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Abstract

Continual test-time adaptation (¢TTA) methods are de-
signed to facilitate the continual adaptation of models to dy-
namically changing real-world environments where compu-
tational resources are limited. Due to this inherent limita-
tion, existing approaches fail to simultaneously achieve ac-
curacy and efficiency. In detail, when using a single image,
the instability caused by batch normalization layers and
entropy loss significantly destabilizes many existing meth-
ods in real-world cTTA scenarios. To overcome these chal-
lenges, we present BESTTA, a novel single image continual
test-time adaptation method guided by style transfer, which
enables stable and efficient adaptation to the target envi-
ronment by transferring the style of the input image to the
source style. To implement the proposed method, we devise
BelN, a simple yet powerful normalization method, along
with the style-guided losses. We demonstrate that BESTTA
effectively adapts to the continually changing target envi-
ronment, leveraging only a single image on both seman-
tic segmentation and image classification tasks. Remark-
ably, despite training only two parameters in a BelN layer
consuming the least memory, BESTTA outperforms existing
state-of-the-art methods in terms of performance. Our code
is available at (TBD).

1. Introduction

Deep learning models have significantly improved the per-
formance of computer vision applications [6, 14]. However,
in real-world scenarios, the models suffer from performance
degradation due to domain shifts between training and tar-
get data. Unsupervised domain adaptation (UDA) [10, 24,
25, 30, 33, 37, 39] and test-time training (TTT) [23, 38]
techniques have been proposed to address the performance
gap. These methods assume that the models are adapted to
the unseen domain with the huge amount of source data at
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Figure 1. Semantic segmentation performances on the Cityscapes-
to-ACDC single image continual test-time adaptation task, evalu-
ated on DeepLabV3Plus-ResNet50 [3]. Processing time includes
inference and adaptation time per image. The circle radius and val-
ues indicate the peak GPU memory usage. The violet circles are
batch normalization-based and the blue circles are pseudo-label-
based methods. BESTTA significantly outperforms the state-of-
the-art continual test-time adaptation methods [1, 28, 36, 41, 43]
in terms of mloU while consuming the least GPU memory.

test time. However it is impractical to utilize these methods
in the real world due to the limited computational resources.
Fully test-time adaptation (TTA) methods [2, 29, 41] have
recently emerged to enable online adaptation of a trained
model to the target environment without source data or la-
bels. These TTA methods have limitations in that they can
only adapt to a single target domain, resulting in overfitting
to the target domain and forgetting the prebuilt knowledge.
Consequently, recent studies [1, 28, 36, 43] have proposed
continual test-time adaptation (cTTA) methods to adapt a
model for continually changing target domains over a long
period, addressing the issues of catastrophic forgetting and
error accumulation found in the previous TTA methods.

Considering the nature of TTA, a TTA method must ful-



. Data Learning Continually Single
Settings . . .
Source  Target  Trainstage  Teststage  Changing Domain  Image
Unsupervised Domain Adaptation X°Y? v - X X
Test-Time Training xX2Yy? v v X X
Fully Test-Time Adaptation - - v X X
Continual Test-Time Adaptation - - v v X
Single Image Continual Test-Time Adaptation - - v v v

Table 1. The settings of single image continual test-time adaptation and related adaptation areas. X ° and Y* denote the source image and

label sets, respectively, X* denotes the target image set, X{ = {zf,- -

single target image at time .

fill both the efficiency and accuracy requirements of real-
world tasks. Meanwhile, real-world downstream vision
tasks such as semantic segmentation require the use of high-
resolution images for optimal performance [42, 48]. These
requirements limit the feasible batch size for edge comput-
ing environments where TTA methods are predominantly
utilized, owing to the limited computational resources.

Due to the inherent limitations on batch size, existing
works have yet to overcome the following two critical lim-
itations, especially when using a single image input, as
shown in Table 1. Firstly, small mini-batch severely de-
grades the performances of most existing TTA methods
based on batch normalization (BN) [13, 27, 28, 35, 36, 41,
44]. These methods utilize BN to align the distributions be-
tween training and target data. However, inaccurate mini-
batch statistics cause the substantial performance degrada-
tion when using a small batch size, which is more aggra-
vated when dealing with a single image [22, 29]. Secondly,
entropy loss, which is employed by the majority of existing
TTA methods [13, 19,31, 36, 41], becomes significantly un-
stable when only a single image is utilized, due to the large
and noisy gradients from the unreliable prediction [29]. In
addition, the entropy loss is prone to model collapse by pre-
dicting all images into the same class, which minimizes the
entropy the most [29]. Although EATA [28] and SAR [29]
proposed stabilized versions of entropy loss that filter unre-
liable samples, these methods still rely on the entropy and
do not fully exploit the target samples due to the filtering.
Consistency loss using pseudo-labels [1, 43] would over-
come this problem, but it is inefficient in terms of computa-
tional complexity and memory consumption because it re-
quires multiple inferences for tens of pseudo-labels.

In our paper, we present BESTTA (Beyond Entropy:
Style Transfer guided single image cTTA), a single image
c¢TTA method that achieves stable adaptation and computa-
tional efficiency. First of all, we formulate TTA as a style
transfer problem from the target style to the source style.
Motivated by the normalization-based style transfer meth-
ods [7, 16], we propose BelN, a single normalization layer
that enables stable style transfer of the input. BeIN es-
timates the proper mini-batch statistics describing the tar-

, Tt} denotes the batch of k target images, and =} denotes the

get domain by incorporating learnable parameters with the

source and target input statistics. Moreover, we introduce

the style and content losses to ensure effective and stable
adaptation while preserving content. Our proposed losses
outperform a single entropy loss in terms of stability and
efficiency. Second, we implement the style transfer in the
simplest form for efficiency. We inject a single adaptive
normalization layer, which has only two learnable parame-
ters, into a model, and update a small number of parameters
while keeping all model parameters frozen. Finally, we reg-
ularize the learnable parameters to prevent overfitting to the
continually changing target domain, thereby lead to catas-
trophic forgetting and error accumulation.

Our contributions are summarized as follows:

* We propose BESTTA, a novel style transfer guided
single-image continual test-time adaptation method that
enables stable and efficient adaptation. We formulate
the test-time adaptation problem as a style transfer and
propose novel style and content losses for stable single-
image continual test-time adaptation.

* We propose a simple but powerful normalization method,
namely BeIN. BeIN provides stable style transfer by
learning to estimate the target statistics from input and
source statistics.

* We demonstrate that the proposed BESTTA effectively
adapts to continually changing target domains with a sin-
gle image on semantic segmentation and image classifica-
tion tasks. Remarkably, despite training only two param-
eters, BESTTA outperforms the existing state-of-the-art
methods with the least memory consumption, as shown
in Fig. 1.

2. Related Work
2.1. Test-Time Adaptation

In order to enable model adaptation in source-free, unla-
beled, and online settings, various test-time domain adap-
tation methodologies [2, 19, 22, 29, 29, 31, 41, 46] have
been introduced, designing unsupervised losses for this pur-
pose. TENT [41] was the first to highlight the effectiveness
of updating batch normalization based on entropy loss in



a test-time adaptation task, inspiring subsequent studies to
target batch normalization updates [13, 28, 36]. However,
these methods require a large batch size for proper batch
normalization statistics and show instability at small batch
sizes [22, 29]. While some methods have aimed to facili-
tate TTA with small batch sizes [19, 22, 29, 31], they of-
ten require prior knowledge of domain changes or auxiliary
pretraining , making them impractical.

To address this, continual TTA methods [1, 13, 28, 36,
43] have emerged, aiming to prevent catastrophic forget-
ting and error accumulation caused by continued exposure
to the inaccurate learning signal of unsupervised loss. To
mitigate these issues, techniques such as stochastic parame-
ter restoration [1, 43] and weight regularization losses [28]
have been proposed. However, these methods also lack of
considerations for a small batch sizes during adaptation.

2.2. Style Transfer

Neural style transfer methods have been proposed to trans-
fer the style of the image while preserving the content [9,
11, 12, 20, 21, 40, 47]. Among them, some studies pro-
posed normalization techniques to effectively transfer the
image [7, 16]. Using a similar method, Fahes et al. [8] trans-
ferred the input styles in a dataset to the target style and
trained subsequent neural networks for downstream tasks.
Motivated by these methods, we propose to transfer the tar-
get feature to the source domain, updating the normalization
layer in the cTTA setting.

3. Method

Fig. 2 illustrates the overview of the proposed method,
BESTTA. Motivated by style transfer methods [7, 16] that
use a normalization layer, we formulate the TTA problem
as a style transfer problem in Sec 3.1. We propose a single
normalization layer, BeIN, which stabilizes the target input
statistics in single image cTTA in Sec 3.2, with the proposed
losses in Sec 3.3.

3.1. Problem Definition

Stable adaptation on a single image. Batch normalization
(BN) [17] utilizes mini-batch statistics, mean and standard
deviation of the source data to normalize data on the same
distribution for each channel:
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BN(X) =«
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where X € REXEXHXW denotes the mini-batch of in-
put features with C channels, o, 3 € R denote learn-
able affine parameters optimized during pretraining, and the
mean fis € RC and the standard deviation o, € RS are ob-
tained by exponentially averaging the features during pre-
training.

TENT [41] introduces the concept of updating affine pa-
rameters of BN layers. TENT replaces the source statistics
(s, 05) to a target statistics (ux, ox) of a target input fea-
ture X to address the distribution shift, and trains the learn-
able affine parameters « and /3 during test-time:

X px
ox

BNrent(X) = « +5 (2)
The parameters are updated with the entropy loss H(y) =
—3.p(9) log p(4), where § is the prediction of the target in-
put. This approach and related studies [28, 36] have demon-
strated significant promise in TTA with the large batch size.

However, the normalization-based methods suffer sig-
nificant performance drop when using small mini-batches,
because they depend on the assumption that the true mean
¢ and variance o7 of the target distribution can be esti-
mated by the sample statistics. By the central limit theo-
rem, the sample mean px follows the Gaussian distribu-

2

tion N (¢, 2-) for sufficient large samples of size n. The

sample variance follows the Chi-square distribution such
2

that (n — 1)%5 ~ x2_,, and the variance of this distri-
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bution Var (0% ) = =2, where the data are normally dis-
tributed. Since the variances of the distributions of both
sample statistics significantly increase when n is small, es-
timating the true mean and variance based on the sample
mean and variance becomes difficult, especially for a single
image. Therefore, estimating the true mean and variance
accurately is required to ensure reliable adaptation with a
single image. Also, the entropy loss utilized in these meth-
ods is unstable because the instability of BN persists due to
its linearity. Furthermore, the entropy loss often results in
model collapse, causing biased prediction [29].

Therefore, when dealing with a single image, a solution
is required that (1) stabilizes the input statistics in the nor-
malization layers and (2) uses stable losses more than min-
imizing entropy.

Test-time adaptation as a style transfer. In the style
transfer domain, there have been several methods that uti-
lize normalization layers for style transfer [7, 16]. Du-
moulin ef al. [7] proposed a conditional instance normal-
ization (CIN) that trains the learnable parameters o® and /3°
to transfer the style of the encoded input x to the style s:

CIN(z;s) =a® - L H2 | g 3)

x

Similarly, AdaIN [16] uses the target style directly in its
instance normalization to transfer the style of encoded input
z to the style of encoded target style input y:
AdaIN(z,y) = o, - ”3;7“"‘ + oy )
x
where o, and i, denote the standard deviation and mean
of the encoded target style input y. Despite their simplicity,
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Figure 2. Overview of BESTTA. We inject a single normalization layer, BelN, to the pretrained model, which facilitates the stable single
image continual test-time adaptation via style transfer. £(x) denotes the input embedding, £’(z) denotes the adapted input embedding,
& (2 sre) denotes the mean source embedding, and A¢ () denotes the exponential moving average of the target embeddings. To transfer the
style of the input image to the source style, we adopt the directional style loss Ls¢yie. To avoid the distortion of the content in the input
image, we take the content 10ss Lcontent. And to further improve the performance of the model, we use the entropy loss, i.e., Lentropy-
Finally, to avoid catastrophic forgetting and error accumulation, we use the L2 loss £r2. During adaptation, only two normalization

parameters in BeIN are trained.

they have shown promising results in style transfer. How-
ever, it is important to note that all inputs utilized in the
aforementioned methods are in-distribution, which means
that the models are trained on both source and target data,
therefore the statistics of the encoded input image (g, o)
are reliable. In contrast, cTTA setting involves inputs from
an arbitrary target domain that are out-of-distribution, re-
sulting in unreliable and unstable statistics. Motivated by
this, we formulate the TTA as a style transfer problem that
transfers the target style to the source style:

L= Ht
O

TTA(z) = 05 + ps )
where the source and the target domain follow the distribu-
tions N (s, 02) N (¢, 0?), respectively.

3.2. BeIN: BESTTA Instance Normalization

We propose a BESTTA Instance Normalization (BeIN)
layer that transfers the style of a target input to the source
style, enabling seamless operation of the latter parts of a
model. For stability, we estimate the target statistics (p, o¢)
using an anchor point and learnable parameters 7y, and ,,.
We use the source style (5, 05 ) as the anchor point because
it is fixed and therefore stable. The source style contains the
mean fi; and the standard deviation 4 of the source fea-
tures, which are small and can be easily obtained from the
training phase, before the deployment of our method. BeIN
is formulated as:

T— iy

— + s (6)
Ot

BeIN(z) =75 -

where [i; and 6; denote the estimated target mean and stan-
dard deviation, respectively. We estimate the true target

statistics by combining the target input statistics and the
source style. We estimate 6, as a weighted harmonic mean
of the source standard deviation and the target input stan-
dard deviation with a learnable parameter ,:

o Os Oy
po-is“‘ (1 _p)Um +’70

Ot

(7

where p is the hyperparameter that adjusts the ratio of using
the source statistics. For the mean, we estimate it by the
weighted sum of the source mean and the target input mean
with a learnable parameter v,,:

=Pt g+ (1= p) 2% - T + 3 ®)
Oz Os

The means are scaled with the standard variations to be
aligned. We insert BeIN between the layers of the encoder
as depicted in Fig. 2. By training only a two parameters in
the embedded layer, the latter part of the model seamlessly
operates with the preserved prebuilt knowledge, leading to
efficient learning and modularization of the whole model.

3.3. Style-guided losses

Conventional style losses [7, 11, 16, 21] can be used to
guide the learnable parameters in BeIN to transfer the style
of the input features to the source style. These style losses
align the distribution of the transferred image to the tar-
get style. However, they require heavy computations such
as additional encoding or decoding processes or computing
the gram matrix. Therefore, considering the efficiency re-
quirement of TTA methods, adopting the conventional style
losses is impractical. To address this problem, we propose
novel directional style loss and content loss that are com-
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Figure 3. Correlations between performance and style transfer re-
lated metrics. We find that direction similarity and target similar-
ity have high correlation (p > 0.5) with the performance, whereas
source similarity [8, 32] is uncorrelated (p = 0.18). We use the
method of Schneider et al. [35] to measure the similarity between
the adapted and unadapted embeddings. All results are evaluated
on the ACDC dataset [34] using DeepLabV3Plus-ResNet50 [4]
pretrained on the Cityscapes dataset [5].

puted in the embedding space of encoder during the infer-
ence, satisfying efficiency without heavy operations.

Directional style loss. Conventional style transfer
methods utilize the similarity between an encoded input
and an encoded style input. The straightforward solu-
tion to our method is to measure the source similarity
cos(E(xsre), €' (x)) [8, 32], that is, the cosine similar-
ity between the adapted target embedding £'(z) and the
mean source embedding £(zs..). However, as shown
in Fig. 3d, we empirically find that the source similarity
is not correlated with the performance, thus not benefi-
cial to improve the adaptation. Therefore, motivated by
StyleGAN-NADA [9], we devise the directional style loss.
We find that the similarity between the adaptation direction
(E(xsre) — Ag(s)) and the direction from the target to the
source (&’'(x) — E(x)) (see Fig. 2) has high correlation with
the adaptation performance as illustrated in Fig. 3a. There-
fore, we formulate our directional style loss as follows:

Latyre = 1= cos((E(xare) = Ag(a)), (€'(x) = €(x))) (9)

where £(x) is the unadapted target embedding, Ag(x) is
the exponential moving average of target embeddings.

Content loss. Style transfer without consideration about
the content of the transferred feature leads to distortion of
the contents [11, 16, 21, 47]. Similar to these findings, we
find that the target similarity, that is, the cosine similarity
between the transferred feature £'(x) and the input feature
&(x) has high correlation with the performance, as shown

in Fig. 3b. Therefore, we devise the content loss as follows:
ﬁcontent = ]- - COS(E((E), E’(m)) (10)

L2 regularization. In the continual TTA setting, where
long-term adaptation is necessary, it is crucial to prevent
catastrophic forgetting and error accumulation to ensure op-
timal performance. Therefore, we employ an L2 norm to
regularize the learnable parameters to prevent overfitting to
the current target domain. We formulate the L2 regulariza-
tion loss as follows:

Lz = [ullz + o ll2 (11)

Entropy loss. We incorporate the entropy loss introduced
by Wang et al. [41], as BelN stabilize the normalization.
We verify that entropy has strong correlation with the per-
formance on semantic segmentation task as shown in Fig.
3c. The entropy loss is as follows:

‘Centropy = _Ep(g) logp(g) (12)

where p denotes probability, § denotes prediction.

Total loss.  We train the learnable parameters in our
proposed BeIN layer with a combination of the proposed
losses. The total loss L is as follows:

L= A1'L"style_FAQ"GCO’mﬁe'rnﬁ“‘A3"Cent’r'opy“_A4"CLQ (13)

where A1, A2, A3, and )4 are the weights for each loss.

4. Experiments

We conduct two experiments on our proposed method in

terms of semantic segmentation and image classification.

We use the following methods as baselines:

* Fully TTA: BN Stats Adapt [27] and TENT [41]

e Continual TTA: TENT-continual [41], EATA [28],
CoTTA [43], EcoTTA [36], and PETAL [1]

4.1. Experiments on Semantic Segmentation

We evaluate our proposed method and other base-
lines in two different settings on semantic segmentation:
Cityscapes-to-ACDC continual TTA and Cityscapes-to-
Cityscapes-C gradual TTA. All semantic segmentation re-
sults are evaluated in mean intersection over union (mloU).

Experimental setup. Following the setting of CoTTA [43],
we conduct experiments in the continually changing tar-
get environment. We adopt the Cityscapes dataset [5] as
the source dataset and the Adverse Conditions (ACDC)
dataset [34] as the target dataset. The ACDC dataset in-
cludes four different adverse weather conditions (i.e., fog,
night, rain, and snow) captured in the real-world. We con-
duct all experiments without the domain label except for



Time t

Method Memory Time Round 1 Round 4 Round 7 Round 10 Mean

(GB) (ms) | Fog NightRain Snow Fog NightRain Snow| Fog NightRain Snow Fog NightRain Snow|
Source 1.76  135.9 [44.3 22.0 41.5 38.9|44.3 22.0 41.5 38.9|44.3 22.0 41.5 38.9(44.3 22.0 41.5 38.9|36.6
BN Stats Adapt [27]| 2.01  192.7 |36.8 23.5 38.2 36.3|36.8 23.5 38.2 36.3|36.8 23.5 38.2 36.3|36.8 23.5 38.2 36.3|33.7
TENT™ [41] 9.58 343.8 |38.2 22.9 41.1 37.8|38.2 22.9 41.1 37.8|38.2 229 41.1 37.8|38.2 229 41.1 37.8|35.0
TENT-continual [41]| 9.58 343.8 |37.7 23.5 39.9 37.5|31.4 17.3 30.7 26.8|19.8 11.2 18.8 17.3|13.4 87 124 11.8|223
EATA [28] 9.90 190.6 |36.8 23.4 38.3 36.5|37.6 23.5 39.0 37.1|38.1 23.6 39.5 37.6|38.5 23.6 39.9 38.0|34.4
CoTTA [43] 1820 4337 |46.3 22.0 44.2 40.4|48.1 21.0 453 40.2(48.1 20.4 453 39.7|48.0 20.0 45.1 39.5|38.4
EcoTTA [36] 10.90 759.3 |33.4 20.8 35.6 32.9(34.2 21.2 36.1 33.2|34.7 21.3 36.3 33.2|34.9 21.4 36.5 33.2|31.2
PETAL [1] 18.51 5120 |44.7 22.1 429 40.1|47.3 22.4 44.4 40.8|47.1 22.1 44.7 40.6|46.9 22.0 44.6 40.5|38.5
BESTTA (Ours) 8.77 291.8 [47.8 24.3 47.2 43.8|54.5 26.1 48.4 45.2|54.5 26.1 48.4 45.3|54.5 26.1 48.4 45.3 | 43.2

Table 2. Semantic segmentation results (mloU in %) on Cityscapes-to-ACDC single image continual test-time adaptation task. We compare
ours with other state-of-the-art TTA methods in terms of peak GPU memory usage (GB) and time consumption (ms) for each iteration,
and mean intersection over union (mlIoU). All results are evaluated using the DeepLabV3Plus-ResNet50. * denotes the requirement about
when the domain shift occurs. The best and second best results are highlighted.
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Figure 4. Embedding feature distributions of (a) Cityscapes dataset on Source model, (b) ACDC dataset on Source model, (c) ACDC
dataset on TENT, (d) ACDC dataset on our method. Ours aligns the distribution with the source dataset, whereas TENT collapses into a
single point. We use DeepLabV3Plus-ResNet50 pretrained on Cityscapes in this experiment.

Time t lize the four most realistic types of corruptions (i.e., bright-
Method Bright. Fog  Frost Snow Mean ness, fog, frost, snow) in our experiment. The model faces
Source 675 593 248 139 | 414 varying levels of corruption severity for a specific weather
TENT-continual [41]| 61.9 452  23.0 153 | 363 type, progressing from 1 to 5 and then from 5 to 1. Once
PETAL [1] 647 358 57 04 1267 the severity reaches the lowest level, the corruption type is
BESTTA (Ours) 682 60.5 31.6 20.0 | 45.0 changed (e.g., brightness 1 —2 — --- =5 —4 ... — 1
] ] ) — fog 1— 2 — -- -, 36 conditions in total).
Table 3. Semantic segmentation results (mloU in %) on the

Cityscapes-to-Cityscapes-C gradual test-time adaptation task. All
experiments are evaluated using DeepLabV3Plus-ResNet50.

TENT [41]. We repeat the same sequence of four weather
conditions 10 times (i.e., fog — night — rain — snow —
fog — - - -, 40 conditions in total).

We also conduct experiments in the gradually chang-
ing target environment to simulate more realistic environ-
ments. We adopt the Cityscapes dataset as the source
dataset and the Cityscapes-C dataset [15, 26] as the target
dataset. The Cityscapes-C dataset is the corrupted version
of the Cityscapes dataset that includes 5 severity levels and
15 types of corruptions. Following EcoTTA [36], we uti-

Implementation Details. We utilize ResNet50-
DeepLabV3+ [3] pretrained on the Cityscapes dataset. We
set the batch size to 1 with an image of size 1920 x 1080
for the continually changing setting and a 2048 x 1024 size
for the gradually changing setting, respectively. We collect
the source style (7r5,75) and the mean source embedding
E(xsrc) by inferencing the source data before deployment.
We insert the proposed BelN layers between the third and
fourth layers in the backbone. The A1, A2, A3, and A4 are set
to 0.3, 1.0, 0.3, and 0.04, respectively. For optimization, we
employ the SGD optimizer with a learning rate of 0.001 for
the adaptation phase. Note that the model was pretrained
with a learning rate of 0.1. The experiments are conducted
using an NVIDIA RTX3090 GPU.
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Qualitative comparison of semantic segmentation on Cityscapes-to-ACDC task. All experiments are evaluated using
DeepLabV3Plus-ResNet50. The results of other methods are presented in the supplementary material.

Lentropy Lstyle Lecontent Lo Round 1 Round4 Round?7 Round 10 Mean
v X X X 21.2 53 4.5 4.2 6.7
v v X X 37.1 323 30.2 28.9 31.8
v v v X 40.1 39.2 37.9 373 38.6
v v v v 40.8 43.5 43.6 43.6 43.2

Table 4. Ablation study on our losses. Performances (mloU in %) are evaluated on Cityscapes-to-ACDC task for each different combination

of losses, using DeepLabV3Plus-ResNet50 [4].

Layerl Layer2 Layer3 Layer4 | mloU
v X X X 41.7
X v X X 40.9
X X v X 43.2
X X X v 36.0
v X v X 43.0
X v v X 41.7
X X v v 414

Table 5. Ablation study on the position of BeIN. Performance
(mloU in %) are evaluated on Cityscapes-to-ACDC task, using
DeepLabV3Plus-ResNet50.

Quantitative Results. As shown in Table 2, we compare
our approach with the baselines on the cTTA setting. Our
proposed BESTTA achieves the highest mIoU across all
weather types and rounds. In particular, our method signif-
icantly outperforms the second-best baseline, PETAL [1],
with a mean mloU gap of 4.7%, despite using 5.7% of
the processing time per image compared to the second-best
model. Ours also prevent catastrophic forgetting and er-
ror accumulation in the long-term adaptation, as ours shows
consistently high performance. In contranst, the BN-based
methods [28, 36, 41] show severe performance degradation.
Notably, even we reinitialize the TENT reinitialize when-
ever each domain change occurs, the performance is lower

than the source model. This indicates that the unstable mini-
batch statistics and entropy loss hinder the adaptation in sin-
gle image cTTA.

The experimental results for the gradually changing set-
ting are presented in Table 3. Similar to the cTTA setting,
our method significantly outperforms the baselines. All the
baselines perform worse than the source model, indicating
that they fail to deal with the single image cTTA setting.

Qualitative Results. Fig. 4 provides the distributions of
the adapted features of ours and the baselines. Comparing
Fig. 4a and Fig. 4b, the feature distribution of the target do-
main that is obtained by the source model is diversified. The
distribution of TENT-adapted feature is collapsed into a sin-
gle point, due to the entropy loss. In contrast, our adapted
feature is aligned with the source features from the source
model. This indicates that our BESTTA effectively and sta-
bly adapts the model to the target domain.

Fig. 5 shows predictions of ours and the baselines on the
ACDC dataset. Compared to the other state-of-the-art meth-
ods, our results are clearer and more accurate. In particu-
lar, at night, the baselines show globally noisy predictions
while ours show clear results; in fog and snow, our method
perceives the sky as sky while others predict it as build-
ings. These observations demonstrate the effectiveness of
our method in a real-world environment. Further results are
presented in the supplementary material.



Time t Mean
S ¢ 5 o 5 s s = & s & e
S S N o S § 3 ) S N ®
Method C§§ s & S 5§ & s & 9 ~§§ S a‘?& 'é? ¥
Source 889 892 89.6 775 832 756 712 752 70.0 684 669 49.9 81.0 812 832|771
BN Stats Adapt [27] | 89.5 894 89.7 90.1 89.5 89.5 89.5 89.6 89.6 892 89.8 90.1 89.5 894 89.6| 89.6
TENT-continual [41] | 90.0 90.0 90.0 90.0 90.0 90.0 90.0 90.0 90.0 90.0 90.0 90.0 90.0 90.0 90.0 | 90.0
CoTTA [43] 540 640 780 86.8 88.0 899 89.7 87.8 87.6 89.7 887 90.0 894 539 86.7 | 81.6
PETAL [1] 511 520 777 734 628 79.7 841 483 674 789 19.0 815 56.5 574 69.8 | 64.0
BESTTA (Ours) 552 50.5 65.6 38.1 46.1 293 326 234 331 218 9.1 385 245 443 28.9 | 36.1

Table 6. Image classification results on CIFAR-10-C. All results are evaluated using WideResNet-28 pre-trained on CIFAR-10. We use the
error rate (%) as the metric. The lowest and second lowest error rates are highlighted.

Effectiveness of losses. We perform an ablation study on
our losses, and the results are provided in Table 4. Updat-
ing the parameters in BeIN only with entropy losses yields
the lowest performance. Conversely, including style loss
significantly improves performance, demonstrating the ef-
fectiveness of style transfer in our method. The addition
of content loss further improves performance by preserving
the content of the input image, allowing only feature styles
to be transferred. However, it still exhibits error accumu-
lation, as evidenced by a gradual performance degradation.
L2 loss effectively prevents this phenomenon by maintain-
ing stable performance across rounds.

Selection of layer to insert BeIN layer. Table 5 shows
the effectiveness of the selection of layers, where the BeIN
layer is inserted to transfer the features. Adaptation of fea-
tures from layer third achieves the highest performance.
However, the addition of other layers leads to a performance
degradation compared to using only the third layer.

Prevention of catastrophic forgetting. As shown in
Fig. 6, we evaluated the performance of adapted models af-
ter each round on the source dataset, to assess the robustness
to the forgetting. TENT exhibits an error accumulation, re-
flected in the decrease in performance on the ACDC with
each round. In addition, TENT experiences catastrophic
forgetting of source knowledge, as evidenced by a rapid de-
cline in performance on Cityscapes (the source dataset). In
contrast, our method demonstrates resilience against forget-
ting source-trained knowledge, with remarkably improved
performance across all rounds.

4.2. Experiments on Image Classification

Experimental Setup. We conduct experiments to verify
the effectiveness of our method in image classification. Fol-
lowing CoTTA [43], we pretrain the WideResNet-28 [45]
on CIFAR-10 [18] and adapt the network to CIFAR-10-
C [15] in the single image cTTA setting.

Results. As provided in Table 6, our approach outperforms

\-I— TENT (Cityscapes) -® Ours (Cityscapes) -® TENT (ACDC) -® Ours (ACDC)\

80
60 -
g
D 40+
=
1S
204
0 . . . : :
0 2 4 6 8 10
Round
Figure 6. Robustness to catastrophic forgetting. We evalu-

ated the adapted models after each round on the source dataset
(Cityscapes).  All experiments are evaluated on Cityscapes-
to-ACDC in semantic segmentation using DeepLabV3Plus-
ResNet50. In comparison to TENT, ours does not show catas-
trophic forgetting and error accumulation.

other methods in mean accuracy over different corruption
types. TENT shows performance that is almost equal to ran-
dom performance. The second best method, PETAL, is bet-
ter than the source model, but it is far from satisfactory per-
formance. In contrast, our method exhibits anti-forgetting
and maintains high performance over time.

5. Conclusion

In this paper, we propose BESTTA, a style transfer guided
continual test-time adaptation (cTTA) method for stable and
efficient adaptation, especially in the single image cTTA
setting. To stabilize the adaptation, we devise a stable nor-
malization layer, coined BelN, that incorporates learnable
parameters and source statistics. We propose style-guided
losses to guide our BelN to effectively transfer the style of
the input image to the source style. Our approach achieves
state-of-the-art performance and memory efficiency in the
single image cTTA setting. We plan to explore a method to
automatically select the best layer to insert our BeIN layer.
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In this supplementary material, we provide further details
of the main paper as follows:

A. Formulation details

B. Additional ablation studies

C. Complete implementation details

D. Further experimental results

A. Formulation details

In this section, we provide the detailed formulations and ra-
tionale for our formulation for TTA-as-style-transfer (Eq. 5)
and our proposed BelIN layer presented in Sec. 3.1 and
Sec. 3.2. The test-time adaptation task in this section is
to adapt a model trained in the source domain that follows
N(us,02) to the target domain that follows N (uy,0?).
Note that the formulations are for a single layer.

A.1. Problem analysis

Instability of batch normalization Batch normalization
(BN) is formulated as follows:

X — s

Os

BN(X) = o

+ 8 (A)

where « and 3 are learnable affine parameters. As shown in
Fig. A, the output of BN layer follows the following distri-
bution:

N(B,a?) if X ~ N(us,0?) (Ba)

— e 2

BN(X) ~ {

Therefore, the objective of BN is to normalize the input
to follow the distribution N (3, ), however, domain shift
causes the distribution misalignment, as shown in Eq. Bb.
When X is drawn from the target domain, the difference of
distributions makes the BN layers unstable, especially when
a(ps — ps) /o differs from 0 and 0 /o, differs from 1.

TENT TENT [41] aligns the output distribution of each
BN layers to N (3, a?) as following:
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Figure A. Normalization overview.

where o/ and 8 are learnable parameters different from «
and 3. Due to the distribution of the target domain is un-
known, TENT aims to find the optimal values o’ and /3’
that approximate the distribution N(3,a?). The optimal
solution to align Eq. Ca and Eq. Cb is o/ = aox /o and
B = B —a(us — pux)/os. Because u; and o are unknown,
TENT tries to find the optimal parameters by learning with
entropy.

TTA as style transfer We formulate the TTA as a style
transfer problem that transfers the target style to the source
style (Eq. 5),

L e

TTA(z) = 05
@ =0 =

+ s D)

where z ~ N (ug,02). Then TTA(z) ~ N(us,0?2), which
is aligned to the source distribution.

For example, TENT (Eq. 2) can be viewed as a spe-
cial case of the TTA-as-style-transfer, whose parameters are
ws = B 0s =, u = pu(X), 00 = 0(X), and is inserted
after every BN layers (i.e., X = BN(Xj,) where Xj, is an
input of the BN layer.) In this formulation, TENT is un-
stable with a small mini-batch because the estimated target
statistics (¢, 0¢) depends on the unstable sample statistics

(1(X), 0(X)).

A.2. Rationale for the BeIN parameters

In this section, we provide the rationale for the estimated
target statistics (fi¢, 6¢) for BeIN, Eq. 7 and Eq. 8. As
mentioned in Sec. 3.2, our proposed BelIN is formulated as
follows:
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Figure B. BeIN overview, where BelN is inserted after a BN layer.
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BeIN(z) =7,

The objective of BelN is to align the input distribution
to the source distribution N (75, 75>), as shown in Eq. Eb.
In our implementation, the objective statistics o, = « and
s = [ since the BelN layer is inserted after a BN layer
as shown in Fig. B. Let z;, € RE*7W be the input be-
fore the BN layer that follows N (u,0?). Then the input
of the BeIN layer xr = BN(.CCm) = Oé(acm — ,UBN)/UBN + IB,
where (upn, opN) is the statistics of the source domain on
which the BN layer is trained. The ideal BN aligned to the
target domain is BNigea (Zin) = a(zin — p¢)/0r + 5. Con-
sequently, the objective of BelIN is formulated as follows:

BeIN(z) = BeIN(BN(ziy)) = BNjgea (Zin) ()]
A possible solution of Eq. F is as follows:

br="ta, iy =at N 4 (©)
OBN OBN
Since the target statistics (i, o) are unknown, we need
to estimate the statistics based on other known statistics. To
ensure stability, we estimate the statistics using the stable
source statistics as an anchor point, instead of solely relying
on the unstable sample statistics.

Standard deviation Let v = (zi, — pe)/or ~ N(0,1)
(i.e., zin = ¢ + voy.) Then the sample statistics are as
follows:

Ot p(v)os + pug

Oy = aa(v)a, fe = p—

*MBNJFB (H)

where p(v) and o(v) are the mean and standard variation
of v, respectively. By Eq. G and Eq. H, the optimal target
statistics (fi;, 6¢) are as follows:

b; = % it = 1o — () I

We approximate o(v) = 0,/ by the weighted sum of
the ideal case (o(v) = 1) and the source-sample deviation

difference o, /7, with a learnable parameter . :

0(v)2p+(1—p)Z:I + 7y )

Method Batch size
1 2 4

Source 41.8 41.8 41.8
TENT-continual [41] 37.3 40.1 41.3
EATA [28] 37.4 39.2 39.6
CoTTA [43] 42.6 42.8 429
EcoTTA [36] 37.4 38.0 38.4
PETAL [1] 41.8 42.0 42.0
BESTTA (Ours) 44.2 44.2 44.1

Table A. Ablation study on batch sizes. Performances (mloU in %)
are evaluated on Cityscapes-to-ACDC continual test-time adapta-
tion task, using DeepLabV3Plus-ResNet50 [3]. Input images are
resized to 960x540. Our proposed method consistently achieves
the highest performance regardless of batch sizes.

Therefore, by Eq. I and Eq. J,

1 1-— d
- = s + Tp + Yo (Ka)
Ot Oy Os Oy
— & Is % (Kb)

s+ (1= p)ow + 7

Eq. Kb is equivalent to Eq. 7, where v, = 7,7, for sim-
plicity.

Mean Similar to o(v), we approximate u(v) = (g, —
i)/ 6+ by the weighted sum of the ideal case (u(v) = 0)
and the source-sample mean difference (u, — fi5)/fis with
a learnable parameter 'y;.

x E

p(v) = (1= p) = =F 4oy, L
Therefore, by Eq. J and Eq. L,
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Eq. Md is equivalent to Eq. 8, where v, = £=q; — 1+, for
simplicity. '

B. Additional ablation studies

We provide additional ablation studies and the complete re-
sults of the ablations studies in Sec. 4.1.

Effectiveness of batch sizes. We evaluate our method
and the baselines on batch sizes of 1, 2, and 4. Table A
shows that our method consistently performs better than the



baselines, demonstrating its robustness to batch sizes. The
BN-based methods (TENT-continual [41], EATA [28], and
EcoTTA [36]) improve with larger batch sizes due to re-
duced instability, whereas CoTTA [43] and PETAL [1] do
not exhibit significant improvement. Despite their improved
performance, our method consistently surpasses the base-
lines regardless of the batch sizes.

Effectiveness of losses. Table B displays the complete re-
sults of the ablation study on losses in Table 4. The results
indicate that the proposed losses presented in Sec. 3.3 ef-
fectively enables the single-image continual test-time adap-
tation as follows. Firstly, the style loss outperforms the
entropy loss, confirming its effectiveness. Secondly, us-
ing both the style loss and the entropy enhances the perfor-
mance, indicating the stability of the style loss. Thirdly, the
use of content loss consistently improves the performance,
indicating the effectiveness of the content loss. Lastly, the
L2 regularization loss helps performance by preventing the
catastrophic forgetting, which is especially effective when
used with the style loss and the content loss.

Layer selection to insert BeIN Layer. Table C provides
the complete results of the ablation study on the layer selec-
tion to insert the proposed BeIN layer in Table 5. The results
indicate that inserting the BeIN layer after Layer3 consis-
tently performs better than other cases in terms of mloU in
each round, regardless of the number of BelIN layers used.
Additionally, inserting a BeIN layer after Layerl achieves
better adaptation performance in fog and snow condition,
as presented in (e), (f), and (m). This result indicates that
selecting a layer in the lower level is advantageous in the
presence of prevalent adverse weather effects, as the low-
level features capture the prevalent patterns [8]. The results
suggest that inserting a BeIN layer following a higher-level
layer, excluding the last layer, is more effective. This is due
to the ability of the higher-level layers to capture the global
adverse weather effects such as rain accumulation.

Notably, using a single BeIN layer after Layer3 achieves
the highest performance, as demonstrated in (c). This im-
plies that Layer3 captures both low- and high-level fea-
tures, enabling effective style transfer guided adaptation.
However, using more BeIN layers does not improve perfor-
mance, as shown in (e-0). We speculate that the normaliza-
tion process becomes unstable when transferring the style
more than once.

C. Complete implementation details

We provide further implementation details for our experi-
ments in Sec. 4.

Details for the correlations To examine the correlations
between adaptation performance and style transfer related
metrics in Fig. 3 and Fig. C, we measure direction similar-
ity, target similarity, entropy, and source similarity, which

100 100
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Figure C. Correlations between performance and style transfer re-
lated metrics in image classification. In contrast to semantic seg-
mentation, we discover that direction and target similarities are
uncorrelated (p < 0.05). Target similarity appears to be related in
(b), however, the majority of data (93.7%) have target similarity
above 0.9, making the results unreliable. All results are evalu-
ated on CIFAR-10-C [15] using WideResNet-28 [45] pretrained
on CIFAR-10 [18].

are described in Sec. 3.3. We measure the similarities
between adapted and unadapted embeddings, using the
method suggested by Schneider et al. [35], a simple un-
supervised adaptation method that employs the weighted
mean of batch statistics derived from both the source and
target data. We set the hyperparameter N to 8, as suggested
by the authors, where N determines the weights for the
source and target statistics. The colored regions in Fig. 3
and Fig. C indicate the 95% confidence interval.

Details for image classification In the image classifica-
tion experiments in Sec. 4.2, we set the learning rate to
0.1, pto 0.9 and Aq, A2, A3, and A4 to 1, O, 1, and O, re-
spectively. Based on our empirical observations depicted
in Fig. C, the content loss is not effective in image clas-
sification, thus, we do not utilize it in image classifica-
tion. This is because the image classification data are syn-
thetic, the content of the data remains unchanged in the
presence of image corruption. We replace the style loss
with the cosine distance between &(xs..) and &'(z), i.e.
Lsiyie = 1 — cos(E(zgrc), ' (x)). We find that employ-
ing this straightforward form of style loss is more effective
in guiding the BelN layer to successfully transfer the style
of the input image in image classification.

Other details In Sec. 4.1, we set p to 0.7 and set the
momentum value of the optimizer to 0.9. For baselines, we
use the optimal configurations provided in their respective
papers. We measure the peak GPU memory consumption
using torch.cuda.max_memory_allocated()
method. We measure the average processing time per
image by averaging the wall time elapsed for processing
1,000 images. The average processing time includes both
the forward and backward operations.

D. Further experimental results

We present the further experimental results including the
complete results of the experiments in Sec. 4.



Lentropy Lstyle Lecontent Lo Round 1 Round 4 Round 7 Round 10 Mean
(a) v X X X 21.2 53 4.5 4.2 6.7
(b) X v X X 31.0 254 24.4 24.0 25.6
(c) v v X X 37.1 32.3 30.2 28.9 31.8
(d) v X v X 21.8 14.0 13.6 134 14.7
(e) v X X v 13.8 5.0 5.0 5.0 5.9
63) X v v X 39.0 37.3 37.1 36.9 374
() X v X v 38.3 38.6 38.5 38.6 385
(h) v v v X 40.1 39.2 37.9 37.3 38.6
@) v v X v 28.8 26.9 26.9 26.9 27.1
@) v X v v 37.2 41.1 41.1 41.1 40.7
(k) X v v v 40.4 40.7 40.7 40.8 40.7
1) v v v v 40.8 43.5 43.6 43.6 43.2

Table B. Ablation study on our losses. Performances (mloU in %) are evaluated on Cityscapes-to-ACDC single image continual test-time
adaptation task for each different combination of losses, using DeepLabV3Plus-ResNet50 [3]. The results are separated by the number of
losses used. Using all of our proposed losses considerably improves the performance. Because the content loss and the L2 regularization
are only meaningful with other losses, their individual results are excluded.

Layerl Layer2 Layer3 Layer4 Fog Night Rain Snow |Round 1 Round 4 Round 7 Round 10| Mean
(a) v X X X 53.6 222 46.5 44.4 40.2 42.0 419 41.9 41.7
(b) X v X X 52.6 21.8 459 434 39.3 41.1 41.1 41.1 40.9
(c) X X v X 53.7 26.0 48.3 45.0 40.8 43.5 43.6 43.6 43.2
(d) X X X v 42.1 23.5 40.2 38.1 36.0 36.0 36.0 36.0 36.0
(e) v v X X 54.2 17.8 47.5 44.9 39.7 41.2 41.2 41.2 41.1
®) v X v X 54.3 233 48.2 46.2 38.7 43.5 43.5 43.5 43.0
(2) v X X v 47.7 26.1 45.2 42.6 40.1 40.4 40.4 40.4 40.4
(h) X v v X 52.5 23.2 46.5 44.7 39.6 42.0 419 41.9 41.7
@) X v X v 49.6 25.3 443 41.9 39.1 40.4 40.4 40.4 40.3
() X X v v 51.9 25.0 45.8 42.8 39.0 41.6 41.6 41.6 41.4
(k) v v v X 53.0 23.0 47.0 454 384 42.5 42.5 42.5 42.1
(0)) v v X v 51.2 21.0 45.4 43.7 39.2 40.5 40.4 40.4 40.3
(m) v X v v 53.2 25.3 47.3 46.3 40.0 43.4 433 434 43.0
(n) X v v v 51.3 23.5 45.5 43.9 38.1 41.4 41.4 414 41.0
(0) v v v v 52.0 23.6 46.5 45.2 38.5 422 421 42.2 41.8

Table C. Ablation study on the position of BeIN. Performances (mloU in %) are evaluated on Cityscapes-to-ACDC single image continual
test-time adaptation task, using DeepLabV3Plus-ResNet50 [3]. The results are separated by the number of layers where BelN is inserted.

Complete results Table D presents the complete results
of Table 2. Our method consistently outperforms the base-
lines in all rounds regardless of the weather conditions on
the Cityscapes-to-ACDC single image continual test-time
adaptation task. Our method consumes the lowest GPU
memory and the second lowest processing time among the
backward-based baseline test-time adaptation methods. Ta-
ble E shows the complete results of Table 3. Our method
achieves the highest mean mloU regardless of the type of
corruptions on the Cityscapes-to-Cityscapes-C single image
gradual test-time adaptation task.

Further qualitative results Fig. D illustrates the distri-
butions of adapted embeddings of our method and the base-
lines in each channel. Our method effectively aligns the em-
bedding distribution with the source distribution, irrespec-
tive of the weather conditions, demonstrating the effective-
ness and stability of our method. On the contrary, the BN-
based methods exhibit instability as their embedding distri-
butions collapse to a single point. Fig. E presents further
predictions of our method and the baselines. Our method
consistently outperforms the baselines across the weather
conditions, with higher accuracy and lower noise.



Time t

Method Round 1 Round 2 Round 3 Round 4
Fog Night Rain SnowMean| Fog Night Rain SnowMean| Fog Night Rain SnowMean| Fog Night Rain Snow Mean
Source 44.3 22.0 41.5 389 36.6(44.3 22.0 41.5 389 36.6|44.3 22.0 41.5 38.9 36.6|44.3 22.0 41.5 38.9 36.6

BN Stats Adapt [27][36.8 23.5 38.2 36.3 33.7|36.8 23.5 38.2 36.3 33.7|36.8 23.5 38.2 36.3 33.7|36.8 23.5 382 36.3 33.7
TENT* [41]  [38.2 22.9 41.1 37.8 35.0(38.2 22.9 41.1 37.8 35.0(38.2 22.9 41.1 37.8 35.0|38.2 22.9 41.1 37.8 35.0
TENT-continual [41]|37.7 23.5 39.9 37.5 34.6|39.0 22.1 37.6 34.0 33.2(35.5 19.9 34.3 30.3 30.0|31.4 17.3 30.7 26.8 26.6
EATA [28] 36.8 23.4 383 36.5 33.7|37.1 23.4 38.5 36.7 33.9(37.3 23.5 38.8 36.9 34.1|37.6 23.5 39.0 37.1 343
CoTTA [43] 463 22.0 442 40.4 38.2|47.3 21.7 45.0 40.4 38.6|47.8 21.4 45.3 40.3 38.7|48.1 21.0 453 40.2 38.6
EcoTTA [36] |33.4 20.8 35.6 32.9 30.7|33.7 21.0 35.8 33.0 30.9(34.0 21.1 35.9 33.1 31.0(34.2 21.2 36.1 33.2 31.1
PETAL [1] 44.7 22.1 42.9 40.1 37.5|46.6 22.4 43.8 40.6 38.4|47.2 22.4 442 40.7 38.6|47.3 22.4 44.4 40.8 38.7
BESTTA (Ours) |47.8 24.3 47.2 43.8 40.8(53.4 26.3 48.3 44.8 43.2|54.3 26.2 48.4 45.1 43.5|54.5 26.1 48.4 45.2 435

(a) Round 14

Time t
Method Round 5 Round 6 Round 7 Round 8

Fog Night Rain SnowMean Fog Night Rain SnowMean| Fog Night Rain SnowMean| Fog Night Rain SnowMean
Source 443 22.0 41.5 389 36.6(44.3 22.0 41.5 38.9 36.6|44.3 22.0 41.5 389 36.6(44.3 22.0 41.5 38.9 36.6

BN Stats Adapt [27]{36.8 23.5 38.2 36.3 33.7|36.8 23.5 38.2 36.3 33.7|36.8 23.5 38.2 36.3 33.7(36.8 23.5 38.2 36.3 33.7
TENT* [41] 38.2 229 41.1 37.8 35.0|38.2 229 41.1 37.8 35.0(38.2 22.9 41.1 37.8 35.0(38.2 22.9 41.1 37.8 35.0
TENT-continual [41][ 27.2 14.7 26.6 23.4 23.0|23.1 12.7 22.6 20.2 19.7|19.8 11.2 18.8 17.3 16.8|17.2 10.1 159 15.0 145
EATA [28] 37.7 23.5 39.2 37.3 344|379 23.5 394 37.5 34.6|38.1 23.6 39.5 37.6 34.7(38.2 23.6 39.7 37.8 34.8
CoTTA [43] 48.1 20.8 45.4 40.0 38.6(48.1 20.5 45.3 39.9 38.5(48.1 204 45.3 39.7 38.4|48.1 20.2 45.2 39.6 38.3
EcoTTA [36] 344 21.2 36.2 33.2 31.3|34.5 21.3 36.3 33.2 31.3|34.7 21.3 36.3 33.2 31.4|34.8 21.4 364 33.2 314
PETAL [1] 473 22.3 44.5 40.7 38.7|47.3 222 44.6 40.6 38.7|47.1 22.1 44.7 40.6 38.6(47.1 22.0 44.6 40.6 38.6
BESTTA (Ours) |54.5 26.1 48.4 45.2 43.6 |54.5 26.1 48.4 45.3 43.6|54.5 26.1 48.4 45.3 43.6|54.5 26.1 48.4 45.3 43.6

(b) Round 5-8

Time t .
Round 9 Round 10 Mean 1 Time | Memory |
Method . . . , (%) (ms)  (GB)
Fog Night Rain Snow Mean | Fog Night Rain Snow Mean

Source 443 220 415 389 36,6 | 443 220 415 389  36.6 36.6 1359 1.76

BN Stats Adapt [27]| 36.8  23.5 382 363 337 36.8 235 382 363 337 337 1927 2.01
TENT* [41] 382 229 411 37.8 350 | 382 229 411 37.8  35.0 350 3438 9.58
TENT-continual [41]| 15.1 9.3 13.9 13.2 12.9 13.4 8.7 12.4 11.8 11.6 | 223 3438 9.58
EATA [28] 383 236 398 379 349 385 236 399 380 350 344 190.6 9.90
CoTTA [43] 480 201 452 396 382 | 48.0 200 451 395 381 384 4337 18.20
EcoTTA [36] 349 214 364 332 315 349 214 365 332 315 312 7593 10.90
PETAL [1] 470 219 446 405 385 | 469 220 446 405 385 | 385 5120 18.51
BESTTA (Ours) 545 261 484 453 436 | 545 261 484 453 436 | 432 2918 8.77

(c) Round 9-10

Table D. Semantic segmentation results (mloU in %) on Cityscapes-to-ACDC single image continual test-time adaptation task. We compare
ours with other state-of-the-art TTA methods in terms of peak GPU memory usage (GB) and time consumption (ms) for each iteration, and
mean intersection over union (mlIoU). All results are evaluated using the DeepLabV3Plus-ResNet50 [3]. * denotes the requirement about
when the domain shift occurs. The best and second best results among the backward-based methods are highlighted.



Time t
Mean
Severity 1 2 3 4 5 4 3 2 1
Source 73.2 711 67.7 63.1 57.2 63.1 67.7 71.1 73.2 67.5
TENT-continual [41] 70.0 67.4 64.9 62.1 58.8 59.1 58.8 58.2 57.5 61.9
PETAL [1] 73.1 70.8 67.0 61.6 54.2 59.1 63.0 65.9 68.2 64.7
BESTTA (Ours) 72.9 70.7 68.3 65.3 61.4 65.0 67.8 70.1 71.9 68.2
(a) Brightness
Time t
Mean
Severity 1 2 3 4 5 4 3 2 1
Source 67.1 63.5 58.0 55.7 44.8 55.7 58.0 63.5 67.1 59.3
TENT-continual [41] 53.5 50.9 48.2 453 40.7 42.0 42.2 42.1 42.0 452
PETAL [1] 58.0 50.7 41.3 32.5 17.8 25.6 28.7 31.9 36.2 35.8
BESTTA (Ours) 66.5 64.0 59.6 57.6 50.4 57.2 59.3 63.6 66.1 60.5
(b) Fog
Time t
Mean
Severity 1 2 3 4 5 4 3 2 1
Source 44.9 25.6 18.0 16.3 13.5 16.3 18.0 25.6 44.9 24.8
TENT-continual [41] 33.8 27.7 235 21.6 19.6 19.5 19.3 20.1 21.6 23.0
PETAL [1] 17.7 6.6 4.5 3.6 3.1 3.0 3.2 3.3 6.0 5.7
BESTTA (Ours) 53.8 384 28.1 24.1 17.9 20.5 21.9 30.1 49.6 31.6
(c) Frost
Time t
Mean
Severity 1 2 3 4 5 4 3 2 1
Source 253 11.8 11.5 9.1 9.5 9.1 11.5 11.8 253 13.9
TENT-continual [41] 19.3 16.8 16.7 15.1 14.2 139 14.0 132 14.2 15.3
PETAL [1] 0.7 0.5 0.3 0.3 0.5 0.3 0.3 0.3 0.4 0.4
BESTTA (Ours) 39.5 20.4 18.6 12.8 12.5 12.2 16.0 16.9 30.7 20.0
(d) Snow
Method ‘ Source TENT-continual [41] PETAL [1] BESTTA (Ours)
Mean mloU (%) | 414 36.3 26.7 45.0
(e) Mean

Table E. Semantic segmentation results (mloU in %) on the Cityscapes-to-Cityscapes-C gradual test-time adaptation task. All experiments
are evaluated using DeepLabV3Plus-ResNet50 [3]. The best and second best results are highlighted.
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Figure D. Embedding feature distributions of adapted embeddings in our method and the baselines. Our method successfully aligns
the target distribution (ACDC) to the source distribution (Cityscapes). Our method successfully aligns the embedding distribution with
the source distribution, whereas the BN-based methods (TENT [41], EATA [28], EcoTTA [36]) exhibit instability as their embedding
distributions collapse. We use DeepLabV3Plus-ResNet50 [3] pretrained on Cityscapes [5] in this experiment.
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Figure E. Further qualitative comparison of semantic segmentation on Cityscapes-to-ACDC single image continual test-time adaptation
task. All experiments are evaluated using DeepLabV3Plus-ResNet50 [3]. TENT-c denotes the TENT-continual [41] method.



