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» Continual Test-Time Adaptation (CTTA) is proposed to migrate a source pre-trained model to
continually changing target distributions, addressing real-world dynamism.

« Existing methods primarily focus on applying entropy minimization to update batch
normalization layer or a fraction of model parameters , which already leads to a performance
improvement in target domains.

* On the other hand, an alternative mainstream approach involves the teacher-student scheme
for generating pseudolabels in target domains.
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a novel method for continual self-supervised learning that enhances the extraction of target
domain knowledge while mitigating the accumulation of distribution shift.
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I Methods

Target Domain Input Pre-trained Source Model Prediction Loss function (b) Reconstruction Target Feature
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Figure 2. The framework of Adaptive Distribution Masked Autoencoders (ADMA). (a) We initiate the process by feeding the original
target image into the model to generate features of the complete image. Simultaneously, this step facilitates the estimation of token-wise
uncertainty, reflecting the token-wise distribution shift of each target sample, a process detailed in Sec. 3.2. Guided by the uncertainty values,
we adaptively mask P% of the image tokens characterized by significant domain shifts, subsequently reintroducing the masked image into
the model. In the classification task, the encoder’s output embeddings are then fed into the classification heads, constructing a consistency
loss (Eq. 2) between the two predictions. (b) For the masked tokens, we feed the masked token features into the linear decoder to compute
the reconstruction loss (Eq. 3). We choose Histograms of Oriented Gradients (HOG) as the reconstruction target due to their invariant
properties. Both losses are jointly optimized to address the CTTA problem.
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Figure 3. The visualization of HOG features in various target
domain distributions (ImageNet-C [21]).
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HOG is a feature descriptor that
delineates the distribution of gradient
orientations or edge directions within a
localized subregion.

two advantages:

1) its inherent ability to capture local
shapes and appearances ensures
Invariance to geometric changes.

2) the absorption of brightness through
Image gradients and local contrast
normalization provides invariance to
varying environments and weather
conditions.
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Target Domain Input Pre-trained Source Model Prediction Loss function
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I Experiments

Task:classification CTTA task

G RARS

F s F S e s E S & F & .
Method REF G"??;? S .\@b @&' S Wé)& S & & @@6’ & y & Q@’“‘ §* | Mean| Gain

<
Source [0]  |ICLR2021| 60.1 532 383 199 355 226 186 121 127 228 53 497 236 247 23.1| 282 0.0
Pscudo-label [28] |[ICML2013| 59.8 525 37.2 19.8 352 21.8 17.6 11.6 123207 50 417 215 252 221| 269 +13
TENT-continual [49]| ICLR2021 | 57.7 563 294 162 353 162 124 11.0 11.6 149 47 225 159 291 195 235 +47
CoTTA[50]  |CVPR2022| 587 513 330 20.1 348 20 152 111113185 40 347 188 190 179| 246 +36
VDP[12]  |AAAI2023| 575 49.5 317 213 351 196 151 108 103 181 40 275 184 225 199| 241 +4.]
VIDA[31]  |ICLR2024| 529 479 194 114 313 133 7.6 76 99 125 38 263 144 339 182| 207 +75
Ours Proposed | 30.6 189 115 104 225 139 98 6.6 6.5 88 40 85 127 92 144| 126 +156

Table 1. Classification error rate(%) for CIFAR10-t0-CIAFAR10C online CTTA task. Mean(%) denotes the average error rate across 15
target domains. Gain(%) represents the percentage of improvement in model accuracy compared with the source method.
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Method REF 6&5‘?’ & il o R .qu?@ & & %@ | Mean|. Gain

1)

Source [0] | ICLR2021 | 550 515 269 240 60.5 290 21.4 21.1 250352 11.8 348 432 560 359] 354 00
Pscudo-label [28] [ICML2013| 53.8 489 254 230 587 27.3 19.6 20.6 23.4 313 118 284 396 523 339| 332 422
TENT-continual [49]| ICLR2021 | 53.0 47.0 246 223 585 265 19.021.0 230 30.1 118 252 390 47.1 333| 321 433

CoTTA[S0]  [CVPR2022| 550 51.3 258 24.1 592 289 214210247349 117 317 404 557 356| 348 +06

VDP[12]  |AAAI2023| 548 512 256 242 591 288 212205233338 75 117 320 517 352| 320 +34

VIDA[31]  |ICLR2024| 50.1 407 220 212 452 216 165179 166 256 115 290 296 347 27.1| 273 +8.1

Ours Proposed | 48.6 30.7 185 213 384 222 175193 180248 131 278 314 355 295| 264 +9.0

Table 2. Classification error rate(%) for CIFAR100-t0-CIAFAR100C online CTTA task.
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Task:segmentation CTTA task Backbone Model:Segformer-B5

Time t >
Round 1 2 3 ;
- - . . . . MeanT | Gain
Method REF Fog Night Rain Snow Mean? | Fog Night Rain Snow Meant| Fog Night Rain Snow Meant
Source [53] | ICLR2021 |69.1 403 59.7 57.8 36.7 |69.1 40.3 59.7 578 56.7 |69.1 403 59.7 57.8 56.7 | 56.7 | /
TENT [48] | ICLR2021 |69.0 40.2 60.1 57.3 56.7 |68.3 39.0 60.1 563 559 |675 378 596 55.0 550 | 557 |-1.0
CoTTA [50]|CVPR2022|709 41.2 624 597 58.6 [70.9 41.1 62.6 59.7 58.6 (709 410 627 59.7 58.6 | 58.6 |[+1.9
SVDP [58] |AAAI2024(72.1 440 65.2 630 o61.1 [72.2 445 659 63.5 615 |72.1 442 656 63.6 614 | 613 |(+4.6
Ours Proposed |71.9 44.6 67.4 63.2 61.8 (71.7 449 66.5 63.1 61.6 (723 454 67.1 63.1 62.0 | 61.8 |+5.1

Table 4. Performance comparison for Cityscape-to-ACDC CTTA.

We sequentially repeat the same sequence of target domains three
times. Mean(%) 1s the average score of mloU. Gain(%) represents the improvement of mloU compared with the source method.
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Ablation Study

Random DaM  HOG Mean.] Gain
Ex0 - - - 28.2 /
Ex1 v - - I | +11.1
Ex2 - v - 14.4 +13.8
Ex3 v - v 15.8 +12.4
Ex4 - v v 12.6 +15.6

Table 5. Average error rate(%) for CIFAR 10-to-CIFAR10C online
CTTA task. Random, DaM, and HOG represent the random mask-
ing strategy, our proposed Distribution-aware Masking mechanism,
and our introduced HOG reconstruction, respectively.
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