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Table 1. The difference between our proposed continual test-time adaptation and related adaptation settings.

Data Learning
Selting Source Target Train stage Test stage
standard domain adaptation Yes stationary Yes No
standard test-time training [54] Yes stationary Yes (aux task) Yes
fully test-time adaptation [6]] No stationary No (pre-trained) Yes
continual test-time adaptation No continually changing No (pre-trained) Yes
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Off-the-Shelf -~ P T '
Source Pre-Trained m b ] 1_{@ |
Network " :
: ® Existing methods, which are mostly based on self-
training and entropy regularization, can suffer from
b Sg“l‘ce these non-stationary environments.
ree
Online Adapted Online ® Due to the distribution shift over time in the target
Network > Prediction domain, pseudo-labels become unreliable.

® The noisy pseudolabels can further lead to error
accumulation and catastrophic forgetting.
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Continually Changing Target Environment
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Figure 2. An overview of the proposed continual test-time adap-
tation (CoTTA) approach. CoTTA adapts from an off-the-shelf
source pre-trained network. Error accumulation is mitigated by us-
ing a teacher model to provide weight-averaged pseudo-labels and
using multiple augmentations to average the predictions. Knowl-
edge from the source data is preserved by stochastically restoring
a small number of elements of trainable weights.



I Experiments

evaluated on WideResNet-28 with the largest corru
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Table 2. Classification error rate (%) for the standard CIFAR10-to-CIFARI0OC online continual test-time adaptation task. Tesults are
ption severity level 5. * denotes the requirement on additional domain information.
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Method g%” E 3 §' § 5 5 § S & § £ | Mean
Source 723 65.7 129 420 25.1 413 260 303 | 435
BN Stats Adapt 28.1 26.1 363 12.1 173 17.4 153 273 | 204
Pseudo-label 267 22.1 32.0 127 17.3 17.3 165 259 | 198
TENT-online* [61] 248 23.5 33.0 10.8 159 162 137 242 | 186
TENT-continual [¢ ] 248 20.6 28.6 14.1 19.1 18.6 186 249 | 207
CoTTA (Ours) v 272 228 308 119 172 160 143 199 | 183
CoTTA (Ours) v v 245 21.0 26.0 120 166 159 147 187 | 174
CoTTA (Ours) v v 24.3 213 266 103 14.8 141 124 17.3 {162 (0.1)
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Table 4. Classification error rate (%) for the standard CIFAR100-to-CIFAR100C online continual test-time adaptation task. All results are
evaluated on the ResNeXt-29 architecture with the largest corruption severity level 5.
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ol o < I~ g & g &
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Method g £ ;‘;5: S §F F s & S & & g W @& % Mean
g X -8
&5 " § € % g W & e -qga S & 3 =
L5
Source 730 68.0 394 293 541 308 288 395 458 503 205 551 372 747 41.2 46.4
BN Stats Adapt 42.1 40.7 427 276 419 297 279 349 350 415 265 303 357 329 412 354
Pseudo-label 38.1 36.1 40.7 332 459 383 364 440 456 528 452 535 60.1 58.1 645 46.2
TENT-continual [61] | 37.2 35.8 41.7 379 512 483 485 584 63.7 71.1 704 823 88.0 885 904 60.9
CoTTA (Proposed) |40.1 37.7 39.7 269 38.0 279 264 328 31.8 403 247 269 325 283 335 32.5
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Table 5. Semantic segmentation results (mloU in %) on the Cityscapes-to-ACDC online continual test-time adaptation task. We evaluate
the four test conditions continually for ten times to evaluate the long-term adaptation performance. To save space, we only show the
continual adaptation results in the first, fourth, seventh, and last round. Full results can be found in the supplementary material. All results
are evaluated based on the Segformer-B5 architecture.

Time e e e e e e e e e e e e e e e SRS =
Round 1 4 i) 10 All
Condition Fog Night rain snow | Fog Night rain snow | Fog Night rain snow | Fog Night rain snow | Mean
Source 69.1 403 597 578 |[69.1 403 59.7 578 |69.1 403 597 578|69.1 403 597 578 | 56.7
BN Stats Adapt 623 38.0 546 530|623 380 546 530|623 380 546 53.0|623 38.0 546 53.0 |520
TENT-continual [61]]69.0 40.2 60.1 57.3 |66.5 36.3 587 54.0 (642 328 553 509|618 298 519 478 |523
CoTTA (Proposed) |70.9 41.2 624 59.7 |70.9 41.0 62.7 59.7 |70.9 41.0 62.8 59.7 |70.8 41.0 62.8 59.7 | 58.6
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