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Overview. This Appendix provides important additional de-
tails about our proposed method TeSLA. In Appendix A, we
provide hyperparameters details for each test-time adaptation
experiment on the common image corruptions, synthetic-
to-real, and medical measurement shift datasets. In Ap-
pendix B, we provide additional quantitative results, in-
cluding class top-1 accuracies for the VisDA-C [10] and
Kather-16 [5] datasets and corruption-wise error rates on
the CIFAR-10-C/CIFAR-100-C [3], and ImageNet-C [3]
datasets. In addition, we also provide segmentation class-
wise mean Intersection over Union (mloU) for the VisDA-S
dataset [10] and class average Dice score for different sites
of the target test domain on the spinal cord [1 1] and prostate
dataset [7] for the competing test time adaptation methods.
All quantitative results are included for both one-pass (O)
and multi-pass (M) protocols. Appendix C provides an over-
all runtime computation cost of TeSLA along with other Test
Time adaptation methods on VisDA-C [10] dataset, while
Appendix D discusses TeSLA’s equivalence to TENT [14]
and [6] without mean teacher and adversarial augmentations.
We include additional ablation experiments and hyperpa-
rameter sensitivity tests in Appendix E. Finally, we provide
other qualitative results, including a sanity check on TeSLA’s
adversarial augmentations, uncertainty evaluation, and seg-
mentation visualization in Appendix F.

A. Hyperparameter Settings

Table A.1 and Table A.2 present the hyperparameters’
values of TeSLA used for individual experiments on dif-
ferent classification and segmentation datasets, respectively.
These hyperparameters include the batch size B, learning
rate, optimizer, EMA momentum coefficient o, number of
epochs for test-time adaptation (M protocol), the number
of weak augmentations |p,,|; the number of nearest neigh-
bors n; class-wise queue size N used by soft pseudo-label
refinement (PLR) module, number of image operations for
augmentation sub-policy IV used by the adversarial augmen-
tation module, the augmentation severity controller coeffi-
cient A; and the knowledge distillation coefficient Ay for Lyg

loss term.

Table A.1. Hyperparameter setting used for the proposed methods
TeSLA/TeSLA-s on different classification datasets.

| CIFARIO-C  CIFARIO0-C  ImageNet-C  VisDA-C Kather-16
| o M [0 M (9} M [ M [ M
Barchsize B | 128 128 128 128 128 128 128 128 32 32
Learningrate | 0001 0001 0.001 0001 0001 0001 0001 0001 0005 0005

‘Adam Adam Adam Adam SGD SGD SGD SGD Adam Adam

Hyperparameters

Optimizer

Momentum

o 099 0999 099 0.999 09 099% 09 0.99% 0.9 0.96
coefficient o

Number of

‘ 1 70 1 70 1 5 1 5 1 70
epochs
Number of weak 5 5 5 5 5 5 5 5 5 5
augmented views |p,, |
Number of nearest 1 4 1 1 1 1 10 10 8 8
neighbors 7
Class-wise ‘ { 256 1 1 1 125 256 32 256
queue size Nq
‘Sub—pfﬂlcyv 5 2 2 2 2 2 4 3 2 2
dimension N

Augmentation severity
controller A\

Knowledge
distillation weight Ay

B. Additional Quantitative Results

In Table B.1, we compare TeSLA against state-of-the-art
test-time adaptation methods for the classification task on
the Kather-16 dataset. We present the class top-1 accuracies
(%) for each of the four tissue categories of tumor, stroma,
lymphocyte, and mucosa. In addition, we report the class
average accuracy (Avg.).

Furthermore, in Table B.2, we present the corruption-
wise average class error rates for different competing test
time adaptation baselines, including the proposed TesLA and
TeSLA-s on the CIFAR10-C, CIFAR100-C and ImageNet-C.
We use the following image corruptions for the evaluation
at the maximum severity level of 5: [GAuUssIAN NOISE, SHOT
NOISE, IMPULSE NOISE, DEFOCUS BLUR, GLASS BLUR, MOTION
BLUR, ZOOM BLUR, SNOW, FROST, FOG, BRIGHTNESS, CONTRAST,
ELASTIC TRANSFORMATION, PIXELATE, JPEG COMPRESSION].
We also use the ResNet-50 backbone for all experiments.

In Table B.3, we include the overall and class-wise ac-
curacies for test time adaptation of ResNet-101 trained on



Table A.2. Hyperparameter setting used for the proposed method
TeSLA on different segmentation datasets.

Table B.1. Comparison of state-of-the-art TTA methods under
different protocols on the Kather-16 dataset. We report the class
top-1 accuracies (%) for each of the four classes and the per-class

| VisDA-S Spinal Cord Prostate average accuracy (Avg.). Each result is averaged over ten seeds.
Hyperparameters ‘ o M o M o M
Batch size B ‘ 8 8 16 16 16 16 '(_'g
Learning rate | 0.001 0.001 0.0002  0.0002  0.0002  0.0002 Method % tumor stroma  lymphocyte —mucosa Avg.
—
Optimizer ‘ AdamW  AdamW AdamW AdamW AdamW AdamW A
Source N 84.5+40 91.6+30 0.9+12 95.0+13 | 68.0+13
Momentum ‘ 099 0999 099 099 099 099 | | |
coefficient a BN N-O | 89.3+25 855+26  61.7+22  90.2+06 | 81.7x10
Number of ! 3 ] 5 | 3 Tent N-O | 89.84+40 89.3+34 67.2+22 88.9+1.0 | 83.8+18
epochs SHOT N-O | 84. 7457 95.7+20 67.943.9 92.8+08 | 85.3+25
Number of weak ‘ 3 3 5 5 5 5 TTT++ | Y-O | 828485 85.1+76  73.7+38  91.4+17 | 83327
augmented views [pu| TTAC | Y-O | 926426 96.6+10  783+43  93.9+10 | 90411
Number of t
N eighbors 1 ‘ 1 1 1 1 1 1 TeSLA | N-O | 935:18 982412 77.3+41 943407 | 90811
- TeSLA-s | Y-O | 90.7+46 98.0+1.0 77.945.6 94.0+1.7 | 90.1+1.4
Class-wise ‘ | | | | | .
queue size Nq BN N-M | 863136 86.1+19  66.9+12  87.7+07 | 81.8+10
Sub-policy 3 3 3 3 3 3 Tent N-M | 96.4+42  99.5+04 62.6+9.0 93.7+1.5 | 88.0+33
dimension N SHOT N-M | 84.6+44 98.5+06 771452 91.7+08 | 88.0+24
Augmentation severity 1 1 1 1 1 1 TTT++ | Y-M | 95.6+14 93.9+28 85.2453 93.6+1.8 | 92.1+20
controller Ay TTAC | YM | 929+126 98.1+11  924:47  94.4x1s | 94.5+47
Ki led,;
distllation worght by | | ! 1 1 ! 1 TeSLA | N-M | 97.110  99.6x03 944420  95.6209 | 96705
kd TeSLA-s | Y-M | 97.4+04 99.5+03 95.1+20 95.7+1.0 | 96.9+0.6

synthetic vehicle images (training) and tested on the photo-
realistic vehicle images (validation) of the VisDA-C dataset.
The photo-realistic images are classified into 12 categories:
plane, bicycle, bus, car, horse, knife, motor-cycle, person,
plant, skate-board, train, and truck.

In Table B.4, we present segmentation results (class Avg.
volume-wise mean %Dice score) for test-time adaptation
baselines on two multi-site magnetic resonance imaging
(MRI) benchmarks - spinal cord [ 1] and prostate dataset [7].
For the spinal cord dataset, we report results for test-time
adaptation of the U-Net segmentation model trained on site
1 to site 2, site 3, and site 4. Similarly, we report results of
the U-Net segmentation model trained on the sites A and B,
which are adapted on the sites D, site E, and site F.

Table B.5 presents the results of competing test-time adap-
tation methods applied to the segmentation adaptation task
from the synthetic images of GTA [12] to the photo-realistic
images of Cityscapes [2] dataset. We report the class-wise
mean Intersection over Union (mloU) over 19 classes: road,
side-walk, building, wall, fence, pole, light, sign, vegeta-
tion, terrain, sky, person, rider, car, truck, bus, train,
motor-cycle, and bicycle.

C. Runtime Analysis

We compare the computational runtime cost of several
test-time adaptation methods, including BN [4, 8], TTAC
[13], SHOT-IM [6], TENT [14], AdaContrast [ 1] and our pro-
posed method TeSLA in Table C.1. We also include overall
TesLA runtimes using static, pre-optimized RandAugment
(RA) / AutoAugment (AA) augmentation policies instead of
the proposed Adversarial Augmentations.

Table C.1. Runtime (GPU hours) per epoch on GeForce RTX-3090
for ResNet-101 with batch size of 128 on the VisDA-C. RA implies
RandAugment [10], AA implies AutoAugment [9].

BN TTAC SHOT-IM TENT AdaContrast ‘ TeSLA TeSLA (RA) TeSLA (AA)
0.04 0.14 0.16 0.05 0.22 ‘ 0.38 0.27 0.28

D. Equivalence to other Test-Time Objectives

Our proposed flipped cross-entropy loss f-CE of Eq. 1
(main paper) without soft-pseudo labels from the teacher
is equivalent to entropy minimization of TENT [14], while
our final objective Lresia of Eq. 14 (main paper) without
the knowledge distillation from adversarial augmentation
is equivalent to SHOT-IM [6] as Dgr (Y I Y | X) =0
when the teacher network is an instant update of the student
(momentum « is 0). Thus, without the mean-teacher and
adversarial augmentation, our method would have similar
shortcomings as that of TENT and SHOT. Incorporating the
soft-pseudo labels from the mean teacher alone improves
TeSLA’s accuracy on VisDA-C from 82.0% to 86.5%.

E. Sensitivity Tests and Aditional Ablations
E.1. Sensitivity Tests

Automatic Adversarial Augmentation. We additionally
provide the sensitivity test results for the hyperparameters of
the automatic adversarial augmentation module (A; and sub-
policy dimension V) on the VisDA-C and VisDA-S datasets.
In Fig. E.1, we show how the class average (Avg.) accu-
racy (%) varies with the hyperparameter A; controlling the
severity of augmentations and the sub-policy dimension N



Table B.2. Comparison of state-of-the-art TTA methods under different protocols on common image corruptions datasets, including
CIFAR10-C, CIFAR100-C, and ImageNet-C. We report the error rates (%) on 15 test images’ corruptions.

Protocol

Method Gaus. Shot Impu. Defo. Glas. Moti. Zoom Snow Fros. Fog Brig. Cont. Elas. Pixe. Jpeg | Avg.
CIFAR10-C
Source ‘ N ‘ 4877 440 570 11.8 508 234 108 219 282 294 7.0 133 234 479 195 ‘ 29.1

BN N-O | 182 172 28.1 9.8 266 142 8.0 155 138 202 79 8.3 19.3 133 138 | 15.6
Tent N-O | 16.0 148 245 9.2 238 13.1 7.7 149 13.0 165 82 8.3 179 109 133 | 14.1
SHOT N-O | 165 153 236 9.0 234 127 7.5 140 124 161 75 8.0 174 125 13.1 | 139

TTT++ | Y-O | 180 17.1 30.8 104 299 13.0 9.9 148 141 158 170 7.8 193 127 164 | 158
TTAC Y-O | 179 158 225 8.5 235 112 7.6 119 129 133 69 7.6 173 123 12,6 | 134

TeSLA | N-O | 133 125 2038 8.8 21.1 11.8 73 126 112 156 7.6 7.6 162 97 11.6 | 125
TeSLA-s | Y-O | 13.0 122 203 8.5 208 11.2 7.2 120 11.0 155 7.3 72 156 91 113 | 121

BN N-M | 173 162 28.0 9.8 26.1 14.0 7.9 16.1 137 204 83 8.3 196 11.8 140 | 154
Tent N-M | 151 137 222 8.5 224 118 7.1 127 119 129 7.6 7.6 169 9.8 12,6 | 129
SHOT | N-M | 158 148 249 9.2 236 132 75 145 128 175 8.1 8.2 18.1 108 134 | 142

TTT++ | Y-M | 132 11.8 11.1 7.9 16.5 8.9 6.6 9.5 9.7 8.6 5.2 5.6 13.1 8.8 11.1 | 9.8
TTAC Y-M | 11.6 103 15.8 6.8 15.9 7.5 5.8 8.7 9.0 8.5 5.6 5.7 127 8.0 9.7 9.4

TeSLA | N-M | 10.7 9.8 15.2 7.0 15.8 9.1 6.1 10.0 89 109 6.0 6.2 13.0 7.9 9.6 9.7
TeSLA-s | Y-M | 104 9.8 14.9 73 16.1 9.0 6.2 9.5 9.1 1.5 59 5.8 129 79 9.5 9.7

CIFAR100-C

Source ‘ N ‘80.8 7718 878 396 823 542 384 546 602 681 289 509 595 723 500 ‘ 60.4

BN N-O | 482 464 61.1 338 582 414 319 46.1 425 547 313 333 484 39.0 39.6 | 43.7
Tent N-O | 433 412 527 312 508 36.1 29.3 419 389 436 30.1 31.0 435 344 365 | 39.0
SHOT N-O | 441 418 533 315 506 360 296 407 40.1 419 295 336 440 349 366 | 392

TTT++ | Y-O | 502 47.7 66.1 358 61.0 387 350 446 438 486 288 308 499 392 455 | 444
TTAC Y-O | 477 457 58.1 325 553 366 312 403 408 447 300 399 471 378 383 | 41.7

TeSLA | N-O | 40.0 389 515 322 491 369 297 404 374 460 293 307 427 329 346 | 382
TeSLA-s | Y-O | 39.1 385 500 306 486 359 291 389 364 462 283 297 419 321 339 373

BN N-M | 474 455 600 339 569 408 31.8 464 426 542 323 331 485 372 394 | 433
Tent N-M | 41.0 384 492 300 474 33.1 28.1 38.1 380 375 283 290 41.1 328 356 | 365
SHOT | N-M | 41.6 406 51.7 314 495 362 293 424 384 454 299 313 431 335 36.0 | 387

TTT++ | N-M | 384 377 413 291 441 329 278 343 344 347 254 266 392 323 336 | 34.1
TTAC | N-M | 378 36.8 45.1 282 453 307 266 353 357 367 268 274 396 306 342 | 33.6

TeSLA | N-M | 344 335 422 280 419 321 259 351 326 383 250 274 375 286 306 | 329
TeSLA-s | Y-M | 339 33.0 42.1 275 420 316  26.1 342 322 394 248 263 368 281 30.3 | 32.6

ImageNet-C

Source ‘ N ‘97.0 963 974 821 903 83 775 834 769 760 409 946 835 791 674 ‘ 81.8

BN N-O | 835 826 829 844 842 731 60.5 65.1 663 515 340 826 553 503 58.7 | 67.7
Tent N-O | 70.8 687 69.1 725 733 593 50.8 53.0 59.1 427 326 745 455 416 478 | 574
SHOT N-O | 770 746 764 812 793 725 61.7 65.7 663 556 560 927 571 563 582 | 68.7

TTAC Y-O | 715 677 703 812 713 64 544 511 569 454 326 791 46.0 437 48.6 | 59.3
TTT++ | Y-O | 69.4 66 69.7 842 817 652 532 493 562 444 328 757 439 41.6 469 | 58.7

TeSLA | N-O | 650 629 635 694 692 554 495 491 56.6 41.8 337 779 433 404 46.6 | 550
TeSLA-s | Y-O | 614 588 603 673 662 54.0 482 469 531 409 324 812 411 392 448 | 53.1

BN N-M | 834 826 828 844 842 732 603 649 664 512 340 826 549 499 588 | 67.6
Tent N-M | 66.1 637 642 689 696 526 474 484 584 398 31.6 779 417 287 445 | 542
SHOT | N-M | 758 737 737 783 771 71.8 609 642 66.1 554 598 955 561 573 58.1 | 682

TeSLA ‘N—M 623 609 606 643 657 504 462 461 547 391 322 685 409 375 435 ‘ 51.5




Table B.3. Comparison of state-of-the-art TTA methods under different protocols on the VisDA-C dataset. We report the class top-1
accuracies (%) for each of the 12 classes. We also report the overall accuracy (Acc.) and the per-class average accuracy (Avg.). Each result

is averaged over three seeds.

)
Q
Method % plane bicycle bus car horse knife meycl person plant sktbrd train truck Acc. Avg.

e

~
Source ‘ N ‘ 3.8+45 233107 56.0+39 82.5+09 70.8+3.1 1.6+03 844413 9.1+22 780454 221437 79.3+24 1.6+07 ‘ 55.6+07 48.5+10
BN N-O | 86.9+22 57.8+23 754+12 529+13 86.7+06 54.2+40 85.5+09 554+20 64.9+27 41.6+23 85.7+12 28.8+25 | 64.5+03 64.6+05
Tent N-O | 86.9+22 57.7+30 774+14 56.8+15 87.3+08 62.4+38 86.6+08 62.9+29 712417 399128 84.8+12 24.7+34 | 66.3+03 66.5+06
SHOT N-O | 90.5+10 77.0+09 76.2+07 47.5+05 87.9+02 62.1+40 759402 74.4+11 83.3+03 47.0+66 84.2+09 41.6+04 | 68.6+06 70.6+1.0
AdaContrast | N-O | 95.2+03 78.2+03 81.8401 67.9+12 949+05 87.4+33 87.9+06 82.0+15 90.7+07 36.8+161 88.6+01 31.5+36 | 76.2+07 76.9+14
TTT++ Y-O | 86.4x15 60.5+26 75.7+22 51.7+36 86.5+09 55321 852427 55.8+11 64.5+27 413+21  86.4+19 284+26 | 644208 64.8+07
TTAC Y-O | 90.0+12  64.7+125 69.7+x09 48.5+17 843+18 82.8+36 84.7+41 64.7+72 T72.1+13  40.2+63 86.5+12 25.5+56 | 65.5+16 67.8+21
TeSLA N-O | 954+02 87.4+02 83.8+06 70.1+08 95.1+01 90.0+10 84.8431 83.2+13 93.6+01 67.9+199 85.4+08 49.3+12 | 80.3+13 82.2+19
TeSLA-s Y-O | 92.0+02 81.24+20 77.1+19 56.5+09 90.2+04 91.0+09 82.9+18 79.8+08 91.3+01 489+35 81.2+15 40.1+24 | 73.5+03 76.0+03
BN N-M | 87.2+14 58.0+11  76.4+14 53.7+19 87.2+13 54.2+36 862403 55.5+16 64.9+23 42.1+27 85.6+13 293422 | 64.9+01 65.0+04
Tent N-M | 89.1420 56.4+59 82.4+10 69.2+05 89.3+13 95.2+05 914405 79.5+10 86.1+03 163+19 84.7+04 8.4+35 | 70.9+04 70.7+06
SHOT N-M | 939+05 82.6+07 76.6+08 49.7+18 92.0+02 79.0+216 753420 80.9+24 89.5+06 50.5+190 83.8+09 52.2+11 | 72.7+18  75.5+34
AdaContrast | N-M | 95.6+06 82.8+10 76.54+24 72.4+53 96.7+03 91.3+22 88.6+12 854+08 953+05 30.1+513 93.6+07 489421 | 79.7+13  79.8+39
TTT++ Y-M | 87.2+20 61.8+20 74.7+13 52.7+36 86.1+17 65.0+70 84.9+23 62.1x60 67.2+16 36.6+13 86.2+01 27.1+36 | 65.3+03 65.9+10
TTAC Y-M | 86.8+42  73.5+13 69.3+21 44.2+25 788+s51  73.1+67  84.7+16 67386 78.6+56 52.9+41 84.7+26 33.2+39 | 66.0+20 68.9+24
TeSLA N-M | 96.6+02 91.3t01 85.1+10 69.3+00 96.7+03 97.1+08 88.0+09 852404 96.3+02 87.7+93 87.4+t02 57.3+08 | 83.4+06 86.5+09
TeSLA-s Y-M | 96.1+04 89.4+04 83.0+04 62.4+05 944401 94.5+11  87.3+03 83.3+05 95.5+02 63.9+149 85.7+07 494133 | 79.3+10 82.1+15

Table B.4. Segmentation results for test-time adaptation methods (class Avg. volume-wise mean Dice score in %) on the spinal cord dataset
(site {1} — 2, 3, 4) and prostate dataset (sites {A, B} — D, E, F), respectively.

Method | Protocol | Spinal Cord I Prostate
Sites {1} ={2} {1}->{3} {1} —=A{a}| {2} —={2,3,4} | {~,B} = {0} | {&,B} = {E} | {2, B} = {F} | {»,B} = {D,E,F}
’ Class Avg.  Class Avg.  Class Avg. Avg. Class Avg. Class Avg. Class Avg. Avg.

Source \ N 77.4+66 64.8+11.7 85.9+38 76.0 118 75.8489 65.9+18.5 38.4+323 60.5+27.0
BN N-O 85.2+421 70.6+3.6 88.9+1.7 81.6+83 75.949.4 74.4+74 65.7+224 72.1+152
TENT N-O 85.7+18 68.7+28 88.9+17 81.1+9.1 78.8+6.2 77.9+69 67.0+28.4 74.7+17.9
PL N-O 85.3+2.1 71.0+3.6 88.9+1.7 81.7+86 76.1+9.4 74.8+75 66.2+224 72.4+152
OptTTA N-O 84.4+23 80.2+5.1 87.5+20 84.1+438 84.9+6.9 80.3+8.4 84.0+6.6 83.1+77
TeSLA N-O 86.3+1.5 80.3+7.3 89.3+14 85.3458 86.1+33 79.8475 84.3+6.3 83.5+65
BN N-M 85.5+1.6 78.5+32 88.8+15 84.3+43 77.849.6 77.3+72 63.8+26.7 73.1+180
TENT N-M 85.5+16 79.0+33 88.8+15 84.4+47 81.6+7.7 79.0+104 82.8+9.2 81.2+93
PL N-M 85.5+17 78.8+33 88.8+15 84.3+47 81.2+79 79.1+10.1 82.8+9.1 81.1+92
OptTTA N-M 84.3+25 80.7+49 87.7+20 84.3+44 86.2+52 78.6+8.6 85.0+6.7 83.4+77
TeSLA N-M 86.4+1.7 80.4+32 89.3+17 85.4+44 85.9+4.0 81.2+67 85.645.4 84.3158

Table B.5. Segmentation results for test-time adaptation methods (mloU%) for adaptation from synthetic GTAS dataset to Cityscapes
dataset (O and M protocols).

x g 2
g E 2 N B = 5 > 2
= el 2 =t = 3} [3) = = 1) ‘s Z 5 S £ 8 8
S & = = ) = > Z o 2 =
Method | & E % 2 £ & B 2 2 ¢ 5 ¥ g2 ® § £ 2 E 2 2 |mou
Source | N [ 729 200 814 217 229 192 253 106 789 264 859 549 207 530 306 162 19 200 7.5 | 353
BN | N-O | 843 318 792 241 205 215 235 105 746 320 753 521 144 77.6 28.1 206 60 149 62 | 367
PL | N-O | 840 311 806 255 207 215 247 114 773 340 794 542 17.1 783 30.1 217 97 185 8.1 | 383
Tent | N-O | 88.0 343 807 277 17.8 193 221 100 80. 405 77.6 518 157 818 32.6 240 89 188 58 | 388
CoTTA | N-O | 858 353 79.1 265 203 198 217 99 767 362 746 532 144 778 290 193 3.6 132 58 | 370
TeSLA | N-O | 904 522 825 29.6 255 28.1 325 297 797 390 752 59.0 213 84.0 293 24.6 145 23.0 261 | 44.5
BN | N-M | 843 31.1 807 254 210 226 256 118 767 327 776 548 172 797 297 217 93 187 85 | 384
PL | N-M|851 306 809 257 206 215 247 113 779 339 802 544 174 800 300 219 92 190 83 | 386
Tent | N-M | 89.0 351 810 284 170 195 229 98 808 418 767 524 163 836 33.0 248 7.1 206 57 | 392
CoTTA | N-M | 886 402 806 300 204 192 259 160 77.1 327 753 557 23.1 828 30.1 194 98 199 113 | 399
TeSLA | N-M | 90.1 514 831 290 277 287 348 340 787 357 730 620 265 839 285 250 257 273 294 | 46.0
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Figure E.1. Sensitivity test for adversarial augmentation hyper-
parameters of TeSLA on the VisDA-C dataset for classification
task on various TTA protocols. We plot the class Avg. accuracy (%)
on the VisDA-C dataset for (a) augmentation severity controller
A1 €{0,0.1,1, 10} and (b) sub-policy dimension N € [1, 5].
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Figure E.2. Sensitivity test for adversarial augmentation hy-
perparameters of TeSLA on the VisDA-S dataset for segmen-
tation task on various TTA protocols. We plot the mloU (%)
on the VisDA-S dataset for (a) augmentation severity controller
A1 € {0,0.1, 1,10} and (b) sub-policy dimension N € [1, 5], re-
spectively.

on the VisDA-C dataset. Similarly, Fig. E.2 shows the effect
of changing A\; and N on the segmentation scores measured
by mloU (%) on the VisDA-S dataset. We observe that the
performance of our method TeSLA is stable over a wide
range of \; and IV for both classification and segmentation
tasks.

PLR hyperparameters. We present sensitivity tests for
the hyperparameters of the soft pseudo-label refinement
(PLR) module. In Fig. E.3, we show the test-time adap-
tation classification performance of TeSLA on the VisDA-
C (N-O) for varying numbers of nearest neighbors n &€
{1,4,10, 32,64, 128}, and class memory queue size Ng €
{16, 32,64, 128,256,512, 1024 }. TeSLA outperforms com-
peting baselines under a wide range of choices. Moreover,
the number of examples in the queue can be as small as

—Acc. —Avg. —Acc. —Avg

84 84
3 82 g 82
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n Nq
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Figure E.3. Sensitivity test for PLR hyperparameters: (a) the
number of nearest neighbors n and (b) the class memory queue size
Ngq on the VisDA-C dataset. We report the overall accuracy (Acc.)

and the class average accuracy (Avg.) in % on the ViSDA-C under
the N-O protocol.
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Figure E.4. Sensitivity test on the number of weak augmentation
(]pw|) for ensembling soft-pseudo labels for Soft-Pseudo Label
Refinement (PLR) on (a) CIFAR10-C and (b) CIFAR100-C datasets.
We report, for each case, the average error rate over 4 validation
corruptions.

less than 0.5% of the dataset size and still maintains on-par
performance.

Fig. E.4 shows the classification performance of TeSLA
on the CIFAR10-C and CIFAR100-C and various corrup-
tions [GAUSSIAN BLUR, SPATTER, SPECKLE NOISE, SATURATE |
under multiple protocols and the number of weak augmen-
tation for ensembling |p,,| € {2, 3,5,9}. These plots show
that increasing the number of views decreases the average
error rate in both protocols. While we report the results with
|pw| = 5 in the main, we observe we could further decrease
the error rate with |p,,| = 9. However, this choice would
multiply the computational cost by two as the number of for-
ward passes is linearly proportional to this hyperparameter.
For this reason, we opt |p,,| = 5, which gathers the benefit
of ensembling and reasonable computational cost.
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Figure E.5. Sensitivity test on the scalar coefficient Ay of Lyq
term of the test time loss Lrespa. We report, for each case, the
average error rate over the 4 validation corruptions.

Knowledge distillation coefficient. Finally, we report the
sensitivity test results for the knowledge distillation weight
Ao. In Fig. E.5, we show the classification adaptation per-
formance of TeSLA on the CIFAR10-C and CIFAR100-
C datasets is not very sensitive to the selection of \y €
{0.1,1,10}.

E.2. Ablations

EMA coefficient of teacher model. In Fig. E.6, we show
the effect of changing the EMA coefficient « used for up-
dating the teacher model from the student model for the
one-pass (O protocol) and multi-pass (M protocol) on the
CIFAR10-C and CIFAR100-C datasets. We observe that
for the multi-pass protocol (M), decreasing « leads to better
performance, while for the one-pass protocol (O), optimal
« depends on the number of test images observed in one
epoch. If « is large (close to 1.0), the teacher is updated
very slowly and thus requires more updates to reach better
performance. Therefore, for a one-pass online evaluation,
the accuracy decreases. On the other hand, if we set o to a
minimal value, it results in unstable convergence.

Batch size and learning rate. In Fig. E.7, we show the
effect of batch size and learning rate on the proposed method
TeSLA along with TENT [14], SHOT [6], and TTAC [13] on
CIFAR10-C for N-O protocol. We observe that increasing
batch size helps reduce test time error rates, and the model
performs best with the same batch size used during source
model training. Similarly, increasing the learning rate re-
duces the error rate until it becomes too large for unstable
gradient model updates.
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Figure E.6. Sensitivity test on the EMA coefficient of the teacher
model « on the (a) CIFAR10-C and (b) CIFAR100-C datasets. We
report the average error rate over four corruptions for each dataset.
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Figure E.7. Ablation study for the roles played by the (a) batch
size B and (b) the learning rate scale with respect to the default
value. We report, for each baseline, the average error rate (in %)
over four validation corruption sets of the CIFAR10-C under the
N-O protocol.

F. Additional Qualitative Results
F.1. Sanity Check for Adversarial Augmentation

To assess the adversarial effect of the proposed automatic
augmentations, we conduct a sanity check for the optimized
sub-policies. in particular, in Fig. F.1, we rank the sub-
policies optimized by our automatic augmentation module
on the VisDA-C for N-M protocol after one epoch by de-
creasing the order of sampling probability. Then, we eval-
uate the performance of the student model on the test-test
images from VisDA-C that are augmented using the above
sub-policies. We observe that reducing the hardness level
of sub-policies, the more the student model is accurate in
recognizing the images. This is supported by the Pearson
correlation of 0.7 between the sub-policy rank and the accu-
racy (p = 0.02), demonstrating our module’s capability to
optimize and sample adversarial examples.
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Figure F.1. Adversarial augmentation sanity check. We report
the per-class average accuracy (%) of TeSLA’s student model on
the VisDA-C augmented by the ten most adversarial sub-policies
optimized by our automatic augmentation module.
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Figure F.2. Calibration performance comparison of TeSLA (with
and without adversarial augmentations) against other baselines via
a reliability diagram on the VisDA-C dataset for N-O protocol.
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Figure F.3. Qualitative segmentation results of test-time adapta-
tion methods trained on site 1 and tested on site 3 of the spinal cord
dataset. From left to right: (a) Ground Truth, (b) Source Model, (c)
BN [8], (d) TENT [14], (e) PL, and (f) TeSLA, respectively.
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Figure F.4. Qualitative segmentation results of test-time adap-
tation method trained on site A and site B and tested on site F
of the prostate dataset. From left to right: (a) Ground Truth, (b)
Source Model, (c) BN [8], (d) TENT [14], (e) PL, and (f) TeSLA,
respectively.

F.2. Uncertainty Evaluation

We evaluate the model reliability on the ViSDA-C clas-
sification adaptation task (N-O protocol). In Fig. F2, we
show the reliability diagram (dividing the probability range
[0, 1.0] into ten bins) and report the expected calibration
error (ECE) [9] for the Source model without adaptation,
SHOT [6], and TeSLA with and without adversarial augmen-
tations. The proposed TeSLA gives the lowest calibration
error with an 8.71% improvement over SHOT. It is interest-
ing to observe that the ECE of TeSLA without adversarial
augmentations is on-par with the SHOT method. The adver-
sarial augmentation module improves the TeSLA’s ECE by
8%, which shows the benefit of test-time adversarial aug-
mentation on the model’s reliability.

F.3. Qualitative Segmentation Results

In Fig. F.3 and Fig. F.4, we show the qualitative seg-
mentation results of TeSLA for test-time adaptation on
the spinal cord and prostate MRI datasets and compare
it with TENT [14], BN [&], and Pseudo Labeling (PL).
Compared to other baselines, TeSLA outputs more accu-
rate segmentation results closer to the provided ground
truth.
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