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Abstract

Test-time adaptation aims to adapt a model trained on source data to the target domain without access to the source data during
the test phase. This paper introduces and analyzes a methodology that consistently improves performance when applied to the existing
test-time adaptation methods. The first technique involves calculating the centroid for each domain and training the model to bring
instances of the same class closer together. The second one trains the model to be robust to noisy labels by using Symmetric
Cross-Entropy instead of Cross-Entropy during the loss function calculation. The last technique applies the Information-Maximization
loss function to increase the discriminative power of the model while addressing the issue of the model excessively predicting certain
classes. These techniques were applied to the state-of-the-art model, confirming consistent performance improvement. Furthermore,
these techniques can be applied to various models as they are not limited to a specific model.
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3. Test-Time Adaptation (TTA)
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Table 1. Error Rates(%) for applying conventional TTA and proposed technique on the CIFAR10C dataset

t >
Method 59 é‘; \;” og"'" & & g 8§ & § § & € 65 S f é«é” § 1 |
Source 723 657 729 469 543 348 420 251 413 260 93 467 266 585 30.3 | 435
BN Adapt 281 261 363 128 353 142 121 173 174 153 84 126 238 197 273|204
TENT 248 206 286 144 311 165 141 191 186 186 122 203 257 20.8 24.9 | 20.7
CoTTA* 246 220 267 120 276 125 106 151 146 129 7.7 114 187 137 181 | 16.6
Ours vV 243 216 252 118 272 122 104 151 142 127 80 111 183 138 17.7 | 16.2
Ours N 243 215 254 117 268 122 104 150 142 127 79 112 182 134 175|162
Ours V1241 214 258 16 272 122 105 147 139 125 78 107 179 134 174 | 160
Ours VAV 243 215 254 118 267 123 106 149 141 125 79 108 183 135 174 | 16.1
Ours VIV | 241 211 257 118 2722 123 105 148 142 125 7.8 107 180 134 17.3 | 16.1
Ours \J V{241 216 254 119 267 123 108 151 143 130 84 112 182 137 176 | 163
Ours VIV V] 243 215 254 119 266 123 109 152 142 127 82 115 184 138 176 | 16.3
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Table 2. Error Rates(%) for applying conventional TTA and proposed technique on the CIFAR100C dataset

t >
slélel £ 5 & & 5 5§ 5 & 05 o £ 0§58 £ s v
A NCH 3 § 8 $ S $ & 7 §
Method 5/ .S:i“ $ é'g & ‘gq f S«y sn $ 50 £ 3 ..§§ § ég‘. _é? »9? 1
Source 73.0 680 394 293 541 30.8 288 395 458 503 295 551 372 747 41.2 | 464
BN Adapt 421 407 427 276 419 297 279 349 350 415 265 303 357 329 412|354
TENT 372 358 417 37.9 512 483 485 584 637 711 704 823 880 885 90.4 | 60.9
CoTTA* 404 37.9 398 27.0 37.9 283 262 332 320 40.3 248 271 324 27.8 334 | 32.6
Ours \J 399 377 392 266 375 281 262 327 318 396 246 266 319 279 330|322
Ours N 401 377 391 268 369 279 259 328 315 397 245 264 317 276 33.0 | 321
Ours V399 374 390 266 371 281 258 325 314 396 244 264 315 274 329|320
Ours AR 403 376 397 268 379 282 261 331 320 407 248 268 324 283 337|326
Ours J |V | 397 367 383 264 366 277 257 325 313 392 247 268 311 277 330 | 31.8
Ours N/ J| 401 372 387 268 371 280 258 328 315 401 248 266 318 275 329 | 32.1
Ours V[V V] 404 370 384 264 374 278 256 323 313 393 247 267 311 275 327 | 319
I 3. ImageNet-C HIO|EJMICE Baselinet Hotsh= 7|#HE XS Error Rate(%)
Table 3. Error Rates(%) for applying conventional TTA and proposed technique on the ImageNet-C dataset

Methods | Source BN TENT CoTTA* Ours Ours Ours Ours Ours Ours Ours

L2 Loss \j \f \] \j

SCE Loss \} \jl \} \/

IM Loss \j \j \} \)

Mea"l 824 721 66.5 68.5 66.7 63.2 64.4 63.0 64.1 62.3 62.5
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