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Figure 2. Framework overview. TCA first enhances the uniformity of inter-class feature distribution by leveraging improved pseudo-label
prediction to compute pseudo-centroid proxies, thereby promoting inter-class feature alignment. Next, TCA ensures a compact intra-
class feature distribution, mitigating imbalances within class representations. Finally, TCA dynamically adjusts the weights of inter-class
centroids based on historical prediction distributions, preserving the latent topological relationships between classes.
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Algorithm 1 Topological Consistency Adaptation (TCA).

Input: Pre-trained model ¢ = f o h, self-training loss
Lgscr, Alignment Loss weight A\;, Uniformity Loss
weight As.

1: for Batch data A do

2:

oo

10:
11:
12:
13:

Augment X to construct the class topological graph
G using Eq. (3)
if First Batch then
Compute inter-class uniformity Linter via Eq. (4)
Compute intra-class compactness Linira Via
Eq. (5)
return Etopology — Eintcr + Eintra
else
Compute category weights p;; via Eq. (8)
Update Linter to L] .. via Eq. (10)
return Etopology 'Elntcr + L:intra
end if
Compute L= ESCE + )\1 ’ Eaﬁgn + )\2 ’ Etopology
Model g is updated using £

14: end for
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Method Gau. shot imp. def. glass mot. zoom snow fro. fog bri. con. ela. pix. jpeg Mean
Source only 72.3 657 729 469 543 348 420 251 413 260 93 467 26,6 585 303 435
TENT [34] 248 206 286 144 31.1 165 141 191 186 18.6 122 203 257 208 249 20.7
E..) Ada [5] 29.1 225 300 140 327 141 120 166 149 144 81 100 219 177 200 185
= CoTTA [35] 243 213 266 116 276 122 103 148 141 124 76 106 133 134 173 162
& RMT [8] 240 204 256 126 254 142 122 154 151 140 103 B39 1721 135 160 167
o DSS[38] 241 213 254 117 262 122 105 145 M1 128 78 108 180 131 173 180
BeCoTTA [17] 229 191 269 102 275 127 104 147 143 124 72 94 209 152 202 163
TCA 224 192 230 108 232 116 99 131 131 118 76 107 164 12.0 155 14.7
Source only 73.0 68.0 394 293 541 308 288 395 458 503 295 551 372 747 412 464
0 TENT [34] 37.2 358 417 379 512 483 485 584 637 71.1 704 823 880 885 904 609
& Adal[5] 423 368 386 277 400 291 275 329 307 382 238 283 339 353 362 oM
= CoTTA [35] 40.1 37.7 397 269 380 279 264 328 318 403 247 269 325 283 335 325
ﬁ RMT [§] 405 36.1 363 277 339 285 264 29.0 290 325 251 274 282 263 293 304
B DSS[38] 39,7 360 IJIZ 263 356 215 22 314 500 318 242 260 300 263 313 Y
©  BeCoTTA (171 423 380 422 302 429 317 298 DA 339 B_/S 279 20 T 316 399 5
TCA 385 360 36.6 258 346 272 251 305 27.0 30.1 241 257 273 266 303 29.7
Source only 978 971 8982 @l7 B8998 €32 WO B35 F.1l BHBY 43 943 85 793 686 S22
TENT [34] 81.6 746 727 776 738 655 553 616 630 51.7 382 721 508 474 533 626
E Ada [5] 829 809 784 814 787 729 640 635 645 535 384 667 546 494 53.0 655
= CoTTA [35] 847 82.1 80.6 813 79.0 686 575 603 605 483 366 066.1 473 412 46.0 62.7
%ﬁ;n RMT [8] 80.2 764 745 771 744 662 576 570 59.1 480 39.1 60.6 473 425 434 602
E DSS [38] 823 784 7677 819 778 669 609 508 609 477 354 690 475 409 462 622
BeCoTTA [17] 84.1 743 722 774 1719 634 551 572 612 50.7 364 66.1 492 456 484 609
TCA 783 718 735 744 735 633 565 569 594 48.1 396 59.6 472 429 447 593

Table 1. Classification error rate (%) on CIFAR10-to-CIFAR10-C, CIFAR100-to-CIFAR100-C, and ImageNet-to-ImageNet-C. All results
are evaluated with the largest corruption severity level 5 in an online manner. We report the performance of our method averaged over 5
runs. Bold text indicates the best.



LA AL

NANJING UNIVERSITY OF AFRUNALITIES AND ASTHUNALITTS

I Experiments

CCCHuEss: MM EEIZ—MERFELEAE, RAISEPIMERIZE(L.

Method CCC-Easy CCC-Medium CCC-Hard Average
CoTTA [35] 14.9+0.88 7.7+0.43 1.1+0.16 7.9
ETA [26] 41.4+0.95 1.1+0.43 0.2+0.05 14.2
EATA [26] 48.24+0.60 35.4+1.02 8.7£0.80 30.8
SANTA [4] 47.8+0.46 32.7£0.80 9.1+0.60 29.9
RDumb [27]  49.3+0.88 38.9+1.40 0.6+1.60 32.6
TCA 49.1+0.35 39.5+0.53 10.1+0.22 329
I\ EEIREEATNTUER N[ vy
Batchsize CIFAR10-C CIFAR100-C ImageNet-C BTW  Lintra Linter Lalign CIFAR10-C CIFAR100-C ImageNet-C
s ) I I+ nm e o8
S 2o o iy oy - - v - 15.57 31.38 62.08
O 100 16.8 52 64.9 g p :
v - - 15.68 31.44 62.41
I 61.5 66.2 754 - v v - 15.41 31.01 60.95
S0 15.2 32.6 65.2 v v v - 14.85 29.83 59.51
5 100 14.9 30.2 61.4 v v v v 14.70 29.72 59.31
= 150 14.8 30.1 60.1
200 14.7 297 593 Table 4. Ablation studies on four components (BTW, L;.tra> Linter

300 14.8 29.8 59.4 Lalign ) across CIFAR10-C, CIFAR100-C, and ImageNet-C datasets.
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Figure 4. Visualization of intra-class feature distribution in
Figure 3. Feature visualizations from ten randomly selected CIFAR-10 under elastic noise conditions involved selecting class
batches of CIFAR10-C under three noise distributions: Gaussian, 0, class 3, and class 6 (from left to right) and randomly visualizing
Snow, and JPEG. The upper panel illustrates the results of CoTTA, 10 batches for each. The upper figure illustrates CoTTA, whereas
while the lower panel showcases those of TCA. the lower figure depicts TCA.
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