § & & & e Y & Ave.

etho B O & é\_\p & o Q@‘g ) §Q bé & & Q;b“’% &S N 4 Vg
Source 65.7 260 543 58.5 25.1  26.6 9.3 72.9 469 413 467 72.3 348 303 42.0 43.5
BN [4] 764 720 804 76.2 748 770 71.1 79.6 73.8 74.4 73.0 77.0 72.5 78.3 72.5 75.3
PL [3] 77.0 733 824 79.8 81.0 823 79.5 84.4 82.7 83.5 83.5 85.5 84.8 87.0 84.5 82.1
TENT [5] 769 746 823 81.7 82.0 84.9 84.8 87.3 86.6 87.3 87.6 89.2 88.3 88.9 87.3 84.6
LAME [I] | 65.3 20.6 50.9 56.7 19.2 18.8 54 71.8 42.8 37.2 433 73.2 294 22.6 36.9 39.6
CoTTA[0] | 774 77.6 83.8 81.9 822 826 80.4 83.3 82.3 81.5 82.7 82.6 81.1 82.9 81.0 81.6
NOTE [2] | 34.0 209 43.1 36.6 240 364 12.1 48.0 25.9 23.9 134 38.1 25.0 432 24.2 29.9

RoTTA | 350 21.1 439 29.2 221 297 10.8 44.6 253 227 246 29.4 269 344 161 | 27.7¢2»

Table H. Average classification error of the task CIFAR10 — CIFAR10-C while continually adapting to different corruptions at the highest
severity 5 with correlatively sampled test stream under the proposed setup PTTA.

Time t
@ J & N S & > .o

N Cl $ & » e O & S > > > & >
Method &@ B S ¥ \@Q\» \0"\\3‘? Q@\ & \Qe af* & Qo"‘é &;@ @\,z;o Avg.
Source 58.5 543 420 251 26.0 72.9 9.3 348 413 303 72.3 65.7  46.7 46.9 26.6 43.5
BN [4] 76.0 79.6 733 752 729 79.8 71.1 735 741 78.6 77.4 76.1 72.0 73.8 76.4 753
PL [3] 76.7 81.3 774 803 812 86.3 83.3 859 86.2 877 88.1 884 874 87.6 87.7 84.4
TENT [5] 76.4 802 77.8 812 83.0 87.1 85.6 872 87.6 88.7 88.6 88.9 88.5 88.6 88.2 85.2
LAME [1] 56.9 50.7 370 19.0 20.3 71.5 54 292 372 225 73.0 65.3 438 424 18.7 39.5
CoTTA [6] 717.1 83.6 84.1 848 844 85.2 84.0 843 849 849 85.0 847 853 84.4 84.3 84.1
NOTE [?] 27.8 522 245 223 216 44.5 14.5 21.3 259 425 38.8 36.0 16.7 28.1 40.6 30.5
RoTTA | 259 433 177 221 20.2 41.5 12.2 229 225 312 33.8 260 314 17.7 27.6 | 26.4¢11)




Table I. Average classification error of the task CIFAR10 — CIFAR10-C while continually adapting to different corruptions at the highest
severity 5 with correlatively sampled test stream under the proposed setup PTTA.

Time t
Method S SRS ;@‘9% \@é‘ & ‘Q\&%% Sl N & @\Q’@ o & Avg
& & ¥ F ¢ > o gy & < S

Source 348 251 260 657 469 46.7 42.0 9.3 413 266 543 72.3 58.5 30.3 72.9 43.5
BN [4] 732 734 727 772 737 72.5 72.9 71.0 74.1 7777  80.0 76.9 75.5 78.3 79.0 75.2
PL [3] 739 750 756 81.0 799 80.6  82.0 83.2 853 873 883 87.5 87.5 87.5 88.2 82.9
TENT [5] 743 774 80.1 86.2 86.7 87.3 87.9 87.4 88.2 89.0 892 89.0 88.3 89.7 89.2 86.0
LAME [1] 29.5 19.0 203 653 424 43.4 36. 5.4 372 18.6 512 732 57.0 22.6 71.3 39.5
CoTTA [6] | 77.1 80.6 83.1 844 83.9 84.2 83.1 82.6 844 842 845 84.6 82.7 83.8 84.9 83.2
NOTE [2] 18.0 2211 206 356 269 13.6 26.5 17.3 272 370 483 38.8 42.6 41.9 49.7 31.1
RoTTA | 181 213 188 33.6 236 165 151 112 219 307 396 268 337 218 395 | 2520

Table J. Average classification error of the task CIFAR10 — CIFAR10-C while continually adapting to different corruptions at the highest
severity 5 with correlatively sampled test stream under the proposed setup PTTA.

Time t
g & & S S & & &>

Method SRS . N 3 S S S & & @ B Avg.

etho %Q \\QQ \Q 00& (\)QO %’b QA& %&\O bé@ &O\ Q@\é\ @\‘b %g\ S ng\\% vg
Source 413 729 303 467 420 543 585 251 469 34.8 9.3 266 657 260 72.3 43.5
BN [4] 73.8 79.1 77.9 73.0 73.7  80.1 75.7 74.4 73.7 74.0 71.7 77.0 759 728 76.2 75.3
PL [3] 742 809 804 795 818 859 839 851 847 85.9 85.9 86.7 872 87.0 87.8 83.8
TENT[5] | 739 803 81.8 81.6 836 863 85.6 857 864 87.7 87.4 88.8 88.8 88.5 88.4 85.0
LAME[1] | 374 71.8 224 43.5 37.0 505 57.0 19.0 42.8 29.1 54 18.7 652 204 729 39.5
CoTTA [6] | 76.5 82.2 82.8 85.0 829 85.0 83.0 82.9 83.5 83.4 82.6 83.7 832 833 83.6 82.9
NOTE [2] 21.1 414 36.3 10.2 21.7 46.7 37.5 26.4 26.1 214 14.3 379 385 244 40.7 29.6

"
p ‘
2

RoTTA | 222 449 352 18.8 41.5 285 232 212 18.6 12.4 30.0 274 20.0 31.2 | 26.3¢33)

Table K. Average classification error of the task CIFAR10 — CIFAR10-C while continually adapting to different corruptions at the highest
severity 5 with correlatively sampled test stream under the proposed setup PTTA.

Time t
S
5 &> X ;‘DQ S S, ‘b%\ & X Q & Y &

Method & & & $ & S R N > SRS & & & Avg.

i O & a° F %n&’% F ¥ TS @p &S Q;@ > S Ve
Source 46.9 348 420 657 72.3 543 303 260 46.7 58.5 413 25.1 9.3 26.6 72.9 435
BN [4] 72.8 72.7 733 772 71.3 80.0 776 726 733 76.6 73.8 74.1 70.3 71.5 79.0 75.2
PL [3] 73.2 74.6 76.5 81.7 82.8 84.6 851 84.6 86.2 86.4 86.1 87.1 86.8 88.4 88.1 83.5
TENT [5] 73.7 74.3 77.1 825 84.3 86.9 874 86.6 88.0 88.5 88.1 88.5 88.4 89.4 88.9 84.8
LAME [1] 42.5 29.3 37.0 653 73.2 50.5 22,5 20.5 435 56.9 37.1 189 54 18.5 71.3 39.5
CoTTA [0] 76.3 79.8 824 833 83.8 84.5 83.1 827 84.7 82.9 83.0 833 81.4 83.8 83.8 82.6
NOTE [2] 18.5 18.8 23.6 36.5 33.7 478 38.6 228 13.0 40.0 29.2  26.3 17.5 44.0 529 30.9
RoTTA ‘ 17.0 17.5 16.5 33.8 333 427 294 18.0 19.6 29.5 20.7 22.1 11.5 29.5 38.1 ‘ 253050

Table L. Average classification error of the task CIFAR10 — CIFAR10-C while continually adapting to different corruptions at the highest
severity 5 with correlatively sampled test stream under the proposed setup PTTA.

Time t
. & \%@ & .00 < X & q\;} & ‘b*e R ao
Method Q}@% PO & & \Qe“’o & & S < S & béo° @\q;o‘ Avg.
N ) & S Q

Source 543 420 729 260 251 303 723 413 657 9.3 467 348 585 469 26.6 43.5
BN [4] 797 723 798 732 747 717 166 732 711 722 730 733 755 738 76.4 75.2
PL [3] 796 732 813 773 791 830 832 830 855 843 87.0 869 864  86.5 87.6 82.9
TENT[5] | 79.5 741 842 822 845 865 867 859 872 866 86.8 873 869  87.4 87.3 84.9
LAME[I] | 508 369 713 206 192 224 725 372 654 5.2 433 291 570 @ 424 18.7 39.5
CoTTA[6] | 81.5 794 852 841 845 842 848 840 848 832 852 838 832 846 83.6 83.7
NOTE[2] | 450 212 423 210 216 384 364 214 33.1 16.7 146 254 435  29.1 38.5 29.9
RoTTA | 426 17.6 48.1 239 219 326 321 207 302 120 219 200 337 164 28.1 | 26.8¢30

Table M. Average classification error of the task CIFAR10 — CIFAR10-C while continually adapting to different corruptions at the highest
severity 5 with correlatively sampled test stream under the proposed setup PTTA.

Time t
o) & N X S g Y X & Q o 0%%

Method N 2 * & & SR o > & § & S © & Ave.

etho QOQ q,?& &;@ S & %fv § © é\.\_@ & X ) \'&Q o & v ,0300 vg
Source 46.7 72.3 469 420 413 543 303 260 585 266 657 729 25.1 348 9.3 43.5
BN [4] 72.4 76.2 732 737 736 800 776 726 764 717 712 799 738 739 70.0 75.2
PL [3] 73.0 78.2 767 797 81.6 856 860 853 872 882 883 8.9 885 892 88.2 84.3
TENT [5] 73.6 80.9 83.1 8.6 87.1 885 888 884 892 893 890 8.0 893 899 89.1 86.7
LAME [1] 435 732 423 370 372 505 225 205 570 186 655 715 188  29.1 5.6 39.5
CoTTA [6] | 79.5 81.4 834 836 839 850 840 828 8438 848 845 847 841 844 82.8 83.6
NOTE [2] 9.6 43.6 265 248 239 469 38.0 234 340 412 415 450 276 258 19.0 31.4
RoTTA | 18.4 36.0 211 156 23.0 417 308 191 34.1 3.1 313 399 260 188 12.8 | 26.6¢5)




Table N. Average classification error of the task CIFAR100 — CIFAR100-C while continually

highest severity 5 with correlatively sampled test stream under the proposed setup PTTA.

adapting to different corruptions at the

Time t
il & S o S . X

& & oy S ] ¥ % & N T ut
Method ,;@?\\ 55} efg‘o &oo 0 Q}cz;”‘v' _\&Q‘\’ § ch}o & RS oY 0006 Avg.
Source 29.5 74.7 73.0 30.8 288 54.1 39.4 412 293 372 68.0 458 395 503 55.1 46.4
BN [4] 46.5 52.0 58.6 474 474 576 582 569 470 534 560 525 531 577 49.1 52.9
PL [3] 48.5 60.7 77.1 859 915 955 958 96.6 96.8 969 973 975 976 977 97.9 88.9
TENT [5] 49.8 69.4 92.2 96.0 96.7 97.3 97.5 979 975 979 980 982 982 982 98.2 922
LAME [1] 21.7 75.1 72.7 229 206 49.0 32.1 333 212 28.0 66.8 40.0 30.6 439 51.3 40.6
CoTTA [6] 46.8 484 54.7 487  48.6 535 554 52.8 498 51.8 53,5 529 541 56.7 53.6 52.1
NOTE [2] 42.6 53.0 69.9 521 533 704 73.1 76.7  80.8 96.0 97.7 97.1 96.6 972 95.8 76.8
RoTTA | 284 37.3 4.6 319 283 418 436 399 280 352 382 337 33.0 395 3.0 | 35.6050

Table O. Average classification error of the task CIFAR100 — CIFAR100-C while continually

highest severity 5 with correlatively sampled test stream under the proposed setup PTTA.

adapting to different corruptions at

the

Time t
S S e & & . S © &

Method o S $ & & & O & & & S & Y & © Ave.

eto < S oc& © > Qf% & & & Q‘*g‘ s & i
Source 41.2 680 28.8 458 55.1 50.3 29.3 37.2 73.0 29.5 54.1 394 74.7 39.5 30.8 46.4
BN [4] 583 56.8 478 51.8 48.9 57.3 46.8 53.5 57.8 45.5 57.1 58.5 51.7 53.3 48.8 52.9
PL [3] 594 663 749 875 942 955 96.2 97.1 97.4 97.2 97.5 97.7 98.0 98.2 98.2 90.4
TENT [5] 62.0 793 91.7 958 96.9 97.0 97.4 97.7 97.6 97.7 97.9 97.9 98.0 97.9 97.9 93.5
LAME[I] | 33.6 66.7 21.1 399 50.6 43.9 21.0 28.6 72.5 21.6 48.6 32.5 74.5 30.6 22.5 40.6
CoTTA[0] | 54.6 54.1 49.6 52.1 52.7 58.0 50.3 533 55.0 49.1 554 55.7 51.0 54.6 52.1 53.2
NOTE [2] 604 63.0 499 557 47.0 65.2 59.4 76.6 90.9 87.2 96.8 97.0 97.3 96.7 96.8 76.0
RoTTA | 439 453 310 373 357 412 217 348 397 266 395 419 320 330 305 | 36000

Table P. Average classification error of the task CIFAR100 — CIFAR100-C while continually adapting to different corruptions at
highest severity 5 with correlatively sampled test stream under the proposed setup PTTA.

the

Time t
£ & & N N N X O @ & & S
Method N £ & § $ S & 2 > = & S & Ave.
e OQ& bé’@ oéb& F Cyo & %‘b (\»00 e N\ Q\'\"@ Q&@é\ @Q @0\ ©° ‘e
Source 55.1 293 73.0 68.0 395 458 54.1 288 372 412 74.7 29.5 394 30.8 50.3 46.4
BN [4] 49.4 472 58.6 562 527 520 579 46.1 544 577 50.5 46.2 58.2 47.6 58.5 52.9
PL [3] 54.8 64.2 83.3 924 955 965 969 964 972 974 97.8 97.8 97.9 97.7 98.0 90.9
TENT [5] 60.2 83.1 95.2 96.5 969 973 970 973 978 978 97.6 97.9 97.8 97.9 98.1 93.9
LAME [1] 51.3 21.3 72.7 663 30.2 400 48.6 209 277 333 75.0 21.5 32.2 22.5 43.8 40.5
CoTTA [6] 52.1 48.6 55.1 527 534 519 559 492 532 528 49.2 49.7 56.2 50.7 58.1 52.6
NOTE [2] 39.5 459 68.8 61.8 574 585 714 665 808 909 94.2 94.9 97.0 95.5 96.6 74.6
RoTTA | 417 30.5 449 40.5 354 341 405 282 345 395 31.1 26.7 433 31.4 388 | 36.1¢40
Table Q. Average classification error of the task CIFAR100 — CIFAR100-C while continually adapting to different corruptions at the
highest severity 5 with correlatively sampled test stream under the proposed setup PTTA.
Time t
g o~ @%% & N Y = & .
Method QI & N S & & S ¥ & g s S S Avg.
o ¥ o § Q‘*’Q & D @Q? S < S c,o& Qg,& & N o Ve
Source 68.0 503 54.1 74.7 39.5 372 29.5 39.4 293 458 551 73.0 30.8 412 28.8 46.4
BN [4] 575 58.6 585 50.5 52.7 531 459 57.9 47.0 515 478 58.2 482  57.1 47.7 52.8
PL [3] 59.5 729 851 89.6 945  96.8 97.1 97.9 97.8 98.0 983 98.2 98.0 98.0 98.2 92.0
TENT [5] 60.3 81.4 95.0 96.6 97.0 973 97.3 97.7 9717 977 978 97.7 97.6 97.6 97.9 93.8
LAME[1] | 664 432 49.0 752 30.2 285 21.6 32.5 212 395 520 72.8 223 331 20.5 40.5
CoTTA [0] | 545 584 556 50.0 539 534 50.3 56.7 513 532 537 56.1 520 545 51.5 53.7
NOTE [2] | 61.8 60.2 63.4 556 59.8 659 58.6 75.1 77.8 938 942 97.0 95.0 955 94.4 76.5
RoTTA | 455 445 435 356 351 357 262 44.0 297 342 320 40.7 314 394 27.7 | 36.3¢4
Table R. Average classification error of the task CIFAR100 — CIFAR100-C while continually adapting to different corruptions at the
highest severity 5 with correlatively sampled test stream under the proposed setup PTTA.
Time t
S
¥ © & g & R N & » & > Qv
Method o 3 & o S & & S g $ £ & Ave,
etho Q‘& §F & & \&Q 5&? & & a(?o% B CP& bé‘@ RS vg
Source 74.7 54.1 28.8 395 503 394 29.5 30.8 458 412 73.0 68.0 55.1 29.3 372 46.4
BN [4] 51.7 58.6 478 529 57.1 582 45.9 47.6 529 578 57.5 56.7  49.5 46.1 54.0 529
PL [3] 52.4 68.0 734 879 937 96.1 95.7 96.0 965 96.7 97.5 97.7 977 97.3 97.7 89.6
TENT [5] 53.5 77.8 91.1 96.0 97.0 97.6 97.4 97.6 979 98.1 98.1 98.0 98.1 97.9 98.1 92.9
LAME [1] 74.8 482 211 306 434 325 21.6 23.0 396 333 72.7 66.5 515 20.7 275 40.5
CoTTA [0] 49.3 55.1 49.1 529 56.8 55.7 49.5 500 53.6 534 54.9 539 538 50.1 535 52.8
NOTE [2] 522 649 475 570 619 673 60.4 67.8 774 90.6 97.1 96.8  92.8 95.9 96.6 75.1
RoTTA | 364 444 297 365 41.0 441 26.8 295 330 403 40.3 382 339 28.5 349 | 3584




Table S. Average classification error of the task CIFAR100 — CIFAR100-C while continually adapting to different corruptions at the
highest severity 5 with correlatively sampled test stream under the proposed setup PTTA.

Time t
S & S & N o . & & &

Method ¢ & @ & & & & & & & & = o &% S Avg.

& & ¥ T ¢y & ¢ & DG S &
Source 308 395 503 680 293 551 288 295 458 372 541 730 747 412 394 464
BN [4] 48.5 540 589 562 46.4 48.0 47.0 454 529 534 57.1 58.2 51.7 57.1 58.8 52.9
PL [3] 50.6 62.1 739 878 90.8 96.0 94.8 96.4 974 972 97.4 97.4 97.3 97.4 97.4 88.9
TENT [5] 53.3 77.6 93.0 96.5 96.7 97.5 97.1 97.5 97.3 972 97.1 97.7 97.6 98.0 98.3 92.8
LAME[i] | 224 304 439 663 213 517 206 218 39.6 280 487 728 746 331 323 40.5
CoTTA[6] | 492 527 568 530 487 517 494 487 525 522 54 549 496 534 56.2 522
NOTE[J] | 457 530 582 656 542 520 598 635 748 918 981 983 968 970 982 73.8
RoTTA | 318 367 409 421 300 336 279 254 323 340 388 387 313 380 429 | 350059

Table T. Average classification error of the task CIFAR100 — CIFAR100-C while continually adapting to

highest severity 5 with correlatively sampled test stream under the proposed setup PTTA.

different corruptions at

the

Time t
& & g > S & 9 o &

Method & R & & & Xy 3 2 ®© & & $ $o & Avg.

R A A . - R ve
Source 458 394 12 551 288 541 747 395 293 308 295 372 680 503 73.0 46.4
BN [4] 529 588 576 482 474 576 509 524 470 472 45.1 540 564 577 582 52.8
PL [3] 56.9 733 8.7 944 958 973 972 974 976 974 97.7 97.6 978 983 98.1 922
TENT[5] | 60.1 842 957 972 974 979 978 980 981 982 98.3 984 984 984 98.4 94.4
LAME[I] | 39.9 324 334 514 206 490 744 313 212 226 219 281 669 439 725 40.6
CoTTA[6] | 51.5 553 543 518 494 553 507 542 514 506 495 53.6 550 57.1 55.8 53.0
NOTE[2] | 51.6 609 603 454 543 708 688 750 757  87.1 94.7 956 96.7 96.4 972 75.4
RoTTA | 400 463 428 364 292 423 332 344 284 292 264 345 385 3938 393 | 36.00:0

Table U. Average classification error of the task CIFAR100 — CIFAR100-C while continually adapting to different corruptions at
highest severity 5 with correlatively sampled test stream under the proposed setup PTTA.

the

Time t
S
5 > X ;‘DQ S S, ‘b%\ & X Q & oo &

Method & ¥ & & SIS ) § > SRS & & > Avg.

etho bz‘} & 49 ¥ ng% Q}(b N 9 & Q\‘\p < & No*éé\ ¥ . @Q Ve
Source 29.3 308 28.8 68.0 73.0 54.1 412 503 55.1 7477 458 395 29.5 37.2 394 46.4
BN [4] 47.1 48.6 478 562 57.6 576 57.6 575 487 50.6  51.8 532 46.9 53.5 58.8 529
PL [3] 48.8 58.7 69.9 88.0 95.1 96.6 967 969 974 974 982 982 98.2 98.3 98.5 89.1
TENT [5] 51.0 67.6 858 959 97.2 97.5 972 977 98.1 979 977 977 98.0 98.0 98.2 91.7
LAME [1] 21.2 228 21.1 663 72.8 49.0 333 448 517 74.9 39.8 312 21.3 27.3 323 40.6
CoTTA [0] | 484 48.8 482 3529 54.0 538 527 572 526 48.6 51.8 539 49.4 52.3 56.0 52.0
NOTE [2] 45.1 46.7  49.1 673 65.5 694 755 803 838 96.0 97.6 97.1 96.1 97.9 98.7 777
RoTTA | 29.6 31.3 28.8 439 41.5 41.3 409 398 321 326 331 33.0 26.5 34.5 429 | 35.4¢52)

Table V. Average classification error of the task CIFAR100 — CIFAR100-C while continually adapting to different

highest severity 5 with correlatively sampled test stream under the proposed setup PTTA.

corruptions at

the

Time t
< &> & & & & N )

Method 5 & & o S & & & & N ° ¥ & & Avg.

R A A A . S A e
Source 54.1 28.8 394 50.3 395 412 73.0 458 68.0 29.5 55.1 30.8 74.7 29.3 37.2 46.4
BN [4] 58.8 47.7 59.2 57.6 527 56.9 58.2 520 56.7 45.5 47.8 48.2 51.7 46.1 54.0 52.9
PL [3] 60.1 595 75.1 85.7 915 946 96.5 97.1 974 97.3 98.0 97.7 97.9 97.8 97.7 89.6
TENT [5] 61.6 715 91.0 959 96.6 97.1 96.9 973 974 97.2 97.9 98.0 98.1 97.9 97.8 92.8
LAME [1] | 48. 20.6 323 444 302 33.6 72.4 40.0 66.3 21.6 52.0 22.8 74.6 20.7 27.5 40.5
CoTTA [0] | 56.4 489 56.1 57.8 541 542 56.2 53.6 554 50.0 53.6 51.6 51.2 50.7 54.4 53.6
NOTE [2] 62.5 463 61.5 61.1 58.6 684 76.1 78.3 920 93.4 96.1 95.4 96.2 95.8 96.4 78.5
RoTTA | 455 300 459 42.6 353 418 42.2 345 40.2 27.3 31.3 30.2 32.7 28.1 349 | 36.213

Table W. Average classification error of the task CIFAR100 — CIFAR100-C while continually adapting to different corruptions at
highest severity 5 with correlatively sampled test stream under the proposed setup PTTA.

the

Time t
& S ) N o & O o & o o &

Method & S & & & & § o > o S & S © $ Avg.

& & & L D A - ¥ ¥ &8 SRS & &
Source 55.1 73.0 293 28.8 458 54.1 412 503 74.7 372  68.0 394 39.5 30.8 29.5 46.4
BN [4] 49.5 58.8 47.0 465 522 576 576 57.6 51.7 535 560 58.5 53.1 47.6 46.3 52.9
PL [3] 53.6 70.4 76.0 85.1 912 952 96.0 97.0 96.9 97.3 973 97.6 97.5 97.6 97.7 89.8
TENT [5] 60.2 89.1 95.0 962 969 97.0 965 970 97.0 97.2 97.6 97.8 97.5 97.9 97.7 94.0
LAME [1] 51.3 72.5 21.5 21.0 39.6 49.0 333 448 74.8 28.0 66.8 325 30.6 22.5 214 40.6
CoTTA [0] 52.3 553 49.5 48.1 52,1 548 527 569 50.6 526 537 55.8 54.6 50.6 50.5 52.7
NOTE [2] 39.1 64.7 489 50.6 59.1 70.1 717 75.0 85.2 95.7 969 98.4 96.0 959 94.9 76.1
RoTTA | 414 46.2 30.5 285 36.0 409 40.5 39.6 33.0 350 382 43.1 339 307 27.1 | 36.3¢4




