A Experiment details

We conducted all experiments in the paper using three random seeds (0, 1, 2) and reported the average
accuracies and their corresponding standard deviations. The experiments were performed on NVIDIA
GeForce RTX 3090 and NVIDIA TITAN RTX GPUs. For a single execution of SoTTA, the test-time
adaptation phase consumed 1 minutes for CIFAR10-C/CIFAR100-C and 10 minutes for ImageNet-C.

A.1 Baseline details

In this study, we utilized the official implementations of the baseline methods. To ensure consistency,
we adopted the reported best hyperparameters documented in the respective papers or source code
repositories. Furthermore, we present supplementary information regarding the implementation
specifics of the baseline methods and provide a comprehensive overview of our experimental setup,
including detailed descriptions of the employed hyperparameters.

SoTTA (Ours). We used ADAM optimizer [14], with a BN momentum of m = 0.2, and learning
rate of [ = 0.001 with a single adaptation epoch. We set the HUS size to 64 and the confidence
threshold Cy to 0.99 for CIFAR10-C (10 classes), 0.66 for CIFAR100-C (100 classes), and 0.33 for
ImageNet-C (1,000 classes). We set entropy-sharpness L2-norm constraint p = 0.5 following the
suggestion [4].

PL. For PL [17], we only updated the BN layers following the previous studies [38, 39]. We set the
learning rate as LR = 0.001 as the same as TENT [38].

TENT. For TENT [38], we set the learning rate as LR = 0.001 for CIFAR10-C and LR = 0.00025
for ImageNet-C, following the guidance provided in the original paper. We referred to the official
code? for implementations.

LAME. LAME [1] relies on an affinity matrix and incorporates hyperparameters associated with it.
We followed the hyperparameter selection specified by the authors in their paper and referred to their
official code* for implementation details. Specifically, we employed the kNN affinity matrix with a
value of k set to 5.

CoTTA. CoTTA [39] incorporates three hyperparameters: the augmentation confidence threshold
Dth, restoration factor p, and exponential moving average (EMA) factor m. To ensure consistency, we
adopted the hyperparameter values recommended by the authors. Specifically, we set the restoration
factor to p = 0.01 and the EMA factor to o = 0.999. For the augmentation confidence threshold,
the authors provide a guideline for its selection, suggesting using the 5% quantile of the softmax
predictions’ confidence on the source domains. We followed this guideline, which results in p;, =
0.92 for CIFAR10-C, p;;, = 0.72 for CIFAR100-C, and p;;, = 0.1 for ImageNet-C. We referred to
the official code® for implementing CoTTA.

EATA. For EATA [28], we followed the settings from the original paper. We set LR =
0.005,/0.005/0.00025 for CIFAR10-C/CIFAR100-C/ImageNet-C, entropy constant Ey = 0.4 x1In|))|
where || is number of classes. We set cosine sample similarity threshold e = 0.4/0.4/0.05, trade-off
parameter 5 = 1/1/2,000, the moving average factor « = 0.1. We utilized 2,000 samples for
calculating Fisher importance as suggested. We referred to the official code® for implementing EATA.

SAR. SAR [29] aims to adapt to diverse batch sizes, and we chose a typical batch size of 64 for a
fair comparison. We followed the learning rate as LR = 0.00025, sharpness threshold p = 0.5, and
entropy threshold Ey = 0.4 x In|Y| where |)] is the total number of classes, as suggested in the
original paper. Finally, we froze the top layer (layer4 for ResNet18) as the original paper, and SOTTA
also follows this implementation. We referred to the original code’ for implementing SAR.

*https://github.com/DequanWang/tent
*https://github.com/fiveai/LAME
Shttps://github.com/qinenergy/cotta
https://github.com/mr-eggplant/EATA
"https://github.com/mr-eggplant/SAR



RoTTA. ROTTA [44] uses Adam Optimizer by setting learning rate as LR = 0.001 and 5 = 0.9.
We followed the authors’ hyperparameters selection from the paper, including BN-statistic exponential
moving average updating rate as & = 0.05, the Teacher model’s exponential moving average updating
rate as v = 0.001, timeliness parameter as A; = 1.0, and uncertainty parameter as \,, = 1.0. We
referred to the original code® for implementing ROTTA.

A.2 Target dataset details

CIFAR10-C/CIFAR100-C. CIFARI10-C/CIFAR100-C [9] serves as a widely adopted benchmark
for evaluating the robustness of models against corruptions [27, 36, 38, 39]. Both datasets consist
of 50,000 training samples and 10,000 test samples, categorized into 10/100 classes. To assess the
robustness of models, datasets introduce 15 types of corruptions to the test data, including Gaussian
Noise, Shot Noise, Impulse Noise, Defocus Blur, Frosted Glass Blur, Motion Blur, Zoom Blur,
Snow, Frost, Fog, Brightness, Contrast, Elastic Transformation, Pixelate, and JPEG Compression.
For our experiments, we adopt the highest severity level of corruption, level 5, in line with previous
studies [27, 36, 38, 39]. Consequently, the datasets consist of 150,000 corrupted test samples. To train
our models, we employ the ResNet18 [8] architecture as the backbone network. The model is trained
on the clean training data to generate the source models. We utilize stochastic gradient descent with
a momentum of 0.9 and cosine annealing learning rate scheduling [22] for 200 epochs. The initial
learning rate is set to 0.1, and a batch size 128 is used during training.

ImageNet-C. ImageNet-C is another widely adopted benchmark for evaluating the robustness
of models against corruptions [1, 27, 36, 38, 39]. The ImageNet dataset [3] consists of 1,281,167
training samples and 50,000 test samples. Similar to CIFAR10-C, ImageNet-C applies the same 15
types of corruptions, resulting in 750,000 corrupted test samples. We utilize the highest severity level
of corruption, equivalent to CIFAR10-C. For our experiments, we employ a pre-trained ResNet18 [8]
model from the TorchVision library [23], which is pre-trained on the ImageNet dataset [3] and is
widely used as a backbone for various computer vision tasks.

A.3 Noisy dataset details

CIFAR100 (Near). CIFAR100 [15] consists of 50,000/10,000 training/test data with 100 classes.
We utilized training data without any corruption. We undersampled the dataset to 10,000 for the
CIFAR10-C and CIFAR100-C target cases by randomly removing samples and used the entire training
set (50,000) for the ImageNet-C target case.

ImageNet (Near). ImageNet [3] consists of 1,281,167/50,000 training/test data with 1,000 classes. We
utilized test data without any corruption. We undersampled the dataset to 10,000 for the CIFAR100-C
target case by randomly removing samples.

MNIST (Far). MNIST [16] contains 60,000/10,000 training/test data with 10 classes. We utilized
test data without any corruption. We used the entire test set for the CIFAR10-C/CIFAR100-C target
case, and oversampled the dataset by randomly resampling, which results in 50,000 samples that is
equivalent to the size of each ImageNet-C target data.

Attack. We implemented the modified indiscriminate distribution invading attack (DIA) [40]. First,
we duplicated the entire set of target samples and treated them as malicious samples. Subsequently, we
randomly shuffled these duplicated samples within the original target sample set. During the adaptation
phase, we injected perturbations into the malicious samples to increase the overall error rate on benign
samples within the same batch. As a result, we perturbed 10,000 samples (CIFAR10-C/CIFAR100-C)
and 50,000 samples (ImageNet-C) to serve as attack samples. For CIFAR10-C/CIFAR100-C, we
used hyperparameters of maximum perturbation constraint ¢ = 0.1, attack learning rate « = 1/255,
and attacking steps N = 10. For ImageNet-C, we used hyperparameters of maximum perturbation
constraint ¢ = 0.2, attack learning rate @ = 1/255, and attacking steps N = 1.

Uniform random noise (Noise). We generated a uniform random valued image in the scaled RGB
range [0, 1], with the same height and width as the corresponding target dataset. We generated the
same amount of noise samples as each target dataset.

$https://github.com/BIT-DA/RoTTA



B Result details

Table 5: Classification accuracy (%) and their corresponding standard deviations on CIFAR10-C for
15 types of corruptions under five scenarios. Bold numbers are the highest accuracy. Averaged over
three different random seeds.

Noise Blur Weather Digital
Method Gau.  Shot  Imp.  Def. Gla. Mot.  Zoom Snow  Fro. Fog Brit. Elas. Pix. JPEG Avg.
Source 260 332 247 567 520 674 648 780 670 741 91.5 76.6 464 732 577
£33 £33 +42 +27 £27 £12 £26 £04 £25 £08 £03 £07 £06 08 +1.0
BN Stats [27] 670 690 604 878 656 863 874 816 803 854 907 767 793 719 784
i +05 +038 +09 +02 £0.7 £0.1 04 £04 £05 £0.6 £02 £02 £0.0 06 +03
PL[17] 711 729 622 869 644 853 866 808 788 849 89.6 762 800 731 785
+12 +06 +13 +00 +04 £12 £0.9 £1.0 £18 £03 £1.0 £0.6 £07 £14 £03
TENT [38] 745 716 666 882 662 869 8.8 8.7 813 860 9I.1 719 8.7 767 810
. +07 +038 +13 +03 +20 £0.8 £04 £05 £13 £15 04 £03 £09 +14 £04
Benign LAME [1] 21.8 292 19.7 533 521 659 625 792 693 731 90.1 757 438 741 559
+36 +4.0 +47 +16 +37 £03 14 £0.7 44 £17 £03 £07 £11 £09 £05
CoTTA [39] 769 786 723 882 709 86.8 881 834 834  86.1 91.2 792 8.0 799 822
” +0.6 +0.1 +02 +05 +1.0 £02 £05 £03 £05 £05 £02 £05 £03 £0.6 +02
EATA [28] 760 782 682 884 70.1 874 884 845 850 880 915 778 848 784 824
+038 +038 +07 +02 +19 £05 £0.1 £03 £03 £02 £03 £05 £05 +12 £02
SAR [29] 683 697 589 878 629 863 874 8l.6 803 84 907 767 793 720 783
+12 +1 +69 +02 +53 +0.1 +0.4 £04 £05 £0.6 £02 £02 +0 £05 +07
/ 652 674 583 872 644 858 873 812 769 83 907 765 717 71.6 755
ROTTA [44] +038 +1.1 +09 +02 +12 +05 £0.5 +1 +1 £0.6 £05 £0.5 +04 +09 +07
SoTTA 750 775 688 888 707 87.5 890 854 840 882 919 798 839 783 822
+1.1 +06 +07 +04 +12 £05 £05 £03 £07 £0.2 £0.1 £04 £05 £07 +03
Source 260 332 247 567 520 674 648 780 670 741 915 76.6 464 732 577
£33 +35 +42 +27 +27 +12 2.6 04 %25 0.8 £0.3 +0.7 £0.6 +08 +10
BN Stats [27] 649 663 582 841 627 842 850 831 825 8.5 924 765 674 703  76.6
+038 +09 +07 +05 +06 £04 £02 £0.6 £05 £05 £0.1 £0.6 £03 £1.0 £04
PL[17] 632 635 51.7 816 584 784 833 792 797 803 89.2 731 709 693 734
+1.0 +34 44 +10 +15 £1.6 £0.6 £05 £2.1 £1.9 £1.1 £16 £06 £17 £02
TENT [38] 647 647 502 813 596 808 88 796 783 800 88.6 735 743 711 743
. +36 +54 +49 +23 +29 £11 £1.0 £ 11 £27 £38 £1.0 £1.0 £05 £28 £09
Near LAME [1] 243 316 199 539 532 659 625 790 695 731 90.1 750 448 742 564
+30 +33 +43 14 +36 £0.7 £12 04 £38 £15 £02 £07 £1.0 +1.1 £0.6
CoTTA [39] 727 743 660 826 67.6 81.8 841 84.1 855 825 911 78.1 76.1 793 784
” +02 +07 +0.1 +06 +09 £05 04 £0.8 £03 £1.1 £03 £1.0 £05 £0.7 £04
EATA [28] 515 503 401 704 458 728 772 668 674 744 839 602 673 621 63.9
+34 +24 +22 +56 +24 £0.9 14 £2.0 £50 £12 £12 £18 £20 £5.4 £04
SAR [29] 590 609 528 782 554 837 818 788 786 855 924 66.6 640 63.8 724
154 :143 144 2100 147 +07 +57 £72 £6.7 £05 £0.1 178 122 +144  £88
ROTTA [44] 663 683 594 8.0 632 854 870 835 828 864 924 77.1 716 716 777
+07 +13 +07 +04 +07 +03 +04 +0.8 £0.7 £05 £03 £0.8 £04 £0.6 £0.6
SoTTA 743 767 665 875 669 864 878 844 838 872 913 787 824 780 814
+14 +09 +22 +0.1 +038 £0.6 £05 £0.6 £02 £05 £02 +11 £05 £0.6 £05
Source 260 332 247 567 520 674 648 780 670 741 915 76.6 464 732 577
%33 %35 %42 +27 +27 +12 +26 04 %25 0.8 £0.3 +0.7 £0.6 £0.8 +1.0
BN Stats [27] 627  66.1 560 8.5 607 842 872 798 784 857 899 755 698 650 752
+13 +14 +09 +02 +07 £0.8 £0.1 04 £0.6 £02 £0.0 £0.6 £1.0 £0.1 £03
PL[17] 552 541 483 832 493 80.0 8.0 768 733 80.6 87.6 705 668  63.6  69.8
£29 +52 +52 +038 44 £24 £1.9 £12 28 £1.9 £14 £27 £59 £26 £15
TENT [38] 51.6 574 437 848 435 833 853 804 731 835 89 735 722 667 712
. +86 +62 114 +038 +15 +038 £0.6 £11 £35 £04 £04 £17 £24 £43 £1.0
Far LAME [1] 228 296 193 532 504 646 607 79.1 679 728  90.1 747 444 743 555
+34 +37 +42 +16 +37 +038 £12 £0.7 £4.0 £15 £02 £08 £07 £1.0 £0.4
CoTTA [39] 674 711 594 833 612 823 843 804 804 838 872 760 703 729 745
” +19 +1.0 +27 +05 +06 +09 £03 £12 £15 £13 +14 £04 £35 £27 £12
EATA [28] 40.0 464 349 735 352 593 764 611 595 684 852 465 535 490 563
+23 +39 +09 +03 +29 +238 £0.7 £3.0 £2.9 +7.1 £2.1 £12 £5.1 £55 £05
SAR [29] 603 626 509 865 554 843 872 798 783 857 899 70.1 67.8 609 733
+177 +79 +938 +02 +9.6 +07 £0.1 £03 £05 £02 £0.1 +10.1 £62 £95 +39
ROTTA [44] 673 698 611 88.1 66.0 866 880 820 788 862 912 715 796  73.0 771
+05 +1.0 +19 +04 +09 +05 +06 £11 +14 £0.6 +0.4 +0.8 £1.0 +1.0 +1.1
SOoTTA 733 763 663 885 683 8.8 883 841 842 872 92.0 778 838 778 81.6
+12 +19 +2.5 +0.6 +23 £0.7 £0.2 +1.0 £0.6 +0.4 +0.4 +18 £09 £12 £0.6
Source 260 332 247 567 520 674 648 780 670 741 91.5 76.6 464 732 577
%33 %35 %42 +27 +27 +12 26 04 %25 0.8 0.3 +0.7 £0.6 £0.8 +1.0
BN Stats [27] 445 468 398 633 421 635 625 623 593 621 754 506 539 469 559
+13 +15 =11 +1.2 +1.7 +1.7 *12 *1.7 *1.7 *15 *1.0 *13 +16 *19 *14
PL[17] 59.1 614 531 73.1 519 717 723 713 69.1 69.8 815 609 674  60.1 66.3
+09 +15 +20 +09 +20 +138 £ 11 £17 £17 £0.8 £0.9 £18 £12 £14 £13
TENT [38] 629 652 567 748 545 734 752 738 718 721  83.0 63.1 700 640 689
. +06 +03 +1.1 +1.0 +20 +038 £0.9 £0.6 £1.8 £0.6 £07 £13 £1.0 £14 £09
Attack LAME [1] 210 280 173 527 529 659 620 793 704 739 903 756 442 742 559
+35 +4.1 +43 +19 +36 +05 £12 £0.6 £45 £1.6 £02 £07 £1.0 £1.1 £05
CoTTA [39] 531 570 497 679 559 697 713 743 695 681 849 686 623 716 695
” +16 +12 +138 +07 +24 +16 £0.6 +1.8 £1.9 £2.0 04 £1.9 £16 £13 £15
EATA [28] 66.6 687 579 752 572 747 755 751 735 738 835 643 735 678 709
04 +05 +05 +07 +038 +1.0 £0.9 £1.0 +0.8 £05 £0.6 £1.0 £0.6 £11 £06
SAR [29] 46.1 48.1 403 633 422 635 625 623 593 621 75.4 506 539 476 562
+39 +35 +17 +12 +16 +138 £12 £17 £17 £15 £1.0 +12 £17 £29 +18
y 69.7 718 629 886 678 874 887 832 80. 87.1 91.8 784 806 741 78.4
RoTTA [44] +07 +1.0 +1.0 +03 +07 +02 +06 +07 +0.8 £03 +03 £0.8 £02 £07 £07
SoTTA 782 808 723 901 736 892 903 874 862 893 929 813 866 81.0 845
+03 +0.1 +08 +02 +09 +04 £0.5 £0.5 £0.6 £0.6 £0.1 £0.8 £03 £03 £02
Source 260 332 247 567 520 674 648 780 670 741 91.5 76.6 464 732 577
£33 £35 %42 %27 %27 +12 26 +04 %25 0.8 0.3 £0.7 £0.6 +08 +1.0
BN Stats [27] 517 539 455 527 415 510 551 628 638 538 769 46.8 548 564 548
+0.3 +0.6 0.7 £2.0 =17 0.7 =15 +0.7 0.2 0.6 0.3 £18 £0.7 +1.0 +0.8
PL[17] 476 527 447 489  36.1 494 541 619 565 509 771 431 494 595 518
%99 %24 +43 £126 +5.1 =18 +29 24 44 %13 %37 £45 £56 47 £09
TENT [38] 540 571 367 489 283 505 51.0 640 647 495 805 384 567 57.0 521
. +6.7 +56 +9.1 +638 +45 +3.1 +50 £4.1 £52 £1.9 £14 £22 £64 £45 £04
Noise LAME[1] 21.8 286 185 516 508 643 609 784 673 71.7 905 75.1 430 734 549
+35 +37 +3.1 +23 +36 +02 +138 £05 £38 £12 £02 £07 £0.9 £1.0 £06
CoTTA [39] 604 603 524 473 416 441 520 627 666 477 79.0 428 602 602 5438
. +2.1 +35 +16 +30 +04 +27 +47 £0.6 £0.8 £24 £17 £43 £05 £1.0 £13
EATA [28] 422 410 332 327 250 279 343 408 426 316 615 275 358 431 36.0
+11 +11 +59 +5.1 +15 +2.1 +54 £27 £65 £115 £5.7 £4.1 £45 £83 £08
SAR [29] 575 593 496 572 437 544 594 648 654 579 771 500 583 598 583
+1.0 +02 +17 +1.1 +17 +15 +16 £1.0 £03 04 £02 £12 £0.6 £0.1 £03
ROTTA [44] 644 669  56.1 80.1 59.1 798 82 797 787 718 912 723 734 728 736
+05 +038 +14 +04 +05 +02 +038 +038 £0.7 04 £0.6 £12 £02 £07 £05
SoTTA 733 717 668 861 640 843 866 831 82.0 857 911 771 816 772  80.0
+15 +08 +18 +2.1 +2.8 +0.7 £1.1 £0.7 +18 £2.7 +04 £33 £2.8 £22 +14




Table 6: Classification accuracy (%) and their corresponding standard deviations on CIFAR100-C for
15 types of corruptions under five scenarios. Bold numbers are the highest accuracy. Averaged over
three different random seeds.

Noise Blur Weather Digital
Method Gau.  Shot  Imp. Def. Gla. Mot. Zoom Snow  Fro. Fog  Brit. Cont. Elas.  Pix. Avg.
Source 106 121 7.2 349 196 441 419 463 342 411 673 185 504 249 33.2
+13 +12 +09 %03 %06 +06 +04 £02 £04 £09 +0.1 +06 £03 %25 +04
BNstats[27] 392 407 341 661 425 636 648 538 535 581 682 645 539 566 53.7
+09 +06 +07 £0.1 +04 +06 +0.1 +05 £02 +03 +02 +05 04 %07 +02
PL[17] 465 487 408 663 455 637 657 568 551 610 686 646 546 609 56.6
£02 +09 +12 £05 +12 +07 +06 +06 £06 £02 +08 +06 £05 £04 +02
TENT [38] 500 520 442 679 487 661 680 597 593 634 708 673 575 636 03
. +05 +08 +05 £03 +05 £05 +04 +05 £03 +02 +03 +03 +04 +03 +00
Benign LAME [I] 7.8 9.0 5.9 31,6 166 423 398 455 317 383 664 151 495 216 31.0
17 +17 +08 +03 +06 +08 +05 +02 +10 +11 +03 +06 +04 +28 +05
CoTTA [39] 475 485 432 640 464 617 628 553 561 567 681 584 543 602 55.8
. +04 +05 +05 +03 +08 +08 +03 +08 +06 +04 +0.1 +07 +0.1 +04 +04
EATA [28] 11.1 122 7.2 350 104 315 396 216 179 236 564 347 152 217 235
- 17 +13 +02 +12 +10 +46 +70 +18 +20 +32 +55 +56 +19 +34 +19
SAR [29] 465 485 409 674 461 649 663 569 564 612 698 668 561  60.3 573
- +06 +08 +07 +03 £06 +08 +03 +05 £03 +04 +02 +05 +03 +04 +03
ROTTA [44] 357 369 316 639 403 616 630 512 441 315 523 529 48.7
1.2 11 £1.0 03 +0.2 0.7 08 £0.5 09 +14 £06 =11 +0.6
SoTTA 520 534 450 688 491 667 69.0 617  60.2 664  58.6  64.1 60.5
+0.6 +04 +1.1 £02 £08 +0.6 +02 £06 £02 £05 £05 £02 +0.0
Source 106 12.1 72 349 196 441 419 463 342 185 504 249 332
+13 +12 +09 %03 06 +06 +04 +02 04 +06 £03 %25 +04
BNstats [27] 360 371 315 586 377 582 60.1 561 561 549 524 498 50.8
- +06 +06 +10 £03 +02 +0.1 +08 +04 £03 +05 £05 £07 +0.1
PL[17] 324 321 265 584 335 569 588 515 505 3. 514 493 531 48.0
+20 +21 17 £18 +06 +15 +19 +06 £15 X +39 £09 £05 +03
TENT [38] 268 27.1 214 587 245 580 608 506 477 526 663 582 462 521 46.4
. +56 +06 +29 £21 +21 +11 +08 +11 £22 +21 +12 +00 £03 +10 +14
Near  LAME[I] 8.1 9.6 5.9 326 172 430 404 457 327 391 668 156 498 223 315
+16 +16 +09 +04 +05 +06 +06 +04 £07 +08 +01 +06 +04 +25 +05
CoTTA [39] 405 413 369 515 395 534 548 568 572 526 673 382 513 564 50.0
: +08 +03 +05 £06 +05 +04 +09 +04 £05 +08 +0.1 +05 £09 +0.1 +03
4.5 4.3 3.6 7.4 4.9 7.6 7.5 7.0 5.7 5.8 9.9 5.2 6.6 5.7 6.1
EATA [28] 09 +03 +03 +04 +03 +13 +06 +13 +1.0 +02 +13 +04 +03 +05 +03
SAR [29] 433 446 383 626 405 615 635 586 585 614 721 620 546 575 554
- +0.1 +07 +09 +05 +03 +04 +08 +05 +0.1 +04 +03 +0.1 +03 +0.1
ROTTA [44] 366 386 305 640 381 619 637 551 503 682 266 527 523 494
+07 04 =15 +04 =01 06 +05 =10 +22 06 e 06 £12 +05
SoTTA 472 485 404 648 424 634 658 591 582 708 658 543  60.7 57.1
11 +07 +18 £04 £03 +03 £05 £03 +06 +03 £05 £0.1 £04 +02
Source 106 121 72 349 196 441 419 463 342 673 185 504 249 332
13 +12 +09 %03 06 +06 +04 +02 %04 +0.1 +06 +03 %25 +04
BNstats[27] 325 344 279 591 342 563 596 484 486 64.1 519 476 469 46.8
- +04 +04 +07 £07 +03 +08 +02 £0.1 £02 +04 +06 07 £04 +0.1
PL[17] 247 263 197 576 261 537 575 472 440 62.1 481 420 456 4238
+19 +36 +10 +11 +27 17 17 +18 %05 +08 +18 +07 £21 +07
TENT [38] 173 169 139 575 198 550 600 399 408 636 51.6 370 445 40.0
. +21 +20 +16 £22 +21 +05 +06 +52 £29 +04 +45 £27 +37 +13
Far LAME [1] 7.8 9.2 59 312 17.0 414 385 449 319 655 149 492 221 30.8
+17 +18 +10 £09 +06 +12 +12 +04 +08 +07 +09 +03 +26 +07
CoTTA [39] 321 345 286 472 327 498 511 459 467 567 298 440 464 424
. +07 +12 +04 £09 +12 +04 +05 +25 £02 +08 +07 +02 +08 +04
33 3.4 32 6.7 3.6 59 6.8 4.4 45 72 43 4.1 5.0 4.8
EATA [28] +04 +05 +06 +09 +11 +05 +12 +07 +0.1 +07 +10 +03 +08 +05
SAR [29] 374 389 322 623 369 603 633 518 525 668 61.1 504 536 512
- +04 +11 +08 +03 +03 +0.1 +04 +03 +0.1 +04 +10 +04 +07 +0.1
ROTTA [44] 393 406 352 647 423 624 637 518 453 662 263 526 552 49.8
+24 £22 £22 £03 +16 +06 +05 +09 £17 +09 +07 +06 +11 +09
SoTTA 508 515 423 669 462 645 673 603 595 707 686 558 625 59.0
11 +09 £09 £05 £1.0 +03 £03 £0.0 £05 +0.6 £09 +04 £04 +04
Source 106 121 72 349 196 441 419 463 342 673 185 504 249 33.2
13 +12 +09 £03 06 +06 +04 +02 04 +0.1 +06 £03 £25 +04
BNstas[27] 190 195 156 362 203 377 362 312 30l 458 352 280 308 29.2
+04 +04 +07 £08 £03 +04 +06 +02 %04 04 +0.1 +04 %07 +04
PL[17] 338 348 290 438 203 444 451 419 401 537 398 360 425 39.3
+13 +08 +05 £13 +04 +02 +07 +0.1 £04 +04 +03 +07 £02 +04
TENT [38] 287 299 233 370 217 365 374 344 326 464 291 265 351 31.9
. +09 +10 +04 +10 +07 +06 +07 +04 £08 +04 +15 £06 04 +07
Attack  LAME [1] 7.6 9.1 5.9 31.8 164 423 394 455 319 663 150 494 215 31.0
+16 +16 +08 £05 +06 +07 +05 +03 £09 +03 +07 +04 +27 +06
CoTTA [39] 344 345 299 417 311 409 425 384 378 506 252 353 434 37.2
- +08 +06 +06 £10 +09 +04 +10 +02 £07 +04 +08 +11 £03 +02
2.2 2.0 25 4.4 1.7 37 3.8 3.1 2.8 15.1 29 25 34 3.7
EATA [28] +09 +07 +05 +0.1 +04 +08 +04 +03 +11 +73 +07 +06 +07 +06
SAR [29] 270 282 231 407 243 408 406 359 347 493 394 310 371 344
- +05 +06 +03 +0.6 +00 +0.1 +05 +02 +03 +02 +0.1 +03 +06 +03
ROTTA [44] 405 417 359 662 435 641 655 545 495 683 257 547 566 515
+09 +07 +09 +03 +0.1 +07 +04 +03 +13 +05 +40 +0.1 +06 +04
SoTTA 543 556 476 696 516 678 697 627 617 725 683 594 653 61.9
+0.7 +07 £02 £02 £05 +0.1 £02 £03 +03 +0.1 +12 £05 +04 +0.0
Source 10.6 121 72 349 196 441 419 463 342 673 185 504 249 332
13 12 +09 £03 06 06 +04 +02 04 +0.1 +06 +03 %25 +04
BNstats[27] 255 255 208 282 220 284 310 307 326 442 258 263 294 283
=10 +05 +09 £05 £0.1 +03 +04 +06 £03 +05 +05 +02 £08 +03
PL [17] 214 256 158 225 161 19.8 238 281 307 474 140 216 264 23.8
+24 +34 +24 £21 +02 +23 +10 +03 £05 +16 +21 £26 %45 +06
TENT [38] 164 173  11.3  20.1 1.2 178 243 200 246 509 109 135 253 20.0
. +30 +55 £33 £42 +01 +23 +19 £27 £46 +18 +16 +08 £38 +09
Noise LAME[I] 7.9 9.2 6.1 320 165 425 398 450 319 662 151 498 217 31.1
+16 +17 +08 £05 +06 +10 +07 +10 £12 +05 +09 +04 +27 +07
CoTTA [39] 286 284 253 256 218 253 282 284 310 382 201 251 333 27.3
- +09 +03 +07 +08 +11 +15 +07 +14 £04 +12 +05 £09 +07 +03
2.8 2.7 23 2.6 2.0 2.0 2.8 1.9 2.4 27 22 3.0 2.1 2.4
EATA [28] +15 +06 +03 +03 +06 +03 +03 +0.1 +04 +07 +03 +03 +03 +02
SAR [29] 375 378 293 388 264 389 424 412 427 572 321 329 407 38.1
- +19 421 +29 +0.5 +24 +22 +10 +39 £05 +08 +13 +35 +18 +12
ROTTA [44] 366 379 312 619 404 607 619 517 457 665 255 516 530 483
+1.0 +15 +14 +1.0 +04 +03 +06 +05 £0.7 +04 +15 +07 £09 +05
SoTTA 504 523 419 663 455 654 667 60.1 593 70.7 656 559 618 58.6
+2.5 +0.7 +35 +038 £0.7 +0.5 +0.6 +09 £02 +03 1.1 +14 £19 +1.0




Table 7: Classification accuracy (%) and their corresponding standard deviations on ImageNet-C for
15 types of corruptions under five scenarios. Bold numbers are the highest accuracy. Averaged over
three different random seeds.

Noise Blur Weather Digital
Method Gau.  Shot  Imp. Def. Gla. Mot. Zoom Snow  Fro. Fog  Brit. Cont. Elas. Pix. JPEG Avg.
Source 1.2 1.8 1.0 11.4 8.7 11.2 17.6 109 16.5 143 513 34 16.8  23.1 29.6 14.6
+00 +0.0 £0.0 £0.0 £0.0 +00 +0.0 £0.0 £0.0 +00 +0.0 £0.0 £0.0 £0.0 +00 +0.0
BN stats [27] 13.0 14.1 134 117 128 231 333 291 28.1 403 577 11.9 384 438 364 271
- +0.1 +0.1 £0.0 £0.0 £0.0 +0.1 +0.0 £0.1 £0.0 +0.1 +0.1 £0.1 £0.0 £0.1 +0.1 +0.0
PL[17] 14.9 18.3 16.5 11.2 132 29.1 39.1 355 260 476 583 52 465 505 456 305
+12 +13 +07 £07 +12 +1.6 +05 £1.1 £12 +06 +03 +03 £0.6 £02 +0.1 +0.1
TENT [38] 13.0 14.1 134 117 128 231 333 291 28.1 403 577 11.9 384 438 364 271
- +0.1 +0.1 £0.0 £0.0 +00 +0.1 +0.0 £0.1 £0.0 +0.1 +0.1 +0.1 £0.0 £0.1 +0.1 +0.0
Benign LAME[I] 0.7 1.1 0.5 114 8.6 11.1 17.5 10.3 16.4 14.1 51.3 34 165 230 296 14.4
+00 +0.0 £0.0 £0.0 +00 +0.0 +0.0 £0.0 £0.0 +00 +00 +0.0 £0.0 +00 +00 +00
CoTTA [39] 17.7 19.0  18.0 15.7 174 306 390 340 324 469 593 187 431 498 422 322
” +0.1 +02 £0.1 +0.1 +03 +0.1 +02 £03 +0.1 +02 +0.1 +03 £0.1 +02 +0.1 +0.1
EATA (28] 259 275 259 237 239 352 432 402 362 503 599 306 484 51.8 470 380
- +02 +0.1 £02 +04 +04 +03 +0.0 £02 +02 +0.1 +00 03 £0.0 +00 +0.1 +0.1
SAR [29] 245 264 245 21.0 216 333 411 383 346 492 594 248 465 507 458  36.1
- +03 +0.1 £02 +0.1 +02 +00 +0.1 +0.1 +0.1 +0.1 +0.1 +1.0 £0.1 +02 +00 +0.1
ROTTA [44] 15.1 16.5 15.5 13.1 142 255  36.1 31.8 289 442 595 156 416 468 403 297
+0.1 +02 +0.1 +02 +00 +0.1 +0.1 £02 +0.1 +02 +0.0 +02 £0.1 +00 +0.1 +0.0
SoTTA 292 318 298 262 276 379 447 428 379 523 601 241 503 534 487 398
+02 +03 +03 £02 £0.2 +02 02 02 +03 +02 +0.1 +05 +0.1 £0.1 +02 +0.0
Source 1.2 1.8 1.0 11.4 8.7 11.2 17.6 109 16.5 51.3 3.4 16.8  23.1 29.6 14.6
+00 £0.0 £0.0 £0.0 £0.0 +00 +0.0 £0.0 £0.0 +00 £0.0 £0.0 £0.0 +00 +0.0
BNstats [27] 3-8 6.9 6.7 8.5 8.5 155 246 191 215 49.7 4.5 262 317 273 18.9
+05 +0.1 £00 £07 £03 +00 £0.1 £04 £0.1 +0.1 £02 £0.1 £0.0 +02 +0.1
PL[17] 0.5 0.7 0.6 22 1.6 4.4 7.2 3.8 3.6 35.6 0.6 6.5 18.7 5.7 6.9
+0.1 +0.1 £0.0 £0.1 +03 +02 +05 £0.4 £02 +13 £0.0 £13 £0.6 +02 +0.0
TENT [38] 5.8 6.9 6.7 8.5 8.5 155 246 191 215 49.7 4.5 262 317 273 18.9
- +05 +0.1 £0.0 £07 +03 +00 +0.1 £0.4 £0.1 +0.1 £02 £0.1 £0.0 +02 +0.1
Near LAME [1] 1.0 1.5 0.8 10.8 8.4 11.1 17.5 10.3 16.4 51.3 34 165 230 296 14.4
+0.1 +0.0 £0.0 £1.0 +03 +00 +0.0 £02 £0.0 +0.0 £0.1 £0.0 +00 +00 +0.1
6.6 7.8 7.4 11.6 11.1 23.1 305 246 248 537 5.8 31.8 414 340 233
CoTTA [39] +09 +02 £0.1 £17 +02 +0.1 +02 +0.4 £0.0 +03 £11 +0.1 +0.1 +03 +02
EATA [28] 6.6 9.1 7.7 14.1 129 233 335 290 289 554 6.4 369 437 365  25.6
- +0.1 +0.1 £02 +00 +0.1 +02 +0.1 £0.0 +02 +0.1 08 £03 +03 +0.1 +0.1
SAR [29] 6.7 10.2 8.1 15.9 135 281 370 329 282 56.8 1.8 40.8 477 416 276
- +13 06 06 +19 +07 +0.1 +0.1 +13 +05 +0.0 £05 £04 +0.1 +03 +03
3.1 5.4 3.7 10.8 9.2 230 335 323 303 59.3 0.7 402 463 402 256
RoTTA [44] +0.7 +1.0 +0.4 £1.0 +0.6 +0.4 +1.3 +0.8 +0.2 +0.1 +0.1 +0.0 +0.3 +0.2 +0.4
SoTTA 0.3 5.8 0.5 217 215 269 390 350 281 56.1 0.5 448 492 432 279
+0.1 +40 £02 £08 £0.8 +49 +06 £05 £05 +02 +0.1 £0.1 £0.3 +0.1 +03
Source 1.2 1.8 1.0 11.4 8.7 11.2 17.6 109 16.5 51.3 34 16.8  23.1 29.6 14.6
+00 £0.0 £00 £0.0 £0.0 +00 +0.0 £0.0 £0.0 +00 £00 £0.0 £0.0 +00 +00
BNstats [27] 45 5.0 5.0 4.2 53 9.1 162 174 180 433 1.2 232 269 209 14.8
= +00 £0.1 £0.0 £0.0 £0.0 +0.1 £0.1 £0.1 £0.0 +0.1 £0.0 £0.1 £0.0 +0.1 +0.0
PL[17] 0.4 0.5 0.5 0.7 1.0 1.4 3.4 2.2 2.8 34.7 0.2 6.3 122 4.3 5.1
+00 +0.0 £0.1 £0.1 +02 +0.1 +04 £02 £0.1 +5.1 £0.0 £05 14 +03 +02
TENT [38] 4.5 5.0 5.0 4.2 53 9.2 16.2 174 18.0 433 12 232 269 209 14.8
- +00 +0.1 £0.0 £0.0 +00 +0.1 +0.1 £0.1 £0.0 +0.1 £0.0 £0.1 £0.0 +0.1 +0.0
Far LAME [1] 0.7 1.1 0.5 11.4 8.6 11.1 17.5 10.3 16.3 51.3 33 165 230 296 14.4
+00 +0.0 £0.0 £0.0 +00 +0.0 +0.0 £0.0 £0.0 +0.0 £0.0 £0.0 +00 +00 +0.0
CoTTA [39] 44 5.1 4.5 4.2 6.2 10.7 189 216 200 48.2 0.9 279 348 270 17.6
” +05 +07 £02 £03 +02 +038 +07 +1.0 +0.8 +03 +04 £0.9 +07 +02 +02
EATA [28] 79 10.1 10.1 8.9 10.2 179 288  27.1 26.8 522 0.8 343 402 326  23.1
- +06 +05 £04 £05 +02 +04 +03 £03 £02 +02 +0.1 £02 +02 +0.1 +0.1
SAR [29] 32 49 3.7 35 5.5 206 321 31.8 261 54.0 0.4 392 454 39.1 235
- +05 +12 £12 +17 +17 +15 +09 £02 +09 +02 £0.1 £05 +02 +0.1 +04
13.9 155 16.2 12.1 128 250 358 336 295 59.4 8.0 419 470 410 292
ROTTA [44] +0.1 +0.1 +0.1 +0.1 +0.1 +0.1 +02 £02 +19 +02 02 £0.1 +0.1 +03 +02
SoTTA 269 295 273 223 236 358 422 408 355 584 1.6 483 522 468  36.1
+04 +04 +0.1 £02 £0.6 +04 +0.1 06 £0.1 +07 £11 £03 £0.3 +02 +0.1
Source 1.2 1.8 1.0 11.4 8.7 11.2 17.6 109 16.5 51.3 3.4 16.8  23.1 29.6 14.6
+00 +0.0 £00 £0.0 £0.0 +00 +0.0 £0.0 £0.0 +00 £0.0 £0.0 £0.0 +00 +0.0
BNstats [27] 64 7.7 6.7 7.2 7.3 125 200 192 17.6 46.1 105 25.1 245 249 17.4
- +00 +0.1 £0.0 £0.1 £0.1 +09 £0.1 £02 £0.1 +0.1 £0.1 £0.1 £103 +0.1 +038
PL[17] 6.5 7.8 6.3 4.0 4.4 105 222 200 9.7 48.6 1.9 345 298  36.0 18.1
+07 +05 £04 £02 +03 +06 +27 £17 £07 +04 +02 £28 £189 +06 +13
TENT [38] 6.4 7.7 6.7 7.2 7.3 125 200 192 176 46.1 105 25.1 245 250 17.4
- +00 +0.1 £0.0 £0.1 +0.1 +09 +0.1 £02 £0.1 +0.1 £0.1 £0.1 £10.3 +0.1 +038
Attack  LAME [1] 0.7 1.1 0.5 11.4 8.6 10.7 17.5 10.3 16.4 51.3 34 16.5 185 296 14.0
+00 +0.0 £0.0 £0.0 +00 +06 +0.0 £0.0 £0.0 +00 +0.0 £0.0 +77 +00 +06
CoTTA [39] 17.2 18.6 17.3 14.5 150 270 327 319 283 520 188 386 343 387 283
- +02 +02 £02 +0.1 +0.1 +24 +0.1 £02 +02 +0.1 £03 £02 £162 +0.1 +13
EATA [28] 153 17.5 15.5 13.9 129 220 288 290 243 49.2 173 357  39.1 360 261
- +0.1 +02 £02 +02 +02 +0.1 +02 £04 +0.1 +0.1 +08 £02 +0.1 +0.1 +0.1
SAR [29] 19.1 212 18.8 15.6 151 225 29.1 295 252 490 173 358 314 367 268
- +0.1 +0.0 +0.1 +02 +02 +2.1 +0.1 £03 +00 +0.1 +12 +0.1 £14.0 +00 +1.0
ROTTA [44] 19.0 19.7 19.1 16.8 17.1 289 384 357 311 59.8 220 435 39.1 433 320
+02 +03 +0.1 +0.1 +02 +18 +0.1 £02 £02 +0.1 +0.0 +0.1 +16.7 +0.1 12
SoTTA 309 335 317 283 294 400 454 442 389 60.5 254 513 545 495 411
+03 +02 02 £03 £0.0 +03 02 02 £0.2 +0.0 +14 £02 £0.2 +0.1 +0.1
Source 1.2 1.8 1.0 11.4 8.7 11.2 176 109 165 51.3 34 16.8  23.1 29.6 14.6
+00 +0.0 £0.0 £0.0 £0.0 +00 +0.0 £0.0 £0.0 +0.0 £0.0 £0.0 £0.0 +00 +0.0
BNstats [27] 70 7.5 7.4 5.1 6.0 7.5 11.9 124 114 34.5 4.4 163 239 257 12.8
- +0.1 +0.1 £0.0 £0.1 +00 +00 £0.1 £0.1 £0.0 +0.1 £0.1 £0.1 £0.1 +0.1 +00
PL[17] 0.5 0.9 1.1 .6 0.6 0.7 1.5 1.6 1.4 19.0 0.5 2.8 11.2 7.7 34
+0.1 +04 £03 £0.1 +0.1 +0.1 +02 £02 £0.1 +57 +0.1 +14 £2.6 +19 +06
TENT [38] 7.0 7.5 74 5.1 6.0 7.6 11.8 12.3 11.3 34.5 4.5 163 239 256 12.8
- +0.1 +0.1 £0.0 £0.1 +00 +0.1 +0.1 £0.1 £0.0 +0.1 +0.1 £0.1 +0.1 +0.1 +0.0
Noise LAME[I] 0.7 1.1 0.5 11.4 8.5 11.1 17.5 10.3 16.4 51.3 34 165 230 296 14.3
+00 +0.0 £0.0 £0.0 +00 +00 +0.0 £0.0 £0.0 +00 £0.0 £0.0 +00 +00 +0.0
83 9.0 9.2 43 54 7.8 133 16.6 13.7 44.0 32 194 309 323 16.0
CoTTA [39] +0.1 +038 £0.0 +04 +03 +02 +08 £0.1 +00 +038 £06 £0.1 +12 +04 +09
EATA [28] 14.0 14.8 143 8.5 9.0 124 211 22.0 19.5 46.6 2.1 280 373 365 207
- +0.1 +02 £04 +03 +04 +03 +04 £0.5 +02 +02 +04 £03 +03 +02 +02
SAR [29] 13.9 18.8 16.3 5.1 34 6.6 250 276 19.8 49.8 1.0 29.0 412 383 220
- +40 +15 £05 +12 +03 +2.1 +04 £0.5 +17 +0.1 +0.1 +14 +0.1 +14 +04
ROTTA [44] 16.2 17.2 16.5 17.7 166 268 373 334 293 594 210 424 482 413 312
+02 +04 £02 £0.1 +0.1 +0.0 +0.1 £02 £04 +0.1 +03 £0.1 +02 +15 +02
SoTTA 275 304 283 265 273 377 436 424 369 592 238 496 53.0 482 390
+0.6 +02 +0.1 +0.3 +0.4 +0.1 +0.1 £02 +0.6 +0.1 +03 +03 +0.1 +0.1 +0.1




Table 8: Classification accuracy (%) and their corresponding standard deviations on ablation study of
individual components on CIFAR10-C for 15 types of corruptions under five scenarios. Bold numbers
are the highest accuracy. Averaged over three different random seeds.

Noise Blur Weather Digital
Method Gau. Shot Imp. Def. Gla. Mot. Zoom Snow Fro. Fog Brit. Cont. Elas. Pix. JPEG Avg.
Source 260 332 247 567 520 674 648 780 670 741 915 339 766 464 732 577
£33 235 42 £27 %27 #1226 04  £25  £08  £03 1§ 07  £06  £08 10
HC 102 109 107 619 142 41.8 820 321 363 523 887 112 340 142 235 349
=0.1 +09 *0.7 *31.5 +04 +21.6 +20 +11.6 *17.7 +28.7 x1.1 +13 +158 +39 +38 +48
uc 260 420 105 824 590 793 8.5 775 765 815 863 732 733 749 714 664
£195 274 #0508 %12 £18  £l4 #1215 %06  £15 %60 LI 16 %14 %30
Beni HC + UC (HUS) 207 578 21.1 846 624 834 852 805 793 845 898 695 764 763 7151 69.8
enign £150 £47 #9509 %18 %05  £L1 14 205 10  £03 %115 13 222 04  £11
ESM 760 783 693 890 697 879 896 83 841 877 921 881 796 842 785 826
£06 204 £05  £02  £17 204 202 04  £07  £03  £02 08 10  £04  £03 02
HC + ESM 749 781 69.0 888 709 87.7 892 857 844 878 922 840 797 837 781 823
08 200  £06  £03  £06 206 =00  £05  £01  £01  £03 206 07  £08  £04 202
UC + ESM 749 771 682 887 710 874 89.1 850 84.0 878 920 862 798 844 T80 822
£05  £11  £05 204 15 03 10 05 03 09  £03 %24  £1L0  £06  +08  £02
HUS + ESM (SoTTA) 750 775 688 888 707 875 8§90 854 840 882 919 839 798 839 783 822
10 206 07 %04  £12 205 05  £03 %07  £02 00 %15  £04 05 07 03
Source 260 332 247 567 520 674 648 780 670 741 OL5 339 766 464 732 577
*33 *35 +42 +2.7 *27 *12 *2.6 *04 +25 +0.8 +0.3 +1.8 *0.7 +0.6 *0.8 *1.0
HC 10.3 10.6  10.1 126 123 119 167 16.1 144 145 166 112 197 132 140 136
0.0 £03 00 %29 £25  £05 48 %19  £14  £24 206  £15 %36 =12 07 03
uc 426 483 208 733 504 73.1 749 710 675 747 824 597 643 649 642 621
£66  £24 %45 %22 £39 18 33 %22 £19  £47 09 %19 %08  £56  £19 08
Near  HC+UC (HUS) 328 425 159 738 SL1 738 778 651 708 776 846 6l6 697 626 662 617
ear £25  £35  £73 25 221 19 28  £134 11 05 08  £27  £12 %47 %32  £13
ESM 679 697 585 846 630 839 867 85 813 82 906 833 779 767 760 779
14 205 £06  £14  £35 208 =01  £04  £05  £06 04 225  £19  £15  £15 04
HC + ESM 736 756 643 873 667 863 876 848 832 869 909 873 791 83 773 809
£14 217 £39 210 206 07  £05  £02 03 09  £07 %05  £09  £08  £13  £06
UC + ESM 68.1 694 603 848 646 842 8.5 822 817 853 908 84 770 755 765 78.0
£23 209 29  £06 %23 =Ll 202 06  £17 %07 04 10 12 %01  £09 04
HUS + ESM (SoTTA) 743 767 665 815 669 864 878 844 838 872 L3 884 787 824 780 814
14 209 22 £01 %08 206 205 06  £02 %05 202 207 L1  £05 %06 05
Source 260 332 247 567 520 674 648 780 670 741 915 339 766 464 732 577
£33 35 42 £27 %27 12 26 04  £25  £08 03 18 07  £06  £08 10
HC 10.3 10.7  10.1 154 121 174 267 162 166 179 555 11.0 153 129 158 176
£0.0 £08 00 %73 £07 267  £222 %31 %26  £77  £284 07 %16 16  £47 %38
uc 493 435 102 668 467 653 694 675 620 658 743 554 558 592 558 565
£49 262 £03  £44  £18 £33 38 05  £31  £38 17  £1L1 54  £10  £40  £20
. HC + UC (HUS) 185 262 119 700 492 720 777 728 702 752 842 539 629 652 663 584
ar 70 #157 £33 £30 262 %29  £29 10  £36 18 10 %94 48 23 %28 05
ESM 592 620 497 843 522 833 82 783 750 852 885 788 719 71.8 666 728
£22 £18  £40 21 23 09 08 06 06 07  £03 %55  £20  £29 %23  £07
HC + ESM 60.6 647 552 848 557 821 839 818 822 836 903 825 704 766 690 749
£32 34 £77  £03 #8813 17 10  £17  £26 09 06 %55  £24  #61 24
UC + ESM 640 677 573 842 565 845 859 787 790 8.1 908 849 735 768 693 759
£19 46 %29 £11  £35  £08 07 %16 =11  £08 04 09  £10 =Ll  £19 %05

HUS + ESM (SoTTA) 733 763 663 885 683 868 883 841 842 872 920 890 778 838 718 8L6
+1.2 +19 +2.5 +0.6 +23 +0.7 +0.2 +1.0 +0.6 +04 +0.4 +1.1 +18 +0.9 +1.2 +0.6

260 332 247 567 520 674 648 780 670 741 915 339 766 464 732 577

Source
£33 £35  £42 27 27 12 26 04 25 08  £03  £18  £07  £06  £08  £10
HC 10.2 104 10.1 15.1 1.7 215 316 17.1 13.1 220 326 10.5 18.5 11.9 17.2 16.9
£00  £03  £00  £70 202 44  £117 35 05  £67  £105  +03  £45 %05  +08  £16
ue 441 473 100 829 631 817 848 791 790 837 883 810 732 785 733 700
£205 £33 %02 £14 %24 £15 %12 £1§ %09  £10  £07 %08  x1§ 38  x15 39
Attack HC + UC (HUS) 161 263 103 354 421 479 544 464 453 550 498 475 426 511 365 409
ttac £75  £239 204 £193  £145  £147  £297 144  £319 2243 £32  £270 225 116 149  £55
ESM 770 795 71.6 890 718 883 896 863 855 881 921 872 804 854 798 834
£06  £03  £04  £06 06 03 06 07 06 04  £00  £13  £08  £05  £09  £02
HC + ESM 778 797 709 893 71.8 879 89.6 86.1 854 887 922 873 804 857 798 835
£03  $03  £02 03 14 04 05  £02 03 02 %01 %05  £06  £03 %06  £02
UC + ESM 782 80.1 723 899 73.6 89.1 90.2 867 857 893 928 88.6 81.0 860 80.5 843
£02  £04 209 02 208 01 02 02 02  £03 01 %02  £08  £04  £05  £01
HUS + ESM (SoTTA) 782 808 723 901 736 892 903 874 862 893 929 88 813 866 8LO 845
£03 201 208 £02 09 204 205 205 £06 06 201 £07 08  £03 03 02
Source 260 332 247 567 520 674 648 780 670 741 915 339 766 464 732 577
£33 £35  £42 227 227 12 26 04 25 08  £03  £18  £07 %06  +08  £10
HC 10.3 10.3 10.1 17.5 11.8 18.1 189 19.0 141 254 416 11.1 15.1 13.7 146 168
£03  £01  £00 95 10  £37 56 13 %10  £109 %63 %15 %06 %06  +L1 %02
uc 248 418 101 724 530 700 741 699 699 666 779 677 642 672 632 595
£255  £274  £00  #34  £22  #15  £22  #21  £12  £100  £06 19 21 11 29 %30
Noi HC + UC (HUS) 21.7 405 107 740 466 725 781 733 713 76.6 81.1 409 659 674 633 589
o1se £141 £194  £10  £46  £130  £41  £36  £09  £19  £23  £12 173 209  £27  £60  £26
ESM 594 599 517 620 443 57.1 658 658 674 609 778 562 519 638 63.6 605
£21  £14  £15  £145 270 £157 57 21 37 47  £26  +71 %43 113 463  £53
HC + ESM 650 682 580 748 484 676 751 714 708 740 810 70.8 624 729 70.1 68.7
£20  £20  £32 234 242 13 28 209 40 14 £02 %37 %23  £35 423 LI
UC + ESM 708 759 647 834 622 822 846 812 8§01 826 901 798 736 717 769 7117
+4.7 +37 *29 +2.0 +2.1 +4.6 +09 09 +12 *24 = 1.1 *52 +3.6 *1.2 *1.0 +18

HUS + ESM (SoTTA) 733 777 668 861 640 843 866 831 820 857 O9L1 841 771 SL6 772 800
+1.5 +0.8 +18 +2.1 +2.8 +0.7 1.1 +0.7 +18 +2.7 £04 +24 +33 +2.8 2.2 +14




Table 9: Classification accuracy (%) and their corresponding standard deviations on ablation study of
the size of Noise on CIFAR10-C for 15 types of corruptions. Bold numbers are the highest accuracy.
Averaged over three different random seeds.

Noise Blur Weather Digital
Method Gau.  Shot  Imp. Def. Gla. Mot. Zoom Snow  Fro. Fog Brit.  Cont.  Elas. Pix. JPEG Avg.
Source 260 332 247 567 520 674 648 780 670 741 915 339 766 464 732 577
£33 £35 +42 +27 +27 £12 £26 +04 +25 +038 03 £18 £07 +06 +038 +10
BNstats [27] 996 616 515 669 498 653 686 712 715 650 842 700 588 635 654 649
- £02 £07 06 +12 +09 £0.1 £07 £05 +02 +06 £03 £11 £12 +05 +09 +04
PL[17] 599 613 521 664  46.1 627 672 696 692 654 838 668 555 649 656  63.8
£47 £36 £17 +14 +42 £15 £27 £15 +13 £20 £12 44 £30 £12 +43 +03
TENT [38] 643 700 593 688 477 658 724 736 734 654 882 690 637 722 678 68.1
. *2.0 *24 *0.1 +42 +3.1 +3.0 *49 *5.0 *53 +6.0 +0.8 *2.6 +38 *12 *5.6 +1.3
5000 LAME[I] 220 289 188 522 512 649 615 789 680 723 903 276 753 436 738 553
+36 £37 +35 +2.1 +35 +05 £14 +06 +4.1 +14 +03 +13 £07 +09 +10 +05
COoTTA [39] 686 697 618 649 531 62.1 688 726 759 645 86.1 62.1 597 710 702 674
: £15 £16 +138 +338 +40 £27 £20 +12 +04 +338 +03 £15 +28 +23 +17 +16
EATA [28] 584 617 451 588 387 579 645 627 633 622 760 546 482 646 605 585
£03 £28 +65 +37 +93 £25 £39 £19 +33 +36 £07 +16.1 £29 +25 +17 +038
SAR [29] 609 630 536 675 505 659  69.1 712 714 654 842 703 594 637 657 655
£13 £19 £25 +038 +04 £05 £04 £06 02 +03 £03 £0.9 £07 +05 +06 £03
ROTTA [44] 649 670 569 814 599 811 83.1 80.1 783 789 910 680 728 739 729 740
£05 £08 +12 +06 +09 £08 £04 +07 +11 +05 +04 +4.6 £07 +02 +09 +038
SoTTA 741 773 674 862 647 850 875 843 823 850 914 835 778 827 786 805
+1.0 +09 +02 +19 +25 +23 +1.1 +04 +1.0 +25 +03 +34 £22 +14 +09 +1.0
Source 260 332 247 567 520 674 648 780 670 741 915 339 766 464 732 577
*33 *35 +42 *2.7 +2.7 *1.2 *2.6 *04 *25 +0.8 +03 +1.8 *0.7 +0.6 0.8 =1.0
BNstats[27] 17 539 455 527 415 510 551 628 638 538 769 558 468 548 564 548
o +03 £0.6 +07 +20 +17 +07 £15 £07 +02 +06 +03 £25 £18 £07 +10 +038
PL[17] 47.6 527 447 489  36.1 494 541 619 565 509 771 452 431 494 595 518
£99 £24 +43 £126 +5.1 +18 £29 +24 +44 +13 £37 +48 +45 +56 +47 +09
TENT [38] 540 571 367 489 283 505 510 640 647 495 80.5 437 384 567 57.0 521
- £67 £56 £9.1 +638 +45 £3.1 £5.0 +4.1 +52 +19 14 £3.0 £22 6.4 +45 £04
10000 LAME [1] 21.8  28.6 185 516 508 643 609 784 673 717 905 270 751 430 734 549
%35 £37 £3.1 £23 +36 0.2 £18 £0.5 £38 +12 0.2 %12 £0.7 £0.9 +1.0 +0.6
COoTTA [39] 604 603 524 473 416 441 520 627 666 477 790 447 428 602 602 548
- +2.1 *35 *1.6 +3.0 +0.4 *2.7 +4.7 +0.6 +0.8 +24 +1.7 *1.1 +43 *0.5 *1.0 +1.3
EATA [28] 422 410 332 327 250 279 343 408 426 316 615 203 275 358 431 36.0
£11 £11 +59 +5.1 +15 £2.1 £54 +27 +65 £115 +57 £22 +4.1 +45 +83 +038
SAR [29] 575 593 496 572 437 544 594 648 654 579 771 602 500 583 598 583
£1.0 £02 +17 +1.1 +17 £15 £1.6 +1.0 +03 +04 £02 £18 £12 +06 +0.1 +03
ROTTA [44] 644 669  56.1 80.1 59.1 798 822 797 787 718 912 69.0 723 734 728 73.6
£05 £08 +14 +04 +05 £02 £08 +08 +07 +04 £0.6 £4.0 £12 02 +07 £05
SoTTA 733 7717 668 8.1 640 843 86.6 831 8.0 857 911 841 771 816 772 80.0
+15 +0.8 +18 +2.1 28 +0.7 +1.1 +0.7 +18 +27 04 +24 £33 +28 +22 14
Source 260 332 247 567 520 674 648 780 670 741 915 339 766 464 732 517
£33 £35 +42 +27 +27 £12 £26 04 +25 +038 £0.3 £18 £07 06 +038 £1.0
BN stats [27] 413 429 372 374 326  36.1 39.6 520 527 406 650 374 339 441 444 425
+0.7 *1.0 *04 *21 +14 +1.0 *14 *0.7 *0.5 +12 +05 +4.1 *18 *09 +0.5 +0.8
PL[17] 255 226 276 205 217 202 218 500 417 240 608 177 213 231 295 285
£11 £32 +42 +70 +50 £67 £14 +84 +134 +9.0 +83 £3.6 £92 +50 £10.1 +23
TENT [38] 21.5 197 214 14.2 18.5 17.8 153 442  36.6 152 63.8 19.9 133 28.1 250 250
. +45 +23 +22 +14 +34 +44 £35 +67 +438 +13 +52 £27 +18 +107 +83 +29
20000 LAME [1] 21.7 282 18.1 504 496 636 60.1 779  66.1 710 906 266 750 426 733 543
+34 £36 +30 +27 +30 £0.6 £20 £05 +33 +07 £0.1 +14 £05 +07 +07 0.6
CoTTA [39] 427 467 390 310 298 320 353 509 553 319 676 289 295 459 468 409
. £15 £26 +30 +07 +22 £14 £24 £39 +35 +12 £12 £56 £32 +52 +238 £17
EATA [28] 223 239 19.2 15.1 16.1 159 174 218 19.5 15.1 32.7 14.7 150 209 231 19.5
+38 +35 *1.1 *1.6 +4.6 +3.1 +23 %55 *09 +1.2 +94 *1.7 *20 *0.6 *29 +0.6
SAR [29] 41.6 437 396 334 293 346 381 558  56.1 385 684 330 289 466 453 422
£19 £09 +26 +86 +54 +38 £32 +3.1 +30 +40 +32 £98 £72 +28 +038 +19
ROTTA [44] 625 645 546 789 583 790 813 8.0 790 773 913 69.0 715 734 724 729
£05 £11 +17 +04 +04 £07 £1.0 +03 +04 +05 +04 +14 £08 +03 +06 +03
SoTTA 732 756 633 832 610 845 863 826 81.0 848 897 828 729 811 775 786
+1.0 +2.8 +38 +2.8 £3.5 £2.6 +24 £0.6 +33 +18 £03 +49 +24 +15 +1.0 +15




C Additional ablative studies

We conducted experiments to understand the sensitivity of our two hyperparameters: confidence
threshold (Cj) and BN momentum (m). We varied Cy and m and reported the corresponding accuracy.
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(a) Effect of hyperparameter Cy. (b) Effect of hyperparameter m.

Figure 8: Effect of hyperparameters on the model accuracy on CIFAR10-C for 15 types of corruptions

under five scenarios: Benign, Near, Far, Attack, and Noise. Averaged over three different random
seeds.

Confidence threshold. Our result shows that the selection of Cjy shows similar patterns across
different scenarios (Benign ~ Noise). The result illustrates a tradeoff; a low Cjy value does not
effectively reject noisy samples, while a high C value filters benign data. We found a proper value of
Cy (0.99) that generally works well across the scenarios. Also, we found that the optimal Cjy depends
primarily on in-distribution data. Our interpretation is that setting different Cy values for CIFAR10-C,
CIFAR100-C, and ImageNet-C is straightforward as they have a different number of classes (10, 100,
and 1,000), which leads to different ranges of the model’s confidence.

BN momentum. Across the tested range, the variations in performance were found to be negligible.
This finding indicates that choosing a low momentum value from within the specified range ([0.05,
0.3]) is adequate to maintain a favorable performance. Please note that setting a high momentum
would corrupt the result, which is implicated by the algorithms directly utilizing test-time statistics
(e.g., TENT) suffering from accuracy degradation with noisy data streams (e.g., TENT: 81.0% —
52.1% for Noise at Table 1).

D Further discussions

D.1 Theoretical explanation of the impact of noisy data streams

We provide a theoretical explanation of the impact of noisy data streams with a common entropy
minimization as an example. With the Bayesian-learning-based frameworks [2, 7], we can express the
posterior distribution p of the model in terms of training data D and benign test data B in test-time
adaptation:

| B

log p(6| D, B) = log q(f |B| ZH Yolws). )

The posterior distribution of model parameters depends on the prior distribution ¢ and the average
of entropy H of benign samples with a multiplier A. Here, we incorporate the additional noisy data
stream NN into Equation 7 and introduce a new posterior distribution considering noisy streams:

|B] [N

A
1ogp<9|DvB,N>=1ogq<e>—§Z (ypls) — |ZH Ynln). ®)
b=1



Table 10: Average classification accuracy (%) and their corresponding standard deviations on ablation
study of the effect of high-confidence uniform-class continual memory of SOTTA on CIFAR10-C.
Bold numbers are the highest accuracy. Averaged over three different random seeds.

Benign Near Far Attack Noise Avg

SoTTA (w/o High-confidence) 82.2x02 78.0x04 759zx05 843:01 77.7:x07 79.6x02
SoTTA (w/o Uniform-class) 82.3:02 809:06 T749x24 835:02 68.7:x70 78.0x20
SoTTA (w/o Continual) 81.0x05 79.5:03 755:x18 84.4:02 65770 T72:18
SoTTA 82.2+03 814:05 81.6:06 845:02 80.0z14 81.9:z:05

With Equation 7 and Equation 8, we can now derive model parameter variations caused by noisy test
samples:

log p(0| D, B) — logp(0] D, B, N) ‘N| ZH Ynln)- ©

Equation 9 implies that the (1) model adapted only from benign data and (2) model adapted with
both benign and noisy data differ by the amount of the average entropy of noisy samples. This also
suggests that a high entropy from severe noisy samples would result in a significant model drift in
adaptation (i.e., model corruption).

D.2 Comparison with previous TTA methods
D.2.1 EATA and SAR

While SoTTA, EATA [28], and SAR [29] all leverage sample filtering strategy, the key distinction
of input-wise robustness of SOTTA and EATA/SAR lies in three aspects: (1) Our high-confidence
sampling strategy in SOTTA aims to filter noisy samples by utilizing only the samples with high
confidence, while both EATA and SAR use a different approach that excludes a few high-entropy
samples, particularly during the early adaptation stage. In our preliminary study, we found that our
method excludes 99.98% of the noisy samples, whereas EATA and SAR exclude 33.55% of such
samples. (2) While EATA and SAR adapt to every incoming low-entropy sample, SOTTA leverages a
uniform-class memory management approach to prevent overfitting. As shown in Figure 5b, noisy
samples often lead to imbalanced class predictions, and these skewed distributions could lead to
an undesirable bias in p(y) and thus might negatively impact TTA objectives, such as entropy
minimization. The ablation study in Table 10 shows the effectiveness of uniform sampling with a
3.9%p accuracy improvement. (3) EATA and SAR reset the memory buffer and restart the sample
collection process for each adaptation. This strategy is susceptible to overfitting due to a smaller
number of samples used for adaptation and the temporal distribution drift of the samples. In contrast,
our continual memory management approach effectively mitigates this issue by retaining high-
confidence uniform-class samples in the memory, as shown in Table 10.

We acknowledge that both SOTTA and SAR utilize sharpness-aware minimization proposed by Foret
et al. [4]. However, we clarify that the motivation behind using SAM is different. While SAR intends
to avoid model collapse when exposed to samples with large gradients, we aim to enhance the model’s
robustness to noisy samples with high confidence scores. As illustrated in Figure 6, we observed that
entropy-sharpness minimization effectively prevents the model from overfitting to noisy samples. As
a result, while our algorithm led to marginal performance degradation in noisy settings (82.2% —
80.0% for Noise), EATA and SAR showed significant degradation (EATA 82.4% — 36.0% for Noise;
SAR 78.3% — 58.3% for Noise).

D.2.2 RoTTA

Regarding our high-confidence uniform sampling technique, RoOTTA [44] could be compared. First
of all, RoTTA’s objective is different from ours; RoTTA focused on temporal distribution changes of
test streams without considering noisy samples. Similar to SOTTA, RoTTA’s memory bank maintains
recent high-confidence samples. However, RoTTA has no filtering mechanism for low-confidence
samples, which makes RoTTA fail to avoid noisy samples, especially in the early stage of TTA. In
contrast, our confidence-based memory management scheme effectively rejects noisy samples, and



Table 11: Average classification accuracy (%) of ODIN+TTA on CIFAR10-C. Bold numbers are the
accuracy with improvement from normal TTAs. Averaged over three different random seeds.

Benign Near Far Attack Noise
Method w/0 ODIN  w/ODIN w/0ODIN w/ODIN w/0ODIN w/ODIN w/0ODIN w/ODIN w/oODIN w/ODIN
Source 577+10  577=+10 57710 577=+10 57710 577=:10 577:10 577=x10 577:10 57.7=:10
BN stats [27] 78.2 £03 78.2 £03 76.5 £04 76.5 £04 754 £03 75.9 04 558 14 558 +14 559 08 56.7 09
PL[17] 78403  788=:05 73.1:03 T43:06 T13:10 TL6:0s  66.5:11 66.5 + 1.1 52.1:04  52.1zx04
TENT [38] 81.5+10 81.5+10 74.5 08 76.1 +06 73.5+11 74.7 £13 69.0 £09 69.1:10 54.4 +03 56.2 +06
LAME [1] 56.1 03 56.1 =03 56.7 z05 56.7 z05 55.7 z04 55.7 z04 56.2 05 56.2 05 549 z05 55.2x07
CoTTA [39] 82.2+03 82.2+03 78.2 £03 78.2 £04 73.6 £0.9 73.6 £0.9 69.6 £13 69.6 £1.3 57.8 08 62.0 =13
EATA [28] 82.4+03 82.4+03 63.9 £04 69.2 £04 56.3 £05 59.9 06 70.9 £07 70.9 £07 36.0 £08 50.8 £ 1.1
SAR [29] 784 07 78.4 07 72.8 £82 72.8 £82 75.7 +3. 76.0 =3.1 56.2+18 56.2+18 58.7 203 58.7 203
ROTTA [44] 75.3 x07 75.3 x07 77.5 =05 77.5 =05 77.0 209 77.0 09 78.4 038 78.4 038 73505 73.5 =05
SoTTA 82.1 x04 82.1 04 81.6 x04 81.6 x04 81.7 x05 82.0 038 84.5:03 84.5:03 81512 81.5x12
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Figure 9: Effect of OOD threshold § on classification accuracy (%) of ODIN+TENT on CIFAR10-C.
Averaged over three different random seeds.

thus it prevents potential model drift from the beginning of TTA scenarios. As a result, our approach
outperforms RoTTA in noisy test streams (e.g., 5.4%p better than RoOTTA on CIFAR10-C).

D.3 Comparison with out-of-distribution detection algorithms

We discussed the limitation of applying out-of-distribution detection to TTA in Section 5. Still, we
are curious about the effect of applying out-of-distribution algorithms to our scenario. To this end, we
conduct experiments using one of the out-of-distribution algorithms, ODIN [20], in our noisy data
streams. Specifically, we filtered OOD samples detected by ODIN and performed TTA algorithms on
the samples left.

Note that similar to prior studies on OOD, ODIN uses a thresholding approach to predict whether
a sample is OOD. It thus requires validation data with binary labels indicating whether it is in-
distribution or OOD to decide the best threshold . However, in TTA scenarios, validation data is not
provided, which makes it difficult to apply OOD algorithms directly in our scenario. We circumvented
this problem using the labeled test batches to get the best threshold. Following the original paper, we
searched for the best threshold from 0.1 to 0.12 with a step size of 0.000001, which took over 20,000
times longer than the original TTA algorithm.

Table 11 shows that the impact of discarding OOD samples with ODIN is negligible, yielding only a
0.3%p improvement in the average accuracy despite a huge computation cost. Also, Figure 9 shows
the high sensitivity of ODIN with respect to threshold hyperparameter d, which implies that applying
OOD in TTA is impractical.

We conclude the practical limitations of OOD detection algorithms for TTA as follows: (1) OOD
methods assume that a model is fixed during test time, while a model changes continually in TTA.
(2) As previously noted, most OOD algorithms require labels for validation data unavailable in TTA
scenarios. Even using the same test dataset for selecting the threshold, the performance improvement
was marginal. (3) Low performance possibly results from the fact that OOD detection studies are
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built on the condition that training and test domains are the same, which differs from TTA’s scenario.
These collectively make it difficult to apply OOD detection studies directly to TTA scenarios.

D.4 Applying to other domains

While this study primarily focuses on classification tasks, there are other tasks where test-time
adaptation would be useful. Here we discuss the applicability of SoTTA to (1) image segmentation
and (2) object detection, which are crucial in autonomous driving scenarios.

For image segmentation, when noisy objects are present in the input, the model might produce noisy
predictions on those pixels, leading to detrimental results. Extending SoTTA to operate at the pixel
level would allow it to be compatible with the segmentation task while minimizing the negative
influences of those noisy pixels on model predictions in test-time adaptation scenarios.

Similarly, SOTTA could be tailored to object detection’s classification (recognition) task. For example,
in the context of the YOLO framework [32], SOTTA could filter and store grids with high confidence
for test-time adaptation, enhancing detection accuracy. However, our current approach must address
the localization task (bounding box regression) during test-time adaptation. Implementing this feature
is non-trivial and would require careful consideration and potential redesign of certain aspects of our
methodology. Accurately localizing bounding boxes during test-time adaptation presents an exciting
avenue for future research.

E License of assets

Datasets CIFAR10/CIFAR100 (MIT License), CIFAR10-C/CIFAR100-C (Creative Commons
Attribution 4.0 International), ImageNet-C (Apache 2.0), and MNIST (CC-BY-NC-SA 3.0).

Codes Torchvision for ResNet18 (Apache 2.0), the official repository of CoTTA (MIT License),
the official repository of TENT (MIT License), the official repository of LAME (CC BY-NC-SA
4.0), the official repository of EATA (MIT License), the official repository of SAR (BSD 3-Clause
License), and the official repository of ROTTA (MIT License).

11



