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Abstract

Continual Test-Time Adaptation (CTTA) task investigates effective domain adapta-
tion under the scenario of continuous domain shifts during testing time. Due to the
utilization of solely unlabeled samples, there exists significant uncertainty in model
updates, leading CTTA to encounter severe error accumulation issues. In this paper,
we introduce VCoTTA, a variational Bayesian approach to measure uncertainties
in CTTA. At the source stage, we transform a pretrained deterministic model into
a Bayesian Neural Network (BNN) via a variational warm-up strategy, injecting
uncertainties into the model. During the testing time, we employ a mean-teacher
update strategy using variational inference for the student model and exponential
moving average for the teacher model. Our novel approach updates the student
model by combining priors from both the source and teacher models. The evidence
lower bound is formulated as the cross-entropy between the student and teacher
models, along with the Kullback-Leibler (KL) divergence of the prior mixture.
Experimental results on three datasets demonstrate the method’s effectiveness in
mitigating error accumulation within the CTTA framework. Our code is anony-
mously available at https://anonymous.4open.science/r/vcotta-D2C3/.

1 Introduction

Continual Test-Time Adaptation (CTTA) [S1] aims to enable a model to accommodate a sequence
of distinct distribution shifts during the testing time, making it applicable to various risk-sensitive
applications in open environments, such as autonomous driving and medical imaging. However, real-
world non-stationary test data exhibit high uncertainty in their temporal dynamics [23]], presenting
challenges related to error accumulation [51]]. Previous CTTA studies rely on methods that enforce
prediction confidence, such as entropy minimization. However, these approaches often lead to
predictions that are overly confident and less well-calibrated, thus limiting the model’s ability to
quantify risks during predictions. The reliable estimation of uncertainty becomes particularly crucial
in the context of continual distribution shift [40]. It is meaningful to design a model capable of
encoding the uncertainty associated with temporal dynamics and effectively handling distribution
shifts. The objective of this paper is to devise a CTTA procedure that not only enhances predictive
accuracy under distribution shifts but also provides reliable uncertainty estimates.

To address the above problem, we refer to the Bayesian Inference (BI) [1]], which retains a distribution
over model parameters that indicates the plausibility of different settings given the observed data, and
it has been witnessed as effective in traditional continual learning tasks [38]. In Bayesian continual
learning, the posterior in the last learning task is set to be the current prior which will be multiplied
by the current likelihood. This kind of prior transmission is designed to reduce catastrophic forgetting
in continual learning. However, this is not feasible in CTTA because unlabeled data may introduce
unreliable prior. As shown in Fig. I} an unreliable prior may lead to a poor posterior, which may then
propagate errors to the next inference, leading to the accumulation of errors.
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Figure 1: In CTTA task, a BNN model is first trained on a source dataset, and then is used to adapt
to updated with unreliable priors, which may result in error accumulations.

Thus, we delve into the utilization of BI framework to evaluate model uncertainty in CTTA, aiming
to mitigate the impact of unreliable priors and reduce the error propagation. To approximate the
intractable likelihood in BI, we adopt to use online Variational Inference (VI) [49,142], and accordingly
name our method Variational Continual Test-Time Adaptation (VCoTTA). At the source stage,
we first transform a pretrained deterministic model, say CNN, into a Bayesian Neural Network
(BNN) by a variational warm-up strategy, where the local reparameterization trick [27] is used to
inject uncertainties into the source model. During the testing phase, we employ a mean-teacher
update strategy, where the student model is updated via VI and the teacher model is updated by
the exponential moving average. Specifically, for the update of the student model, we propose to
use a mixture of priors from both the source and teacher models, then the Evidence Lower BOund
(ELBO) becomes the cross-entropy between the student and teachers plus the KL divergence of the
prior mixture. We demonstrate the effectiveness of the proposed method on three datasets, and the
results show that the proposed method can mitigate the error accumulation in CTTA and obtain clear
performance improvements.

Our contributions are three-fold:

(1) This paper develops VCoTTA, a simple yet general framework for continual test-time adaptation
that leverages online VI within BNN.

(2) We propose to transform an off-the-shelf model into a BNN via a variational warm-up strategy,
which injects uncertainties into the model.

(3) We build a mean-teacher structure for CTTA, and propose a strategy to blend the teacher’s prior
with the source’s prior to mitigate unreliable prior problem.

2 Related Work

2.1 Continual Test-Time Adaptation

Test-Time Adaptation (TTA) enables the model to dynamically adjust to the characteristics of the
test data, i.e. target domain, in a source-free and online manner [25} 46, 50]]. Previous works have
enhanced TTA performance through the designs of unsupervised loss [37, 58} 32} 9,7, [17]. These
endeavours primarily focus on enhancing adaptation within a fixed target domain, representing a
single-domain TTA setup, where models adapt to a specific target domain and then reset to their
original pretrained state with the source domain, prepared for the next target domain adaptation.

Recently, CTTA [51] has been introduced to tackle TTA within a continuously changing target
domain, involving long-term adaptation. This configuration often grapples with the challenge of error
accumulation [47, 51]]. Specifically, prolonged exposure to unsupervised loss from unlabeled test
data during long-term adaptation may result in significant error accumulation. Additionally, as the
model is intent on learning new knowledge, it is prone to forgetting source knowledge, which poses
challenges when accurately classifying test samples similar to the source distribution.

To solve the two challenges, the majority of the existing methods focus on improving the confidence of
the source model during the testing phase. These methods employ the mean-teacher architecture [47]]
to mitigate error accumulation, where the student learns to align with the teacher and the teacher
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updates via moving average with the student. As to the challenge of forgetting source knowledge,
some methods adopt augmentation-averaged predictions [S1) 2| |11} I55] for the teacher model,
strengthening the teacher’s confidence to reduce the influence from highly out-of-distribution samples.
Some methods, such as [11} 6]], propose to adopt the contrastive loss to maintain the already learnt
semantic information. Some methods believe that the source model is more reliable, thus they are
designed to restore the source parameters [51, 2]]. Though the above methods keep the model from
confusion of vague pseudo labels, they may suffer from overly confident predictions that are less
calibrated. To mitigate this issue, it is helpful to estimate the uncertainty in the neural network.

2.2 Bayesian Neural Network

Bayesian framework is natural to incorporate past knowledge and sequentially update the belief with
new data [59]. The bulk of work on Bayesian deep learning has focused on scalable approximate
inference methods. These methods include stochastic VI [22| [34], dropout [[16} 27] and Laplace
approximation [41}[15] etc., and leveraging the stochastic gradient descent (SGD) trajectory, either
for a deterministic approximation or sampling. In a BNN, we specify a prior p(0) over the neural
network parameters, and compute the posterior distribution over parameters conditioned on training
data, p(0|D) x p(0)p(D|O). This procedure should give considerable advantages for reasoning
about predictive uncertainty, which is especially relevant in the small-data setting.

Crucially, when performing Bayesian inference, we need to choose a prior distribution that accurately
reflects the prior beliefs about the model parameters before seeing any data [18,[14]. In conventional
static machine learning, the most common choice for the prior distribution over the BNN weights
is the simplest one: the isotropic Gaussian distribution. However, this choice has been proved
indeed suboptimal for BNNs [14]]. Recently, some studies estimate uncertainty in continual learning
within a BNN framework, such as [38} [12} [13, 28|]. They set the current prior to the previous
posterior to mitigate catastrophic forgetting. However, the prior transmission is not reliable in the
unsupervised CTTA task. Any prior mistakes will be enlarged by adaptation progress, manifesting
error accumulation. To solve the unreliable prior problem, this paper proposes a prior mixture method
based on VL

3 Variational Inference in CTTA

We start from the supervised Bl in typical continual learning, where the model aims to learn multiple
classification tasks in sequence. Let D = {(x,,y,)}_; be the training set, where z,, and y,,
denotes the training sample and the corresponding class label. The task ¢ is to learn a direct posterior
approximation over the model parameter 6 as follows.

p(0|D14) o pi(0)p(Dyl6), M

where p(6|D;.;) denotes the posterior of sequential tasks on the learned parameter and p(D;|0) is
the likelihood of the current task. The current prior p,(8) is regarded as the given knowledge. [38]]
proposes that this current prior can be the posterior learned in the last task, i.e., p:(0) = p(0|D1.4—1),
where the inference becomes

p(0|D1.¢) o< p(0|D1:i—1)p(D:6). 2
The detailed process can be shown in Appendix [A]

In contrast to continual learning, CTTA faces a sequence of learning tasks in test time without any
label information, requiring the model to adapt to each novel domain sequentially. In this case,
we assume that each domain is i.i.d. and the classes are separable following many unsupervised
studies [36, 148, 5], more details about the assumption can be seen in Appendix We use
U = {z,})_; to represent the unlabeled test dataset. The CTTA model is first trained on a source
dataset Dy, and then adapted to unlabeled test domains starting from ;. For the ¢-th adaptation, we
have

p(0[Ur.t U Do) ox py(0)p(U|6). (3)

Similarly, we can set the last posterior to be the current prior, i.e., p;(0) = p(8|U1..—1 U Do) and
p1(0) = p(0|Dy). However, employing BI for adaptation on unlabeled testing data can result
in untrustworthy posterior estimates. Therefore, during subsequent adaptation, the untrustworthy
posterior automatically transform into unreliable priors, leading to error accumulation. In other words,
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Figure 2: VCoTTA is built on mean-teacher structure, and conducts VI in CTTA using a mixture of
teacher prior and source prior. The next teacher prior is updated by the exponential moving average.

an unreliable prior p;(0) will make the current posterior even less trustworthy. Moreover, the joint
likelihood p(U4;|0) for ¢t > 0 is intractable on unlabeled data.

To make the BI feasible in CTTA task, in this paper, we transform the question to an easy-to-compute
form. Referring to [20], the unsupervised inference can be transformed into

p(OlU) x p(9) exp (—AH (U|0)), ©)

where H denotes the conditional entropy and A is a scalar hyperparameter to weigh the entropy term.
This simple form reveals that the prior belief about the conditional entropy of labels is given by the
inputs. The observation of the input ¢/ provides information on the drift of the input distribution, which
can be used to update the belief over the learned parameters 6 through Eq. (). Consequently, this
allows the utilization of unlabeled data for BI. More detailed derivations can be seen in Appendix[B.2]

In a BNN, the posterior distribution is often intractable and some approximation methods are required,
even when calculating the initial posterior. In this paper, we leverage online VI, as it typically
outperforms the other methods for complex models in the static setting [4]. VI defines a variational
distribution ¢(8) to approxmiate the posterior p(8|U). The approximation process is as follows.
. 1 _
¢(0) = argmin KL |¢(0) || —p.(0)e M U:10) | (5)
q€Q Zt
where Q is the distribution searching space and Z; is the intractable normalizing hyperparameter.
Thus, referring to the derivations in Appendix |C] the ELBO is computed by

ELBO = —AEq~(0)H (U:|0) — KL (q(8)]|p:(6)) - (©)

Optimizing with Eq. (6) makes model adapt to domain shift. While VI offers a good framework
for measuring uncertainty in CTTA, it is noteworthy that VI does not directly address the issue of
unreliable priors. The error accumulation remains a significant concern.

Despite this, the form of the ELBO in variational inference offers a pathway for mitigating the impact
of unreliable priors. In Eq. (6)), the entropy term may result in overly confident predictions that are
less calibrated, while the KL ferm may be directly affected by an unreliable prior. In the following
section, we will discuss how to solve the problems when computing the two terms.

4 Adaptation and Inference in VCoTTA

4.1 Entropy term: VI by Mean-Teacher Architecture

In the above section, we introduce the VI in CTTA but challenges remain, i.e., the unreliable prior.
To mitigate the challenge in the entropy term, we adopt a Mean-Teacher (MT) structure [47] in the
Bayesian inference process. MT is initially proposed in semi-supervised and unsupervised learning,
where the teacher model guides the unlabeled data, helping the model generalize and improve
performance with the utilization of large-scale unlabeled data.

MT structure is composed of a student model and a teacher model, where the student model learns
from the teacher and the teacher updates using Exponential Moving Average (EMA) [24]]. In VI, the
student is set to be the variational distribution ¢(@), which is a Gaussian mean-field approximation
for its simplicity. It is achieved by stacking the biases and weights of the network as follows.

4(8) = [T,V (84; na, diag(e7)) , )

4
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where d denotes each dimension of the parameter. The teacher model p(0) (we use bar to distinguish
the general prior) is also a Gaussian distribution. Thus, the student model is updated by aligning it
with the teacher model through the use of a cross-entropy (CE) loss

Lce(q,p) = —Eoq(o)Ez~us [P(2]0) log q(210)] . 3
In our implementation, we also try to use Symmetric Cross-Entropy (SCE) [53] in CTTA,
Lsce(q,9) = —Eong(0)Earut [P(210) log q(2]6) + q(]0) log p(x0)]. ©)

SCE balances the gradient for high and low confidence, benefiting the unsupervised learning.

4.2 KL term: Mixture-of-Gaussian Prior

For the KL term, to reduce the impact of unreliable prior, we propose a mixing-up approach to
combining the teacher and source prior adaptatively. The source prior is warmed up upon the
pretrained deterministic model p1(8) = p(0|Dy) (see Sec. [d.3.1). The teacher model p; () is
updated by EMA (see Sec.[4.3.3). We assume that the prior should be the mixture of the two Gaussian
priors. Using only the source prior, the adaptation is limited. While using only the teacher prior, the
prior is prone to be unreliable.

We use the mean entropy derived from a given serious data augmentation to represent the confidence
of the two prior models, and mix up the two priors with a modulating factor

_ i Z eH(m|00)/‘r
@7 I Liez H100)/7 4 H@IO)/7

(10)

where 7 denotes augmentation types. 8 and 0 are the parameters of the source model and the teacher
model. 7 means the temperature factor. Thus, as shown in Fig. [3(b)} the current prior p;(8) is set to
the mixture of priors as

pi(0) = a-p1(0) + (1 —a) - p(0). (11)
In the VI, we use the upper bound to update the KL term [31]] (see Appendix [D.T) for simplicity,
KL (q|lpe) < o - KL (ql[po) + (1 — &) - KL (q[p¢) - (12)

Furthermore, we also improve the teacher-student alignment in the entropy term (see Eq. (9)) by
picking up the augmented logits with a larger confidence than the raw data. That is, we replace the
teacher log-likelihood log p(x|@) by

2iez 1(f(B(z7)) > f(p(x)) + €) - log p(x7)
Yier 1Uf(p())) > f(p(x)) +€)

where, for brevity, we let p(z;) = p(z;]0) and p(x) = p(x)|@) in short. f(-) is the confidence
function. € denotes the confidence margin and 1(-) is an indicator function. Eq. (I3) can be regarded
as a filter, meaning that for each sample, the reliable teacher is represented by the average of its
augmentations with e more confidence. In Appendix [D.2] we prove that the proposed mixture-of-
Gaussian is benifical to CTTA. In Appendix [E.I] we discuss the influence of different e.

(13)

log p'(2|0) =

4.3 Adaptation and Inference
4.3.1 Variational Warm-up

To obtain a source BNN, instead of training a model from scratch on the source data Dy, we transform
a pretrained deterministic CNN to a BNN by variational warm-up strategy. Specifically, we leverage
the local reparameterization trick [[27] to add stochastic parameters, and warm up the model:

. 1
q0(0) = argr;lelégKL q(0) || ZP(G)p(DOW) , (14)

where p(0) represents the prior distribution, say the pretrained deterministic model. Eq. (I4) denotes
a standard VI on the source data, and we optimize the ELBO to obtain the variational distribution [49].
By the variational warm-up, we can easily transform an off-the-shelf pretrained model into a BNN
with a stochastic dynamic. The variational warm-up strategy is outlined in Algorithm
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The warm-up strategy is a common
approach in TTA and CTTA tasks to .
further build knowledge structure for ~ 1: Input: Source data Dy, pretrained model po (6)

the source model, such as [26,45,[[1, 2: Initialize prior distribution p(0) with po(0)

8]. Some other methods may not use ~ 3: Update p(8|Do) ~ .QO(O) by p(0) and Dy using Egq.
warm-up but still use the source data, 4: Output: Source prior p;(6) = p(8|Do)

such as [39]. The warm-up strategy
uses the source data only before deploying the model to CTTA scenario, and it is regarded as a part
of pretraining. All of these methods using source data are operationalized in source-free at test time
and find it is beneficial to CTTA. We use the warm-up to inject the uncertainties into a given source
model, i.e., turning an off-the-shelf pretrained CNN model into a pretrained BNN model. This is
convenient to obtain a pretrained BNN, because the warm-up strategy uses only a few epochs. We
offer more discussions and experiments on the proposed variational warm-up strategy in Appendix [F]

Algorithm 1 Variational warm-up

4.3.2 Student update via VI
The student model ¢ () is adapted by approximating using Eq. (3, and is optimized on:

L(q:) = Lsce(qt, B;) + o - KL (q¢]|q0) + (1 — a) - KL (q¢||Gt) » (15)

where P, is the current augmented teacher model in Eq. (T3)), and p;1(0) =~ qo(0), p:(0) =~ G:(6).
The KL term between two Gaussians can be computed in a closed form.

4.3.3 Teacher update via EMA

The teacher model is updated using EMA. Let (i, o) and (f1, &) be the mean and standard deviation
of the student and teacher model, respectively. At test time, the teacher model §;(8) is updated by

e B+ (1—Pp, &+« pa+(1-po. (16)

Although the std is not used in the cross entropy to compute the likelihood, the teacher prior
distribution is important to adjust the student distribution via the KL term.

4.3.4 Model inference

At any time, CTTA model needs to predict and adapt to the unlabeled test data. In our VCoTTA, we
also use the mixed prior to serve as the inference model. That is, for a test data point x, the model
inference is represented by

pe() = / p(2]0)pe(6)d6 — / ap(z]0)p1 (8) + (1 — a)p(x]0)5,(0)d6, (17

For the data prediction, the model only uses the expectation to reduce the stochastic, but leverages
stochastic dynamics in domain adaptation.

4.3.5 The algorithm

We illustrate the whole algorithm in Al- - —
gorithm 2] We first transform an off-the- Algorithm 2 Variational CTTA
shelf pretrained model into BNN via the ~ 1: Input: Source data Dy, pretrained model py(8), Un-
variational warm-up strategy (Sec. .3.1). labeled test data from different domain U;.7
After that, we obtain a BNN, and foreach ~ 2: p:1(@) = Variational warm-up(Dy, po(0)). // Alg.
domain shift, we forward and adapt each ~ 3: for Domain shift ¢ = 1 to 7" do
test data point in an MT architecture. For for Test data x ~ U, do
a data point x, we first predict the classla- 5 Model predict for = (Eq. (T7))
bel using the mixture of the source model  6: Update student model using « (Eq. (T3))
and the teacher model (Sec.[d.3.4). Then, 7 Update teacher model via EMA (Eq. (16))
8
9:

Nk

we update the student model using VI, end for
where we use cross entropy to compute end for
the entropy term and use the mixture of
priors for the KL term (Sec.[4.3.2). Finally, we update the BNN teacher model via EMA (Sec. [4.3.3).
See more details in Appendix |G} The process is feasible for any test data without labels.
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Table 1: Classification error rate (%) for the standard CIFAR10-to-CIFAR10C CTTA task. All results
are evaluated with the largest corruption severity level 5 in an online fashion. C1 to C15 are 15
corruptions for the datasets (see Sec. [5.1). CIFAR100C and ImagenetC use the same setup.

Method Cl Cc2 C3 Cc4 G5 C6 C7 C8 c9 C10 CI1 Cl12 CI3 Cl4 CI5 Avg
Source 723 657 729 469 543 348 420 251 413 260 93 467 266 585 303 435
BN 28.1 26.1 363 128 353 142 121 173 174 153 84 126 238 197 273 204
Tent [50] 248 206 285 151 31.7 170 156 183 183 181 11.0 168 239 186 239 20.1
CoTTA [51] 245 215 259 120 277 122 107 150 141 127 7.6 11.0 185 136 17.7 163
RoTTA [56] 303 254 346 183 340 147 11.0 164 146 140 80 124 203 168 194 193
PETAL [2] 237 214 263 118 288 124 104 148 139 126 74 106 183 131 17.1 162
SATA [6] 239 20.1 280 11.6 274 126 102 141 132 122 74 103 19.1 133 185 16.1
DSS [52] 241 213 254 117 269 122 105 145 141 125 7.8 108 18.0 13.1 173 16.0
SWA [55] 239 205 245 112 263 11.8 101 140 127 115 76 95 176 120 158 153

VCoTTA (Ours) 18.1 149 22,0 9.7 226 110 95 114 106 105 65 94 156 11.0 145 131

Table 2: Classification error rate (%) for the standard CIFAR100-to-CIFAR100C CTTA task.

Method Cl c2 3 C4 G5 c6e C7 c8 C9 C10 CIl1 CI2 C13 Cl4 ClI5 Avg
Source 73.0 680 394 293 541 308 288 395 458 503 295 551 372 747 412 464
BN 42,1 40.7 427 276 419 297 279 349 35 415 265 303 357 329 412 354
Tent [50] 372 358 41.7 379 512 483 485 584 637 71.1 704 823 88.0 885 904 60.9
CoTTA [51] 40.1 377 397 269 380 279 264 328 31.8 403 247 269 325 283 335 325
ROTTA [56] 49.1 449 455 302 427 295 261 322 307 375 247 269 325 283 335 325
PETAL [2] 383 364 386 259 368 273 254 320 30.8 387 244 264 315 269 325 315
SATA [6] 36.5 33.1 351 259 349 277 254 295 299 331 236 207 319 275 352 303
DSS [52] 39.7 360 372 263 356 275 251 314 300 378 242 260 300 263 31.1 309
SWA [55] 394 364 374 250 360 266 250 29.1 284 350 235 251 285 258 29.6 30.0

VCOTTA (Ours) 353 32.8 389 238 346 255 232 275 267 304 221 230 281 242 304 284

S Experiment

5.1 Experimental Setting

Dataset. In our experiments, we employ the CIFAR10C, CIFAR100C, and ImageNetC datasets as
benchmarks to assess the robustness of classification models. Each dataset comprises 15 distinct
types of corruption, each applied at five different levels of severity (from 1 to 5). These corruptions
are systematically applied to test images from the original CIFAR10 and CIFAR100 datasets, as well
as validation images from the original ImageNet dataset. For simplicity in tables, we use C1 to C15
to represent the 15 types of corruption, i.e., C1: Gaussian, C2: Shot, C3: Impulse C4: Defocus, C5:
Glass, C6: Motion, C7: Zoom, C8: Snow, C9: Frost, C10: Fog, C11: Brightness, C12: Contrast, C13:
Elastic, C14: Pixelate, C15: Jpeg.

Pretrained Model. Following previous studies [50} 511, we adopt pretrained WideResNet-28 [57]]
model for CIFAR10to-CIFAR10C, pretrained ResNeXt-29 [54] for CIFAR100-to-CIFAR100C, and
standard pretrained ResNet-50 [21] for ImageNet-to-ImagenetC. Note in our VCoTTA [51], we
further warm up the pretrained model to obtain the stochastic dynamics for each dataset. Similar to
CoTTA, we update all the trainable parameters in all experiments. The augmentation number is set to
32 for all compared methods that use the augmentation strategy.

5.2 Methods to be Compared

We compare our VCoTTA with multiple state-of-the-art (SOTA) methods. SOURCE denotes the
baseline pretrained model without any adaptation. BN [30, 43| keeps the network parameters frozen,
but only updates Batch Normalization. TENT [50] updates via Shannon entropy for unlabeled
test data. CoTTA [51] builds the MT structure and uses randomly restoring parameters to the
source model. SATA [6] modifies the batch-norm affine parameters using source anchoring-based
self-distillation to ensure the model incorporates knowledge of newly encountered domains while
avoiding catastrophic forgetting. SWA [55] refines the pseudo-label learning process from the
perspective of the instantaneous and long-term impact of noisy pseudo-labels. PETAL [2] tries to
estimate the uncertainty in CTTA, which is similar to BNN, but it ignores the unreliable prior problem.
All compared methods adopt the same backbone, pretrained model and hyperparameters.



263

264
265
266
267
268
269
270
271
272
273
274
275
276
277

278

279
280
281
282
283
284
285
286
287

288

289

291
292
293
294
295

297
298

Table 3: Classification error rate (%) for the standard ImageNet-to-ImageNetC CTTA task.

Method Cl1 c2 C3 Cc4 G5 c6 C7 cg8 C9 Ci10 Cl11 Cl12 C13 Cl4 Cl15 Avg
Source 953 950 953 86.1 919 874 779 851 799 79.0 454 962 866 775 66.1 83.0
BN 87.7 874 878 880 877 783 639 674 703 547 364 887 580 56.6 670 720
Tent [50] 856 799 783 820 795 714 595 658 664 552 404 804 556 535 593 675
CoTTA [51] 874 860 845 859 839 743 626 632 63.6 519 384 727 504 454 502 66.7
RoTTA [56] 88.3 828 821 913 837 729 594 662 643 533 356 745 543 482 526 673
PETAL [2] 874 858 844 850 839 744 631 635 640 524 400 740 51.7 452 510 671
DSS [52] 84.6 804 787 839 798 749 629 628 629 497 374 710 495 429 482 646

VCoTTA (Ours) 81.8 789 80.0 834 814 708 603 611 617 464 357 71.7 50.1 471 529 64.2

5.3 Comparison Results

We show the major comparisons with the SOTA methods in Tables|I] 2]and 3] We have the following
observations. First, no adaptation at the test time (SOURCE) suffers from serious domain shift, which
shows the necessity of the CTTA. Second, traditional TTA methods that ignore the continual shift
in test time perform poorly such as TENT and BN. We also find that simple Shannon entropy is
effective in the first several domain shifts, especially in complex 1,000-classes ImageNetC, but shows
significant performance drops in the following shifts. Third, the mean-teacher structure is very useful
in CTTA, such as COTTA and PETAL, which means that the pseudo-label is useful in domain shift.
In the previous method, the error accumulation leads to the unreliable pseudo labels, then the model
may get more negative transfers in CTTA along the timeline. The proposed VCOTTA outperforms
other methods on all the three datasets, such as 13.1% vs. 15.3% (SWA) on CIFAR10C, 28.4%
vs. 30.0% (SWA) on CIFAR100C and 64.2% vs. 66.7% (COTTA) on ImageNetC. We hold the
opinion that the prior will inevitably drift in CTTA, but VCOTTA slows down the process via the
prior mixture. We also find that the superiority is more obvious in the early adaptation, which may be
influenced by the different corruption orders. We analyze the order problem in Appendix [H]

5.4 Ablation Study

We evaluate the two components in Table[d] i.e., the Variational Warm-Up (VWU) and the Symmetric
Cross-Entropy (SCE) via ablation. The ablation results show that the two components are both
important for VCOTTA. First, the VWU is used to inject stochastic dynamics into an off-the-shelf
pretrained model. Without the VWU, the performance of VCOTTA drops to 18.4% from 13.9% on
CIFAR10C, 31.5% from 28.8% on CIFAR100C and 68.1% from 64.2% on ImageNetC. Also, the
SCE can further improve the performance on CIFAR10C and CIFAR100C, because SCE balances
the gradient for high and low confidence predictions. We also find that SCE is ineffective for complex
ImageNetC, and the reason may be the class sensitivity imbalance, causing the model to lean more
towards one direction during optimization.

Table 4: Ablation study on under severity 5.  Table 5: Different weights for mixture of priors.
No. VWU SCE CIFARIOC CIFARI00C ImageNetC No. ao 1—a CIFARIOC CIFAR100C ImageNetC

1 18.4 315 68.1 11 0 174 35.0 69.9
2 v 171 312 68.3 2 0 1 16.3 337 712
3 13.9 28.8 64.2 305 05 147 313 67.0
4 v v 131 28.4 64.7 4 Eq (M) 131 28.4 64.7

5.5 Mixture of Priors

In Sec.[d.2] we introduce a Gaussian mixture strategy, where the current prior is approximated as the
weighted sum of the source prior and the teacher prior. The weights are determined by computing the
entropy over multiple augmentations of two models. To assess the effectiveness of these weights, we
compare them with three naive weighting configurations: using only the source model, using only the
teacher model, and a simple average with equal weights for both models. The results, as presented in
Table reveal that relying solely on the source model or the teacher model (i.e., weighting with (1, 0)
and (0, 1)) results in suboptimal performance. Additionally, naive weighting with equal contributions
from both models (i.e., (0.5,0.5)) proves ineffective for CTTA due to the inherent uncertainty in both
models. In contrast, the proposed adaptive weights for the Gaussian mixture in CTTA demonstrate its
effectiveness. This underscores the significance of striking a balance between the two prior models in
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an unsupervised environment. The trade-off implies the need to discern when the source model’s
knowledge is more applicable and when the teacher model’s shifting knowledge takes precedence.

5.6 Uncertainty Estimation

To evaluate the uncertainty estimation, we use negative loglikelihood (NLL) and Brier Score (BS) [3].
Both NLL and BS are proper scoring rules [19], and they are minimized if and only if the predicted
distribution becomes identical to the actual distribution:

NLL = _E(m,y)eD‘es‘ 10g(p(y|il?, 0)), BS = E(Iﬁy)epnest (p(y|{l?7 0) — Onehot(y))2 s

where D! denotes the test set, i.e., the unsupervised test dataset U with labels. We evaluate NLL and
BS with a severity level of 5 for all corruption types, and the compared results with SOTAs are shown
in Table[6] We have the following observations. First, most methods suffer from low confidence in
terms of NLL and BS because of the drift priors, where the model is unreliable gradually, and the error
accumulation makes the model perform poorly. Our approach outperforms most other approaches in
terms of NLL and BS, demonstrating the superiority in improving uncertainty estimation. We also
find that PETAL [2] shows good NLL and BS, because PETAL forces the prediction over-confident
to unreliable priors, thus PETAL shows unsatisfactory results on adaptation accuracy, such as 31.5%
vs. 28.4% (Ours) on CIFAR100C.

Table 6: Uncertainty estimation via NLL and BS.  Table 7: Gradually changing on severity 5.
CIFAR10C  CIFAR100C ImageNetC Method CIFAR10C CIFAR100C ImageNetC

Method \7; """ 'Bs NLL BS NLL BS

S 30566 07478 2.4933 06707 5.0703 00460  ouree 23.9 329 81.7
ource . . . . . .

BN 0.9988 03354 1.3932 0.4740 3.9971 0.8345 ?gNT ;3? %g; 2‘3‘;
Tent 1.9391 0.3713 7.1097 1.0838 3.6902 0.8281 : o :
CoTTA 07192 0.2761 1.2907 0.4433 3.6235 0.7972 COTTA 10.6 263 42.1
PETAL 0.5899 0.2458 1.2267 0.4327 3.6391 0.8017 PETAL 10.5 27.1 60.5
VCOTTA 0.5421 0.2130 1.2287 0.4307 3.4469 0.8092 VCoTTA 8.9 24.4 39.9

5.7 Gradually Corruption

We also show gradual corruption results instead of constant severity in the major comparison, and the
results are reported in Table[7] Specifically, each corruption adopts the gradual changing sequence:
1+2—=-3—-4—-5—4—3—2— 1, where the severity level is the lowest 1 when corruption
type changes, therefore, the type change is gradual. The distribution shift within each type is also
gradual. Under this situation, our VCoTTA also outperforms other methods, such as 8.9% vs. 10.5%
(PETAL) on CIFAR10C, and 24.4% vs. 26.3% (COTTA) on CIFAR100C. The results show that the
proposed VCOTTA based on BNN is also effective when the distribution change is uncertain.

6 Conclusion and Limitation

Conclusion: In this paper, we proposed a variational Bayesian inference approach, termed VCoTTA,
to estimate uncertainties in CTTA. At the pretrained stage, we first transformed an off-the-shelf
pretrained deterministic CNN into a BNN using a variational warm-up strategy, thereby injecting
uncertainty into the source model. At the test time, we implemented a mean-teacher update strategy,
where the student model is updated via variational inference, while the teacher model is refined by the
exponential moving average. Specifically, to update the student model, we proposed a novel approach
that utilizes a mixture of priors from both the source and teacher models. Consequently, the ELBO
can be formulated as the cross-entropy between the student and teacher models, combined with the
KL divergence of the prior mixture. We demonstrated the effectiveness of the proposed method on
three datasets, and the results show that the proposed method can mitigate the issue of unreliable
prior within the CTTA framework.

Limitation: The efficacy of the proposed method relies on injecting uncertainty into the model during
the pre-training phase, which may be unavailable in scenarios where pretraining is already completed,
and original data is inaccessible. Additionally, constructing and training BNN models are inherently
more complex compared to CNNss, highlighting the importance of enhancing computational efficiency.
The Gaussian mixture method relies on multiple data augmentations, which also incurs computational
costs. Future endeavors could explore more efficient approaches for Gaussian mixture.
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Variational Continual Test-Time Adaptation
(Appendix)

A Bayesian Inference (BI) in Traditional CL and CTTA

As described in Sec. 3] we first illustrate the BI has been studied in traditional Continual Learning
(CL) methods. In this section, we compare the BI in CL and CTTA in detail and show the differences
with some related works. The comparison can be seen in Fig.|3| For the CL, BI is conducted by the
posterior propagation, that is, the prior of next task is equal to the current posterior. This is feasible in
supervised CL, where the data label is provided. For the CTTA, the posterior is not trustworthy using
only pseudo labels to adapt to a new domain. Thus, propagate the untrustworthy posterior to the next
stage would make unreliable prior, which will result in error accumulation. In the proposed VCoTTA,
we propose to solve the problem via enhancing the two terms in VI (see Sec. ).

—
Labeled
Data D;

Prior Posterior }~E ual Next Prior
p:(0) p(0|D1.) g Pe41(0)

(a) Bl in continual learning
Teacher Prior Unlabeled

() Data U;
Source Prior

Y
po(6)

Next
Teacher Prior

D¢+1(0)

EMA

Posterior
(01U UDy)

(b) Blin CTTA

Figure 3: Bayesian inference comparison between continual learning and CTTA. We find the
traditional prior transmission is infeasible in CTTA because of the unreliable prior from unlabeled
data. In our method, we place CTTA in a mean-teacher structure, and design BI in CTTA using a
mixture of teacher prior and source prior. The next teacher prior is updated by the exponential moving
average.

VCL [38] is a classic CL study that uses VI, our work is also inspired by VCL but has the following
difference. (1) The tasks are different: VCL studies supervised CL task, while our VCoTTA studies
unsupervised CTTA task. (2) The challenges are differnt: CL only suffers from catastrophic forgetting
(CF), while CTTA sufffers from both CF and error accumulation. (3) Ways of BI are different. To
conduct BI, one needs to compute prior and likelihood. For the prior, the current prior of VCL is set
to be the previous posterior, while in CTTA such a prior may be unreliable. For the likelihood, VCL
can directly compute likelihood, CTTA is under unsupervised setting, thus in our work, we deduce
the BI in CTTA using conditional entropy. (4) The update strategies are different: To reduce error
accumulation in unsupervised scenario, we employ a mean-teacher update strategy using VI for the
student model and exponential moving average for the teacher model, and compute a prior mixture
to guide the student update. Moreover, VCL maintains an extra coreset from the training set, while
VCoTTA never store any data during the test time.
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We also find another recent work named PETAL [2] that estimates uncertainties in CTTA. The
BI formulation is similar between PETAL and ours, which is derived from [20]], but PETAL use
different method to conduct the inference: (1) PETAL only uses CNN and does not estimate the model
uncertainties, while VCoTTA uses BNN to model the uncertainties during test time. (2) PETAL
ignores the unreliable prior in CTTA, and follow the VCL setting that use the previous posterior
as the current prior. (3) We conduct BI using variational inference while PETAL use SWAG [35]].
SWAG has advantages in terms of computational efficiency and stability during training, especially in
scenarios where computational resources are limited. However, SWAG might not handle unreliable
priors as effectively as VI since it doesn’t explicitly model the posterior distribution. (4) We have
compared with PETAL in our experiment (see Tables[T} 2] 3], and our method outperforms PETAL
on all datasets.

B CTTA Approximation by BI

B.1 Assumption on Class Separability

In our method, we use the conditional entropy to alternate the intractable computing of likelihood.
Note that the use of entropy in unsupervised scenario needs to satisfy the class-separable assumption.
In fact, unlabeled data do not convey category information but still carry information. Miller and
Uyar [36] theoretically proved that utilizing unlabeled samples to train classifiers can improve
classification performance if there is a connection between the target and sample distributions.
It is a common practice in unsupervised/semi-supervised learning to establish the relationship
between unlabeled data and the target by making some reasonable assumptions to obtain category-
relevant information from unlabeled data. Common assumptions include the Smoothness assumption,
Cluster assumption, Manifold assumption, Low-density separation assumption, etc. For example,
the well-known clustering-based methods utilize the cluster assumption to generate pseudo-labels
for unsupervised learning [48]]. Caron et al. [5] assumes that "the model trained on labeled data
will produce high uncertainty estimation for unseen data" in domain adaptation tasks to benefit the
classifier from unlabeled data lacking category information.

Bengio et al. in [20] proposed the conditional entropy and point out that "These studies conclude that
the (asymptotic) information content of unlabeled examples decreases as classes overlap. Thus, the
assumption that classes are well separated is sensible if we expect to take advantage of unlabeled
examples." This assumption has been applied to many studies, for example in [29} |33} 160, 2]]. In
the CTTA task of this paper, as the task progresses, the domain shifts, but the categories in the task
remain unchanged. Therefore, under the assumption that unlabeled data contains information, we
can reasonably continue to use conditional entropy in the current scenario. To sum up, whether in
unsupervised TTA or in the Bayesian field, this assumption is not difficult to achieve or has never
been applied. We can quite naturally continue to use this assumption in the context of this paper.

B.2 BI during Test Time

The goal of CTTA is to learn a posterior distribution p(8|U;.7 U Dy) from a source dataset Dy,
and a sequence of unlabeled test data from I/; to Ur. Following [60], assuming we have multiple
input-generating distributions that the source dataset Dy is drawn from a distribution ¢, and ¢
specifies the shifted of the ¢-th unlabeled test dataset which we aim to adapt to. Let the parameters
of the model be 8,then following the semi-supervised learning framework [20], we incorporate all
input-generating distributions into the belief over the model parameters 6 as follows

T
p(616, b1, -+, br) o< p(6) exp (~XoHo o (VX)) [T exv (~\iH, 5, (VX)) (18)
t=1

where the inputs X are sampled i.i.d. from a generative model with parameters ¢, while the corre-
sponding labels Y are sampled from a conditional distribution p(Y'| X, 8), which is parameterized
by the model parameters 6. p(0) is a prior distribution over 8. {\g, A1, - , Az} are the factors for
approximation weighting. Generally, the entropy term Hg 4(Y|X') represents the cross entropy of
the supervised learning, and the entropy term H, ; (Y'|X) for ¢ > 0 denotes the Shannon entropy of
the unsupervised learning.

14



554
555

556
557

558

559

560

561

562
563

565
566

567
568

Following [60], we can empirically use a point estimation to get a plug-in Bayesian approach to
approximate the above formula:

p(@[Ur.7 U Do)
A
x p(0) H p(ylx, 0) exp <_DO| Z (Y|z,0) ) Hexp( 7] Z H(Y |z, 0)
Va.yeDo 0l vzeD, Vaoel,

(19)
To make the formula feasible to CTTA, that is, no source data is available at the test time, we set
Ao = 0. And the source knowledge can be represented by p(68|Do) o< p(0) [ Iy, ,ep, P(y]T,0).
Thus, for the ¢-th test domain, the Bayesian inference in CTTA can be represented as follows:

t
(B UDy) o< p(68]Dy) [ [ exp ( \UI > H(Ylx, e)>
i=1 Veel; (20)

x p(O|Ur.t—1 U Dy) exp ( Z (Y|, 0) )
2] Vel

where H(U;|0) = wl > veeu, H(Y|z,8) and the above formula can be rewritten in simplicity as

p(O|Us.1 UDy) o p(O|Uy—y UDy)e MU — p (9) e M U:10) (1)

which specifies the Bayesian inference process on continuously arriving unlabeled data in CTTA.

C ELBO of the VI in CTTA

We built VI for CTTA in Sec. [3| where we initialize a variational distribution ¢(8) to approximate the
real posterior. For the test domain ¢, we optimize the variational distribution as follows:

1
q:(0) = argmin KL | g(6) || —p¢(6)e M @IO)| | (22)
q€Q Zt

where Q is the distribution searching space, and p;(8) is the current prior.

Following the definition of KL divergence and the standard derivation of the Evidence Lower BOund
(ELBO) is as the following formulas. Specifically, the KL divergence is expanded as

L [q<e> || thptw)e—ww}

ip,g(e)e*AH (U:|6)
T / 4(6) log = d6
0 q(0) -
= _ / q(0)log ief)\H(MtIG)dg _ / 4(6) log pt(e)dg
° o 0 4(0)

- pi(0)
_/9 (0 )lothdO—l—)\/ H(Uy|6)d6 — /e q(6)log ) a6
=log Z; + MNEg~q(0)H (U:|0) + KL (q(8) || p+(9)),

where the first constant term can be reduced in the optimization. Thus, we can optimize the variational
distribution via the ELBO:

. 1 _
q:(0) = arggnel(gKL [q(@) I Zpt(o)e AH(MIG)]
= argmax —ARg~,() H (1:|0) — KL (4(0) || p+(6)) (24)

= arg max ELBO.
q€Q
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In our case, the former entropy term can be more effectively replaced by the cross entropy or
symmetric cross entropy (SCE) between the student model and the teacher model in a mean-teacher
architecture (see Sec. [£.I)). For the latter KL term, we can substitute a variational approximation
that we deem closest to the current-stage prior p;(6) into the KL divergence. When the prior is a
multivariate Gaussian distribution, this term can be computed in closed form as

KL (N(N‘lvzl) H N(N’Qa zJ2))

= % (tr(Ezlzl) (g — 1) "S5 (py — ) — k+1n <det(22))> : .

det ( 3 1 )
where 3 = diag(o2), k represents the dimensionality of the distributions, tr(-) denotes the trace of a

matrix, and det(-) stands for the determinant of a matrix. For the case that the prior is a mixture of
Gaussian distributions, we can refer to the next section to get its upper bound.

D Mixture-of-Gaussian Prior

D.1 Upper Bound of the Mixture of Two KL Divergencies

We refer to the lemma that was stated for the mixture of Gaussian in [44]. The KL divergence
between two mixture distributions p = Zle a;p; and p’ = Zle a;p}; is upper-bounded by

KL(p || p') < KL(a || @) ZaKL pi || P)); (26)
i=1
where o = (o, a9, -+ , ) and &’ = (o], ab, - - -, o) are the weights of the mixture components.

The equality holds if and only if a;p;/ Z?:l a;p; = aipl/ Z?:l o’p; for all i.  Using the log-sum
inequality [[10], we have

k k
S cups
LS| e = [ (o s St
i=1 i=1 i= 1a1pl
a;p;
< a;p;log —
/; o O‘zp;

- Q; bi
=> ai( [ pilog—+ [ pilog=
i=1 % Pi

k
=KL(a || &)+ ) aiKL(p; || p))-

i=1

In our algorithm, ¢(@) is set to be a mixture of Gaussian distributions, i.e., p:(0) = a - p1(0) + (1 —

«) - p¢(0). In the above inequality, let ¢(6) = Zle «;q(0), we can get the upper bound of the KL
divergence between ¢(6) and p;(0):

KL(q || p¢) < o- KL (ql[p1) + (1 — @) - KL (q] ) - 27)
So the lower bound (24) can be redefined as

L = —NEq~q0)H (U:|0) — KL (q(8) || p:(0))
> —AEg~q(0)H (U;|0) — o - KL (g||p1) — (1 — a) - KL (¢||p:) (28)
def
El

Then, we have obtained a lower bound that can be optimized through closed-form calculations as
the source prior distribution go(@) and the teacher prior distribution ;(0) are multivariate Gaussian
distributions, which means we can also optimize £’ with Eq. (25).
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D.2 Advantage of the Mixture of Gaussian Prior

In this subsection, we illustrate why the mixture of Gaussian prior are beneficial to CTTA. First of
all, we can start from defining what is a better distribution for CTTA. Assume there exists an ideal
prior distribution p;, which effectively represents the distribution of the model after learning all past
knowledge, including that from the source and unlabeled datasets. Then we can use the difference
between a distribution and the ideal distribution p; (here we use KL divergence) to measure the
goodness of a distribution, i.e., KL(||p;).

Generally, neither the source prior p; (trained on labeled data) nor the adapted prior p; (adapt
on unlabeled data, being unreliable) can be completely consistent with p;. Considering that, as ¢
increases, the difference between p; and p; will increase without an upper bound due to the error
accumulation (since ¢ is infinitely growing). The source prior p; cannot adapt to the unlabeled data,
but it contains important information from the labeled data, and the ideal distribution cannot forget the
source information too much, so we can assume that the difference between p; and p; is a constant,
i.e., KL(p1|[p:) < U, where U is a constant upper bound. Accordingly, it can be considered that
mixing the source prior p; and the adapted prior p; in some way is beneficial for reducing KL(-||p;).

In our paper, we consider using a simple Gaussian mixture, i.e., ps = azp1 + (1 — ay)Ps, where « is
computed by Eq. (I0). It is easy to illustrate the benefits of this idea using the following inequality:

KL (p¢||pt) = KL [(cup1 + (1 — ) pe)|[De]
< aKL(p1|[pt) + (1 — o) KL(pe|pe) (29)
< U + (1 — oy )KL(p¢|[pr)-

In Eq. 29), if KL(p,||p;) > U, which can be satisfied as mentioned above, then we have

KL (p¢||pe) < KL(p¢||De)s

This indicates that the mixed distribution p; is closer to the ideal distribution p; than the adapted
prior p:. A similar idea can be found in the stochatic restoration in CoTTA [51]], where the author
randomly restore parts of parameters of the current model into the parameters of source model.

E Augmentation Analysis

In our method, we use the standard augmentation following CoTTA [51]]. In this subsection, we
analyze the some characteristics via experiments.

E.1 Confidence Margin

First, we analyze the margin € in Eq. (I3). We experimentally validate different margins with more
choices. Experimental results are shown in Tables [§] The results indicate that different datasets
may require different margins to control confidence. Moreover, Eq. (I3) signifies that the reliable
teacher likelihood is represented by the mean of its augmentations with ¢ more confidence than the
teacher itself. Tables [§]illustrates the selection of € in our approach on CIFAR10C, CIFAR100C
and ImageNetC. Note that when ¢ = —1, it means no margin is used and the method will use all
augmentated samples, i.e., without using Eq. (I3)). The results show that the proposed margin can
effectively filter out unreliable augmented samples and achieve a better teacher log-likelihood.

Table 8: Analysis on confidence margin.

No. | e CIFARIOC | ¢ CIFARIOOC | e  ImageNetC

-1 15.1 -1 29.3 -1 66.4
0 13.23 0 28.78 0 65.0
le-4 13.23 0.1 28.55 le-3 65.0
le-3 13.22 0.2 28.45 le-2 64.8
le-2 13.14 0.3 28.43 le-1 64.7
le-1 13.31 0.4 28.54 2e-1 66.2

AN NN =
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E.2 Different Number of Augmentation

In our method, we also use augmentation to enhance the confidence. We then evaluate the the number
of augmentation in Eq. (I0). The results can be seen in Table[9] and shows that increasing the number
of augmentations can enhance effectiveness, but this hyperparameter ceases to have a significant
impact after reaching 32.

Table 9: Different number of augmentation.

Method 0 4 8 16 32 64

CoTTA 175 17.0 166 165 163 16.2
PETAL 173 169 164 16.1 16.0 16.0

VCoTTA 149 138 13.6 133 131 131

F Further Discussion on Variational Warm-up Strategy

We have discussed the Variational Warm-Up (VWU) strategy in Sec. [4.3.1] and explain that the
warm-up strategy is a common practice in TTA and CTTA. In this section, we further discuss some
attributes of the proposed variational warm-up strategy.

In our method, the VWU strategy is used to turn an off-the-shelf CNN to a pretrained BNN. The
advantage of this approach is that pretrained CNNs are readily available (e.g., directly leveraging
official models in PyTorch), while pretrained BNNs are challenging to obtain, especially for large-
scale datasets. Moreover, training BNNs is more difficult compared to training CNNs. Therefore,
constructing BNN pretrained models based on existing CNN pretrained models is a feasible approach.
Additionally, we find that such a warm-up strategy requires only a few epochs to achieve satisfactory
results. To validate the characteristics of the proposed VWU strategy, we designed the following
experiments.

F.1 Warm-up on CNN vs. Directly Pretraining BNN

First, we conducted experiments to compare the performance of obtaining pretrained BNN models
using the warm-up approach versus directly training the source model with BNN. We pretrain the
BNN also use VI as describing in Sec. The results can be seen in Table[I0} As we can see, the
results are at the same level, for example VI pretraining is with 13.2% error rate while the proposed
VWU achieves 13.1% on CIFAR10C. However, if we direct turn a pretrained CNN to a BNN by
adding random stochastic parameters, without warm-up strategy, the results drop to 17.1%. This
shows that VWU is a feasible strategy to obtain a pretrained BNN.

Table 10: Error comparison between varional warm-up on CNN and directly pretraining BNN.

Method CIFAR10C CIFARI00C ImagenetC
BNN (Random) — BNN + VI pretraining 13.2 29.0 65.5
CNN (Pretrained) — BNN w/o VWU 17.1 31.2 68.3
CNN (Pretrained) — BNN w/ VWU 13.1 28.4 64.7

F.2 Number of Warm-up Epochs

In our implementation, we employ only a limited number of epochs for variational warm-up, say 5
epochs. This is due to the fact that the pretrained model fits well in CNN, thus requiring minimal
adjustments to the mean of BNN. Additionally, the standard deviation (std) is initialized to be small.
Consequently, only a small number of iterations are necessary to update the BNN, and the step size is
also kept small. Experimentation on the epoch number of variational warm-up reveals that keeping
increasing epochs ( > 5) will diminishes performance, as shown in Fig. 5]
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Figure 4: Comparisons on different warm-up Figure 5: Comparisons on different warm-up data
epochs (CIFAR10C). scale (CIFAR10C).

F.3 Only Portion Usage of Source Dataset in Warm-up

As we response to the weakness, the warm-up strategy is a common approach in TTA and CTTA
tasks and it is regarded as a part of pretraining stage. We also evaluate how if we only use partial
data for warm-up, and the results are as follow. The experimental results demonstrate that a moderate
reduction in sample size still maintains certain effectiveness of the warmup strategy. However,
excessive reduction, such as reducing to 1/10, leads to a certain decline in effectiveness. This is
because the warmup strategy aims to incorporate statistical information of the dataset into the model,
and insufficient data may result in inaccurate performance.

G Recursive Variational Approximation Process in VCoTTA

In this section, we show the algorithmic workflow utilizing variational approximation in VCoTTA.

Before testing time: First, we adopt a variational warm-up strategy to inject stochastic dynamics into
the model before adaptation. Given the source dataset Dy, we can use a variational approximation of
p(8]Dy) as follows

1
p(8|Dy) = p1(0) = qo(0) = argmin KL |¢(8) || ——p(8)p(Do|0)| , (30)
qeQ ZO

where we use the pretrained deterministic model po(0) as the prior distribution.

When the domain shift: Then, at the beginning of the test time, we set the prior in task ¢ as
pe(0) = a-p1(0) + (1 — a) - p:(0) and variational approximation, where p;(0) =~ ¢o(0) and
p+(0) =~ §(0). For g;(0), which means the real-time posterior probability of the teacher model for
the ¢-th test domain, is constantly updated by ¢;(6) via EMA (see Sec. during the test phase.
Note that we do not have G; () for the first update in the ¢-th phase. In fact, we use ¢;—1(6) construct
the prior, thus we have p;(0) ~ « - p1(0) + (1 — «) - q;—1(0). This is the variational distribution
that should be used to approximate the prior in the absence of a teacher model in the first step, as
well as the approximation that should be used when not employing the MT architecture. Note that
the process is not required to inform the model that the domain produces a shift.

During the testing time of a domain: With the approximation to p;(8) and analysis from Ap-
pendix we get ¢;(0) for student model at the test domain ¢ as follows:

1
q:(0) = argmin KL | ¢(0) || —pt(B)ef)‘H(“f‘e) , (3D
qeQ Zy

which means, we can recursively derive p;1(0) and the following variational distributions, thereby
achieving the goal of VCoTTA.

H Different Orders of Corruption

As we discuss in the major comparisons (see Sec [5.3)), the performance may be affected by the
corruption order. To provide a more comprehensive evaluation of the matter of the order, we conduct
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10 different orders from Sec [5.3] and show the average performance of all compared methods.
10 independent random orders of corruption are all under the severity level of 5. The results
are shown in Table[TT] We find that the order of corruption is minor on simple datasets such as
CIFAR10C and CIFAR100C, but small std on difficult datasets such as ImageNetC. The proposed
VCOTTA outperforms other methods on the average error of CIFAR10C and CIFAR100C under 10
different corruption orders, which shows the effectiveness of the prior calibration in CTTA. Moreover,
VCOTTA has comparable results with PETAL on ImageNetC, but smaller std over 10 orders, which
shows the robustness of the proposed method.

Table 11: Comparisons over 10 orders (avg = std).

Method  CIFAR10C CIFAR100C ImageNetC

CoTTA 17.3£0.3 32.2+0.3 63.4£3.0
PETAL 16.0£0.1 33.8+0.3 62.7£2.6

VCoTTA  13.1+0.1 28.2+0.2 62.8+1.1

I Corruption Loops

In the real-world scenario, the testing domain may reappear in the future. We evaluate the test
conditions continually 10 times to evaluate the long-term adaptation performance on CIFAR10C.
That is, the test data will be re-inference and re-adapt for 9 more turns under severity 5. Full
results can be found in Fig.[6] The results show that most compared methods obtain performance
improvement in the first several loops, but suffer from performance drop in the following loops. This
means that the model drift can be even useful in early loops, but the drift becomes hard because of
the unreliable prior. The results also indicate that our method outperforms others in this long-term
adaptation situation and has only small performance drops.

17 4
16
= —— CoTTA
2154 —&— PETAL
[S3]
—8— VCoTTA
14 4
13 4 w
1 2 3 4 5 6 7 8 9 10

Figure 6: 10 loops under a same corruption order (CIFAR10C).

J Experiment on Online Setting

CTTA does operate in an online setting, where all testing data is used only once. However, the current
focus of CTTA research primarily revolves around batch-mode online settings, with batch sizes
typically set to 200 in our experiments like other SOTAs. In CTTA, strict online learning settings
where each data point is processed individually are under-researched. In fact, our method can be
applied in scenarios with online learning or small batch sizes. However, it’s important to note that the
batch normalization (BN) layers is disabled when the batch size is 1. We experimented with batch
size of 1 on CIFAR10C, and compare the results with some baseline methods. The comparison results
are shown in Table[T2] The results show that small batch size in CTTA makes worse performance.
We believe this is because a small batch size amplifies the uncertainty in model training.
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Table 12: Error comparisons of strict online learning (batch size = 1).

Method  Batchsize 1  Batch size 200

TENT 43.5 20.1
CoTTA 42.4 16.3
VCoTTA 39.1 13.1

K Time and Memory Cost

We implement our method using a single RTX-4090 GPU card. We provide the memory and time cost
in Table[I3] Our proposed VCoTTA method does not offer an advantage in terms of memory usage.
This is because in the BNN framework, additional standard deviations are required for implementing
local reparameterization tricks. However, during the testing phase, this does not significantly impact
the efficiency of the model. This is because during testing, only the student model employs variational
inference, which requires uncertainty parameters.

Table 13: Time and memory cost comparisons.

Method  Memory Time per corruption

CoTTA 10.3Gb 272s
PETAL 10.2Gb 261s
VCoTTA 11.1Gb 279s
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NeurlIPS Paper Checklist

The checklist is designed to encourage best practices for responsible machine learning research,
addressing issues of reproducibility, transparency, research ethics, and societal impact. Do not remove
the checklist: The papers not including the checklist will be desk rejected. The checklist should
follow the references and follow the (optional) supplemental material. The checklist does NOT count
towards the page limit.

Please read the checklist guidelines carefully for information on how to answer these questions. For
each question in the checklist:

* You should answer [Yes] , ,or [NA].

* [NA] means either that the question is Not Applicable for that particular paper or the
relevant information is Not Available.

* Please provide a short (1-2 sentence) justification right after your answer (even for NA).

The checklist answers are an integral part of your paper submission. They are visible to the
reviewers, area chairs, senior area chairs, and ethics reviewers. You will be asked to also include it
(after eventual revisions) with the final version of your paper, and its final version will be published
with the paper.

The reviewers of your paper will be asked to use the checklist as one of the factors in their evaluation.
While "[Yes] " is generally preferable to " ", itis perfectly acceptable to answer " " provided a
proper justification is given (e.g., "error bars are not reported because it would be too computationally
expensive" or "we were unable to find the license for the dataset we used"). In general, answering
" "or "[NA] " is not grounds for rejection. While the questions are phrased in a binary way, we
acknowledge that the true answer is often more nuanced, so please just use your best judgment and
write a justification to elaborate. All supporting evidence can appear either in the main paper or the
supplemental material, provided in appendix. If you answer [Yes] to a question, in the justification
please point to the section(s) where related material for the question can be found.

IMPORTANT, please:

* Delete this instruction block, but keep the section heading ‘“NeurIPS paper checklist',
* Keep the checklist subsection headings, questions/answers and guidelines below.

* Do not modify the questions and only use the provided macros for your answers.

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: We made clear claims to illustrate that we evaluate the uncertainty in CTTA
task using variational inference.

Guidelines:
e The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?

Answer: [Yes]
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Justification: We discuss the limitation in the last section.

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms

and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to

address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory Assumptions and Proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]
Justification: We provide the assumption and proofs mostly in appendix.

Guidelines:

» The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

¢ Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.

. Experimental Result Reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]
Justification: We use open-source dataset and provide a anonymous code link.

Guidelines:

* The answer NA means that the paper does not include experiments.
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* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]
Justification: We provide the anonymous code link.
Guidelines:

» The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).
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* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental Setting/Details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justification: We follow previous to set the experiments.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

 The full details can be provided either with the code, in appendix, or as supplemental
material.

. Experiment Statistical Significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: We offer the 10 different task orders to reduce the influence of stochastic and
provide the avg + std in Appendix [H]

Guidelines:

» The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

¢ It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments Compute Resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: We provide the compute resources in Appendix [K]
Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.
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9.

10.

11.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

Code Of Ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines]?

Answer: [Yes]

Justification: We confirm that we conducted in the paper conform with the NeurIPS Code of
Ethics.

Guidelines:

* The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader Impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [NA]

Justification: Nor applicable. We study machine learning problem on public dataset such as
CIFARI10.

Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

« If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justification: No such risks.
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Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

* Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: We referred to open-source code from various methods and developed our own
implementation of the core algorithm.

Guidelines:

* The answer NA means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New Assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justification: No new assets will be released.
Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and Research with Human Subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?
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1028 Answer: [NA]

1029 Justification: We use public dataset.

1030 Guidelines:

1031 * The answer NA means that the paper does not involve crowdsourcing nor research with
1032 human subjects.

1033 * Including this information in the supplemental material is fine, but if the main contribu-
1034 tion of the paper involves human subjects, then as much detail as possible should be
1035 included in the main paper.

1036 * According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
1037 or other labor should be paid at least the minimum wage in the country of the data
1038 collector.

1039 15. Institutional Review Board (IRB) Approvals or Equivalent for Research with Human
1040 Subjects

1041 Question: Does the paper describe potential risks incurred by study participants, whether
1042 such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
1043 approvals (or an equivalent approval/review based on the requirements of your country or
1044 institution) were obtained?

1045 Answer: [NA]

1046 Justification: We do not involve crowdsourcing nor research with human subjects.

1047 Guidelines:

1048 * The answer NA means that the paper does not involve crowdsourcing nor research with
1049 human subjects.

1050 * Depending on the country in which research is conducted, IRB approval (or equivalent)
1051 may be required for any human subjects research. If you obtained IRB approval, you
1052 should clearly state this in the paper.

1053 * We recognize that the procedures for this may vary significantly between institutions
1054 and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
1055 guidelines for their institution.

1056 * For initial submissions, do not include any information that would break anonymity (if
1057 applicable), such as the institution conducting the review.
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