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@ First, we should explore supervisory signals without labels to improve performance in the current
target domain, where widespread noisy pseudo labels are a crucial factor affecting performance.

@ Then, the adaptation process means moving the initial source parameterization to a parameterization
that better models the current target distribution, which carries the risk that predictions on the source
distribution become inaccurate, causing catastrophic forgetting.

(® Finally, an excessive affinity for the existing domain will cause generalization to be lost for future
domains when the current target distribution is narrow, especially under noisy pseudo labels.
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Existing continual test-time adaptation implementations may face a game between discrimination in the
current domain and generalization in future domains. Meanwhile, the absence of label signals makes the
model performance worse when facing domain shifts.

Thus, one research question is how to construct a novel pipeline that ensures generalization and
improves discrimination, and the other 1s how to capture knowledge from the source pre-trained model.
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Figure 1. This is the flow of our method. We propose a novel pipeline to optimize the network’s normalization parameters to ensure
long-term generalization and improve instantaneous discrimination, and confidence thresholds are uvtilized in a self-adaptive manner to
select reliable labels. Then, we explore various prior knowledge from the source pre-trained model to calibrate and enrich supervision
signals. Moreover, we track the recent tendency of a model’s prediction with an exponential moving average for a diversity score to ensure
subsequent generalization. Finally, the learnable parameters are aligned with the source parameters in a soft-weighted manner to alleviate
catastrophic forgetting.
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1. High-quality Supervision Generator

pi = Softmax(Fy, (xt)),

I I ) (1
‘c(:e(Xt) ' E Z Yi ]ﬂgph
bh=1

where p? represents classification result of the sample b at
time ¢, and 3? is the supervision signal of the ith sample.

global threshold

We set the global threshold 7; as the average confidence
from the model, and estimate the global confidence at each
stage t. 7; is defined and adjusted as:

1
n = ) max(y)). )

local threshold

Except for the global threshold, the local threshold is

utilized to modulate the global threshold in a class-specific

fashion to account for the intra-class diversity and the pos-
sible class adjacency. We compute the expectation of the
model’s predictions on each class to estimate the class-
specific learning status:

1 0 b,c
&(e) =52 " 3)
b=1

where ¢ € (' is the number of classes. After integrating
the global and local thresholds, we can obtain the final self-
adaptive threshold of each class c.

'fg(c) Tt
max{&(¢c) : c € C}

(4)

Fila) =

Based on such thresholds, the samples at the current batch
can be divided into two parts, the reliable part N,..;(t) -
{blb € B, max(y?) > r(argmaxy?)} and the unreliable
one Nyprei(t) = {b|b € B, max(y}) < 7;(arg maxy})}.
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2, Calibration with Source Knowledge

we attempt to distill knowledge from the source pre-trained model to calibrate the unreliable signals.
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where fP and f¢ are the representations of the sample b and
d at time . sim(-) represents the consine similarity. Here, 0 MHSHLLEBEDS: BURGRES, ERELE
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pseudo-labels are calculated.
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3. Diversity with Prior Distribution

The output results of the network may become biased or collapse to a trivial solution after a narrow distribution during test time

u? has the advantage that if the model output is uniform,
uncertain predictions receive a smaller weight, mitigating
errors in the model. More importantly, certainty weighting
based on negative entropy is employed to avoid bias towards
specific classes.

{'}r) ﬂl! 2 yt ]ﬂg ?)‘IE {9)

We normalize the certainty and diversity weights to be
within the unit range, and exponentiate the product of di-
versity and certainty weights, scaled by a temperature 7.
Thus, the weight of each sample can be obtained.

diversity weighting is employed by tracking the recent ten-
dency of a model’s prediction with an exponential moving
average.

Yt+1 = Y —ZJ.E:

where o = (1.9. To determine a diversity weight for each
test sample, the cosine similarity between the current model

output 7 and the tendency of the recent outputs ; is calcu- . 3

lated as follows. w? cxp{“f. Uy L), (10)
b G Yt T s
u, = 1 o s (8) After the above selection, calibration and weighting, the
i 2 | objective in Eq. | can be reconstructed as follows.

B
1
Le(X;) - B Z?Ht_ﬂ lngjp (11)
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4, Soft-weighted Parameter Alignment
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where [ is the layer of the network and ' repressents the

_—10l :
R E which

similarity strength of I-th layer. We set 3* = T To=T0l»

is increased with the deeper layers.

3.3. Overall

The overall objective of our method is as follows.
E(Xt} == E(.'ﬁ(-Xt} i )"lﬁpu(gt):! (13}

where A; is the hyperparameter. In general, we do not di-
rectly use the results of pre-trained and adapted models as
supervision signals, but apply them as prior knowledge to
calibrate pseudo-labels, and design a soft-weighted param-
eter alignment method to prevent excessive parameter devi-
ation.
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we construct a soft parameter alignment function and incorporate it into
the loss function to optimize the network. This ensures that the network
parameters are highly correlated with those of the source pre-trained

model during loss optimization, rather than being overwritten afterward
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I Experiments

Time | t : | |
§ ¢ & s § F ﬁ o
wone| 2 .8 5 £ 8§ &£ F & F » § 5§ T F oo o
Method Backbone E &5 h_.é«'l d-,j_ & ..E? !{? 5 L;éi &£ gﬂ' {‘_‘;"? g ;'E? -5?: Mean | Gain
i 53]
Source 723 65.7 729 469 543 348 420 251 413 260 93 467 266 585 303 | 435 -
BN Stais Adapi 28.1 261 363 128 353 142 121 173 174 153 84 126 238 197 273 204 | +23.1
Pseudo-Label 26,7 21 320 138 322 153 127 173 1713 165 1.1 134 224 189 259 19.8 | +23.7
TENT-continual [ICLR21] e 248 205 285 145 31.7 162 150 192 176 174 114 163 249 216 260 204 | +23.1
CoTTA |[CVPR 22] E 246 219 265 119 278 124 106 152 144 128 74 11.1 187 136 178 165 | +27.0
NOTE |NeurlP5°22| I:HE 73 74 125 209 138 155 342 342 396 250 116 242 299 141 127 201 | +234
RoTTA [CVPR 23] 303 254 346 183 340 147 110 164 146 140 80 124 203 168 194 193 | +24.2
RMT |[CVPR™23] 241 202 257 132 255 147 128 162 154 146 108 140 180 141 166 17.0 | +26.5
ROID [2023.6.1] 237 187 264 115 281 124 101 147 143 120 7.5 93 198 145 203 16.2 | +27.3
Ours 207 17.1 202 121 243 116 109 138 129 105 3.1 93 179 134 153 | 145 | +29.0
Source 60.1 532 383 199 355 226 186 121 127 228 53 497 236 247 231 282 =
CoTTA |[CVPR22] o 58.7 513 330 201 348 200 152 111 113 185 40 347 188 190 179 246 | +3.6
VDP |AAAL'23] E 57.5 495 31.7 213 351 196 151 108 103 181 4.0 275 184 225 199 24.1 | #.1
ViDA [2023.6.7] [-:1 529 479 194 114 313 133 76 76 99 125 38 263 144 339 182 2.7 | +1.5
ROID |2023.6.1] > 208 145 105 93 203 102 B3 79 74 96 4.1 92 130 109 155 114 | +168
Ours 163 11.1 96 84 146 86 55 63 57 71 33 54 109 7.7 128 8.9 [+193

Table 1. Classification error rate (%) for the standard CIFAR10-to-CIFAR10C continual test-time adaptation task. All results are evaluated
with the largest corruption severity level 5 in an online fashion. Bold text indicates the best performance. Blue is the suboptimal solution.
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Time |t kl |
o o = o E 1 § o
L — = Ln Ty Rt
Method Backbone | & .8 § s § F ésr ;'é% E & & g ¢ F & |Mean| Gain
& gy 2y N R & o g & ?

Source 730 68.0 394 293 541 30.8 288 395 458 503 295 551 372 747 412 | 464 | -

BN Stats Adapt 42.1 407 427 27.6 419 297 279 349 350 415 265 303 357 329 412 | 354 |+11.0
Pseudo-Label 38.1 361 407 332 459 383 364 440 456 528 452 535 60.1 S8.1 645 | 462 | +02
TENT-continual | ICLR*21] L 1372 358 417 377 509 485 485 582 632 714 720 831 886 916 951 | 616 [-152
CoTTA [CVPR'22] 2 14001 377 397 268 380 279 265 329 317 404 246 268 325 281 338 | 325 |+139
NOTE [NeurlPS$'22] S 284 327 364 444 429 422 658 611 T08 516 344 454 627 399 364 | 433 | 431
RoTTA [CVPR’23] 49.1 449 455 302 427 295 261 322 307 375 247 29.0 326 304 367 | 348 |+116
RMT [CVPR'23] 402 362 360 27.9 339 284 264 287 288 311 255 27.1 280 266 290 | 302 |+16.2
ROID [2023.6.1] 365 319 332 249 349 268 243 289 285 311 228 242 307 265 344 | 293 |+17.1
Ours 335 318 312 259 M9 252 259 279 274 36 252 235 2646 262 272 | 279 | +185
Source 550 515 269 240 605 290 214 211 250 352 118 348 432 560 359 | 354 | -

CoTTA |[CVPR’22] » | 550 513 258 241 592 289 214 21.0 247 349 117 317 404 557 356 | 348 | +0.6
VDP [AAAI'23] 8 |548 512 256 242 591 288 212 205 233 338 7.5 117 320 517 352 | 320 | +34
ViDA [2023.6.7] B |50 407 220 212 452 216 165 179 166 256 115 290 296 347 27.1 | 273 | +8.1
ROID [2023.6.1] - |457 322 205 222 378 246 172 168 158 232 106 283 201 332 262 | 256 | +9.8
Ours 38.2 318 182 208 343 203 175 149 162 229 115 275 282 325 253 | 240 |+114

Table 2. Classification error rate (%) for the standard CIFAR100-to-CIFAR100C continual test-time adaptation task. All results are
evaluated with the largest corruption severity level 5 in an online fashion. Bold text indicates the best performance. Blue 1s the suboptimal
solution.
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I Experiments

Time ¥ S
5 o = [ {:ﬂg oy E o
B e cq =5 kg *-.- =
Method Backbone| & & F & & § § § & S & g f ¥ & |Mean| Gain
& § § © § N 9 & § 0 § & °
Source 978 97.1 982 817 898 852 780 835 770 759 413 945 825 793 685 | 820 | -
CoTTA[CVPR'22]  _  |845 820 804 818 795 69.2 588 608 61.1 485 365 675 47.8 418 459 | 63.1 |+18.9
RoTTA [CVPR'23] 2 |883 828 821 913 837 729 594 662 643 533 356 745 543 482 526 | 61.3 | +14.7
RMT [CVPR23] g |799 763 731 757 729 647 568 564 583 490 406 582 478 437 448 | 599 |+22.1
ViDA [2023.6.7] 793 747 73.1 769 T45 650 564 598 626 49.6 382 668 496 43.1 462 | 61.2 | 4208
ROID [2023.6.1] 717 622 622 696 665 57.1 493 523 574 435 334 59.1 454 418 462 | 545 | 4275
Ours 708 603 60.5 658 552 555 467 49.0 50.1 403 341 561 428 402 439 | 514 |+30.6
Source 530 518 521 685 788 585 633 499 542 577 264 914 575 380 362 | 558 | -
CoTTA [CVPR'22] o |529 516 514 683 781 57.1 62.0 482 527 553 259 900 564 364 352 | 548 | +1.0
VDP [AAAI'23] 8 527 516 500 581 702 56.1 58.1 421 46.1 458 23.6 704 549 345 36.1 | 500 | 458
VIiDA [2023.6.7] & |47.7 425 429 522 569 455 489 389 427 407 243 528 49.1 335 33.1 | 434 |+124
ROID [2023.6.1] = |576 515 522 551 524 465 472 456 395 360 260 450 438 397 363 | 450 |+108
Ours 475 421 416 555 554 445 479 388 378 396 23.6 57.0 444 335 323 | 427 |+13.1

Table 3. Average error of standard ImageNet-to-ImageNet-C experiments over 10 diverse corruption sequences. All results are evaluated
with the largest corruption severity level 5 in an online fashion. Bold text indicates the best performance. Blue 1s the suboptimal solution.
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T & B & & g 2 = &
Method g 5 s & g 8 o o & £ o o' 5 | Mean

§ 5 § 56 §&§ 4§ & ¢4 g8 g £

Source 281 261 363 128 353 142 121 173 174 153 84 126 238 197 273 | 204
SST 233 204 250 138 305 139 128 155 146 154 8.0 124 224 182 194 | 17.7
SST+CSK 275 248 289 120 328 136 112 169 128 102 79 122 205 138 1715 | 174
SST+DPD 258 222 270 113 295 131 106 158 120 101 738 120 196 135 155 | 161
SST+CSK+DPD 213 178 227 132 268 132 115 147 132 109 8.0 10.2 188 145 168 | 158
SST+CSK+SPA 255 191 22 121 283 119 109 147 119 106 85 116 185 132 1539 | 156
SST+DPD+SPA 221 181 212 126 251 119 1065 143 122 93 8.1 106 183 139 156 | 14.8
SST+CSK+DPD+SPA | 20.7 17.1 202 1211 243 116 109 138 129 105 &1 3.3 179 134 153 | 145

E %)E
i :
SANDASTRIINALIES

Table 5. Ablation experiments of the framework for the CIFAR10-to-CIFARIOC task. °“SST’ represents the label selection with self-
adaptive thresholds, and the unreliable part is discarded directly. “CSK’ is the Calibration with Source Knowledge, and ‘DPD’ is the
Diversity with Prior Distribution module. SPA is the Soft-weighted Parameters Alignment. All results are evaluated on the ResNet.
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