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Abstract

We consider test-time adaptation (TTA), the task
of adapting a trained model to an arbitrary test do-
main using unlabeled input data on-the-fly during
testing. A common practice of TTA is to disre-
gard data used in training due to large memory
demand and privacy leakage. However, the train-
ing data are the only source of supervision. This
motivates us to investigate a proper way of using
them while minimizing the side effects. To this
end, we propose two lightweight yet informative
proxies of the training data and a TTA method
fully exploiting them. One of the proxies is com-
posed of a small number of images synthesized
(hence, less privacy-sensitive) by data condensa-
tion which minimizes their domain-specificity to
capture a general underlying structure over a wide
spectrum of domains. Then, in TTA, they are
translated into labeled test data by stylizing them
to match styles of unlabeled test samples. This en-
ables virtually supervised test-time training. The
other proxy is inter-class relations of training data,
which are transferred to target model during TTA.
On four public benchmarks, our method outper-
forms the state-of-the-art ones at remarkably less
computation and memory.

1. Introduction

Supervised learning with large-scale training data has driven
remarkable improvement in a variety of machine learning
tasks. In spite of its great success, however, it often suf-
fers from limited generalization performance due to the
distribution shift between training and test data (Long et al.,
2015; Ganin & Lempitsky, 2015; Li et al., 2017; Dai &
Van Gool, 2018; Hendrycks & Dietterich, 2019). In real-
world deployment, such a distribution shift is inevitable
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Figure 1. An overview of our test-time adaptation (TTA) frame-
work. Before TTA, it (1) condenses training data into a tiny number
of synthetic images and (2) extracts inter-class relations the train-
ing data exhibit. During TTA, the condensed data are used as
labeled data for test-time training and the inter-class relations are
used to regularize predictions of the model.

Condensed data

since it is practically impossible to collect and annotate data
for all possible environments in advance of training. A large
body of research has alleviated the distribution shift prob-
lem via domain adaptation and generalization. Although
they have provided impressive performance gain on realistic
benchmarks, there is still a large gap between their prob-
lem settings and practical application scenarios: Domain
adaptation relies on an impractical assumption that test do-
main data are available in training (Long et al., 2015; Sun
& Saenko, 2016; Tzeng et al., 2017; Ganin & Lempitsky,
2015; Tsai et al., 2018; Chang et al., 2019), and domain
generalization does not exploit test data at all although they
are available in testing (Muandet et al., 2013; Li et al., 2017;
Huang et al., 2020; Iwasawa & Matsuo, 2021; Choi et al.,
2021; Shi et al., 2021; Kang et al., 2022).

To address these limitations of domain adaptation and gen-
eralization, test-time adaptation (TTA) has been proposed
recently (Sun et al., 2020; Liu et al., 2021; Sarkar et al.,
2022; Wang et al., 2021; Iwasawa & Matsuo, 2021; Wang
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et al., 2022b; Chen et al., 2022; Boudiaf et al., 2022; Shin

et al., 2022). The goal of TTA is to adapt a trained model

to the test domain using unlabeled input ddaaing testing

and a convention in the literature is to disregard training data

in that adaptation process. This practice makes sense since

it is usually impractical to distribute a model along with

training data whose scale is prohibitively vast in these days.

Also, distributing raw training data may lead to privacy leak-

age issues when the data contain critical private information.

Nevertheless, we believe the practice limits further improve-

ment of TTA since it ignores the only source of supervisionFigure 2. Performance comparison in accuracy, computational
The adaptation process using only unlabeled test data coultbst, and memory requirement. The memory size is either the
be unreliable or even deteriorate performance due to theize of the momentum network or the amount of condensed data

absence of accurate supervision incurring con rmation biagequired by each method. The subscript of "Ours" indicates the
towards inaccurate predictions. number of condensed images per class. Our method clearly out-

performed the state of the art (AdaContrast and CoTTA) with 4.28
Motivated by this, we propose a new TTA method usingtimes and 116.7 times less memory footprint on VisDA-C and
proxy of training data without the side effects.,, memory  CIFAR10-C, respectively.
footprint and privacy leakage. Two types of the proxy in our
method are illustrated in Figure 1. The rst proxy is a tiny
set of condensed training data for supervised test-time traind Practical TTA scenarios. Moreover, the ef ciency of our
ing. Before TTA, training data are condensed into a smalMmethod suggests that it successfully resolves the main objec-
number of synthetic images that are less domain-speci ¢ion to the use of training data for TTA (Wang et al., 2021).
and loose private information as well as capturing as mucH he major contribution of this paper is four-fold:

information of the entire dataset as possible. During TTA, o .
: We present the rst attempt to utilize lightweight and

the condensed images are used as labeled (synthetic) tes’ ; . = .
data for test-time training, which demands only small com- Informative proxies of training data for TTA without
putation and memory while alleviating the privacy leakage large memory demand or leaking privacy.

issue Fhanks to the condensation. Furthermore,. to close the, We design a dataset condensation technique dedicated to
domain gap between the condensed and test images, neu-rp  ynjike conventional methods, it aims to generate

ral styles of the condensed images are replaced with those synthetic images which loose privacy information of

.Of t(?St images 'in a featgre space the y, which gives training data and whose styles are well replaced with
illusions of test images with ground-truth labels. those of test data on the

The second proxy is inter-class similarity relations extracted
from training data in advance and transferred to the target'
model during TTA. Unlike individual features or classes,
pairwise relations between classes are less sensitive to do-
main shifts and thus well-transferable (Park et al., 2019;

Seo et al., 2021). Based on this observation, we propose a oyr method outperformed every prior art on four TTA
new variant of knowledge distillation, dubbethss-relation benchmarks. Moreover, it demands less computation

knowledge distillatio{lCRKD). CRKD forces inter-class and memory footprint than the state-of-the-art methods.
similarities estimated in the test domain to approximate

those of training data. Since the inter-class similarities arg imitation:
highly abstract, CRKD demands negligible memory and
does not transfer private information of training data.

We propose CRKD, a knowledge distillation technique
dedicated to TTA. CRKD extracts and transfers inter-
class relations of training data, which are insensitive to
domain shifts and do not hold private information.

First, it is not straightforward to apply our
method to large-scale datasets due to the complexity of
dataset condensation that quickly increases as the number
It is worthy to note that, thanks to the effective use of train-Of images and that of pretrained classes increas. We an-
ing data through the proxies, our work demands substaficipate this issue will be resolved by advances in dataset
tially less computation and memory than the state-of-the-ar€ondensation and development of deep learning hardwares.
techniques using no training data (Wang et al., 2022b; Che®econd, ours cannot be applied when training data of the
etal., 2022) as well as surpassing their performance as de&odel in hand are latent. However, we believe this is an
mosntrated in Figure 2. Regarding that models are oftetinusual case since most of publicly available models were
deployed in systems with limited computing power andtrained on public datasets, and commercial providers have

memory for testing, such ef ciency is of great importance N0 reason not to distribute proxies of training data that are
cheap and expected to prevent privacy leakage.
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2. Related work the impact of style injection on the use of condensed images.
2.1. Test-time adaptation 2.3. Dataset condensation

Early approaches to TTA has been frequently addresseIgataset condensation aims to synthesize a small set of
by self-supervised learning (SSL) on unlabeled test data y

The method of Sun et al. (2020) relies on a proxy taskmformatlve data so that a network trained on them can

of predicting the type of image rotation, but this uncon_achleve comparable performance to one trained with the

. ; . . c?riginal training dataset. Wang et al. (2018) introduced a
strained self-supervised adaptation could be easily over tte I eta-learnina method considering condensed data as learn-
to the auxiliary task. To resolve this issue, Liu et al. (2021) 9 g

. S . able parameters and optimize network parameters and the
aligned test features by minimizing the distance between d dd | el | di h
feature statistics of training and test domains, and Sarkafoonse ata alternatively. Recently, gradient match-

! g (Zhao et al., 2021; Cazenavette et al., 2022; Lee et al.,

et al. (2022) proposed a consensus prediction strategy. A 022b) and distribution matching (Zhao & Bilen, 2021:
of these methods alter training process and/or model arc "ang etal., 2022a) have been studied for the purp;ose '
tecture for learning with the auxiliary SSL tasks. v ’
On the other hand, Wang et al. (2021) proposed a fuyc % 1% F0C e AR 2CHEE SRR K etee O e
test-time adaptation method with no such alteration by min- . .
o o condensed training data, demanding only affordable compu-
imizing the prediction entropy for test data. Also, Iwasawatatiorl and memory footprint

& Matsuo (2021) adapted a model to test samples in a do- '
main generalization setting through a backpropagation-fre%
adaptation method. They modify only the linear classi-
er and classify each sample based on its distance to theatastrophic forgetting has been a chronic issue in continual
pseudo-prototypes. Also, Boudiaf et al. (2022) employed dearning, and regarding TTA as a combination of continual
parameter-free method for TTA by modifying output prob-jearning and unsupervised domain adaptation, it can deteri-
abilities of the classi er. Meanwhile, recent studies on orate TTA performance too. One popular way of alleviating
TTA for single instance (Khurana et al., 2021; Zou et al. this issue is to replay memory of a few samples of the previ-
2022) have also been proposed, assuming a realistic scenag@s task (Rebuf et al., 2017; Lopez-Paz & Ranzato, 2017;
where on-demand inference is demanded. Other recent studhaudhry et al., 2019; Guo et al., 2020), which is called
ies (Chen et al., 2022; Wang et al., 2022b) adopt momenturfehearsal-based learning. For example, GEM (Lopez-Paz &
encoders for accurate pseudo labeling of test data, but thRanzato, 2017) and A-GEM (Chaudhry et al., 2019) keep
encoders require nontrivial memory overhead additiona"y.|osses of examp|es stored in episodic memory low enough'

Our method adapts any pretrained model to test data witfind MEGA (Guo etal., 2020) generalizes the memory-based
out such heavy auxiliary modules where all test data argnethods by novel loss-balancing updating rules.

streamed sequentially. More importantly, unlike all the Motivated by these methods, our work stores and replays
previous work, it is designed to utilize training data in ancondensed training data to prevent the model from being
ef cient, effective, and privacy-preserving manner. degraded by unlabeled test data in TTA.

.4. Rehearsal-based learning

2.2. Neural style representation 2.5. Knowledge distillation

Gatys et al. (2016) demonstrated that statistics of conva<nowledge distillation (KD) aims at transferring knowl-
lutional features capture the style of an image. Ulyanovedge of a model (teacher) to another model (student), and
et al. (2017) introduced instance normalization (IN) for im-has been employed for model compression and regulariza-
age stylization, and thereafter IN has been used also fafon (Ba & Caruana, 2014; Romero et al., 2014; Hinton
normalizing image styles (Nam & Kim, 2018; Dumoulin et al., 2014; Zagoruyko & Komodakis, 2017; Yim et al.,
etal., 2017; Lee et al., 2022a). AdalN (Huang & Belongie,2017; Polino et al., 2018; Crowley et al., 2018; Park et al.,
2017) transfers channel-wise mean and standard deviatiaxn19; Nayak et al., 2019). By mimicking the teacher model,
of convolutional features for neural style transfer. Recenthe student model can effectively learn semantic similarity
studies on domain generalization (Nam et al., 2019; Kimpetween categories from the teacher.

etal., 2021; Zhou et al., 2021; Kang et al., 2022) have used .
these style representation schemes under the assumptiM‘Pt'VmeOI by these methods, we propose to transfer inter-

that a visual domain is characterized by styles of its image$'ass relations as knowledge of training data. Since inter-
class relations are highly abstract and less domain-sensitive,

Our strategy for test-style injection to condensed traininghey are well transferred, demand only a tiny amount of
data is motivated by these methods. Itis the rst attempt tomemory, and do not raise privacy issues.
exploit test style representation for TTA and to investigate

3
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3. Method of training data. Hence, our loss for DC is given by

Our method consists of two parts: @iataset condensation

(DC) to synthesize a proxy of the training data in advance-pc =

of TTA, and (ii) test-time adaptatiofTTA) to adjust the 1 X 1 X 2
target model with virtual supervision from converting the A— fo IN fi(x) —— fo fi(x) ;
proxy into the test domain style. The synthesized proxyc=1 1Bd] x2B. 1Bc] X2B.

is lightweight as it consists of only a few synthetic data, Q)
and would raise fewer privacy concerns than raw training

data. Especially, neural styles of test data are injected intoh C indicates th ber of cl d IN stands f
the condensed ones on-the-y in a feature level so thaf!'€ret Indicates the numper of classes an stands for

they behave like test domain data with ground truth Iabelst.he instance normalization.

To this end, our condensation method aims to synthesiz€o be more speci ¢, the instance normalization aims to
images that are appropriate for style injection as well agemove domain characteristics of an image in a feature
preserving as much information of the entire training datasegpace so that the condensed data simulate a domain-invariant
as possible. In addition, our method extracts the inter-clasgersion of the training set. This approach is motivated by the
similarities learned from training data as the second proxyact that a visual domain has been characterized by styles
and forces such similarities estimated in the test domaimf images in that domain and global statistics of low-level
to approximate those of training data. These two differenfeatures have been widely used as style descriptors (Huang
proxies of training data demand only a small amount of& Belongie, 2017; Zhou et al., 2021; Kang et al., 2022).
additional memory and prevent privacy leakage.

The remainder of this section presents details of our datasér2- Test-time adaptation using proxies of training data
condensation method (Section 3.1) and our TTA frameworkoyr adaptation framework utilizes knowledge of training

using the proxies of training data (Section 3.2). data in two different ways. First, the condensed data whose
_ . neural styles are replaced by those of test samples are used
3.1. Style-normalized dataset condensation for supervised learning. Second, inter-class relations learned

from training data are transferred to predictions for test data.
é%n overview of our framework is illustrated in Figure 3, and
its details are presented in the remainder of this section.

Following recent DC approaches (Zhao & Bilen, 2021
Wang et al., 2022a), we synthesize a tiny set of condens
images by matching feature distributions of training and
condensed data. In addition, our method has two distinctiv
features dedicated to TTA. First, since a pretrained networ
is employed and adapted during testing in TTA, we uti+We propose to use a few condensed training data for facilitat-
lize a xed pretrained network as the feature extractor foring TTA by preventing con rmation bias due to inaccurate
DC unlike conventional methods accompanying randomlysupervision for unlabeled test data. A challenge lying in
initialized networks. Second, we aim to build condensedhis direction is the distribution gap between training and
images preservingtyle-normalizedtontents of training data test domains; using the condensed training data as-is for
so that the condensed images become less domain-specigupervised learning may hinder the adaptation towards the
and better simulate test data when test styles are injectedtest distribution due to the domain gap.

%.2.1. SJPERVISED LEARNING WITH CONDENSED DATA

To be specic, the condensed images are optimized byn order to effectively utilize the condensed data, we propose
minimizing the empirical estimate of the maximum meanto inject neural styles of test data into them during TTA,
discrepancy (Zhao & Bilen, 2021) between the stylewhich helps mitigate the distribution shift. Speci cally,
normalized feature distribution of real training data andHuang & Belongie (2017) demonstrated that the style of
the feature distribution of condensed ones for each classn image can be represented by feature statistics of the
the discrepancy is measured on the embedding space ofdage and be transferred to another image by replacing such
pretrained model. Let := f3 f, f; bethe pretrained statistics. Following previous work (Huang & Belongie,
network comprising three parts, lower part of encddgr  2017; Zhou et al., 2021), we regard the channel-wise mean
upper part of encoddr,, and classi erfs, as shown in  (z) 2 R® and standard deviation(Z) 2 R® of a low-
Figure 3. We sample a batch of real training dataand  |ayer feature mag@ = f1(x) 2 R® " W as the style of
that of condensed dak; for every class, and motivated  the data poink, and extract them as follows:
by recent work on style transfer (Huang & Belongie, 2017,
Gatys et al., 2016), apply instance normalization only for i

1

B to the output of ; to obtain style-normalized features (2) = o Z o @)
h=1 w=1
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Figure 3. The overall architecture and training objectives of the proposed model. Condensed examples of training data are stylized by
input test examples, and used for supervised test-time training with their lakgls They are also used for contrastive learning so as to
reduce the discrepancy between test-stylized condensed data and test data on a featurg,sppddéanwhile, inter-class relations of

training data are used to regularize predictions for test examples through class-relation knowledge distillation so that inter-class relations
of the predictions well approximate those of training datagkp). Finally, we apply consistency regularization with augmented test
examples to further boost performance by directly exploiting unlabeled test example fot Filiutn)-

%

b1 X for a test samples;. Then, the supervised contrastive
(2)= oW (Z:hw (2))% (3) loss (Khosla et al., 2020) is applied to each test feature
h=1 w=1 g =g f, fi(x;) and stylized condensed data features

whereH andW denote height and width of the feature map,kj =g fo S,T _fl.(xj )_’ whereg_stands fora prgjection
odule, by discriminating positives and negatives deter-

respectively. After that, the neural styles of the condensed™ ab i callv. the | o b
images are replaced with those of test images through teBpined byy;. Speci cally, the loss is given by

stylization function ST{ inspired by AdalN (Huang & Be- X 1 X exp(a” ki= 1)
longie, 2017). Given the intermediate feature map of a L conya= — log P PG >'__1 : (6)
condensed image denoted Wy= f 1(x), its test stylization K k2K ? j exp(q kj=1)

is conducted by
v v whereK ;" is the set of positives fdrth test sample and,
(¥) + (2); (4) s atemperature parameter. This loss encourages aligning

ST(Y) = (Z)W
features of the same class closely regardless of data types.

whereZ is a low-layer feature map of a randomly sampled
test example.

Since it has been known that the content of an image is weff*S @nother approach to leverage training data, we propose
preserved after such a stylization (Huang & Belongie, 20172 knowledge distillation technique encouraging inter-class

Zhou et al., 2021), the condensed data with styles of tegplations to be consistent between training and test domains.
data are supposed to still preserve their contéres ¢lass We believe that this approach is effective for TTA since, al-

labels). Thus, we use them for learning by minimizing the
cross entropy loss:

X
Lsup= CE yi;fs fo ST fi(xi) ; (5)

3.2.2. QASS-RELATION KNOWLEDGE DISTILLATION

though low-level features or styles of an image such as color
or texture vary substantially by domain shift, high-level se-
mantics like inter-class relations usually remain consistent
across different domains. Our method, called class-relation
knowledge distillation (CRKD), transfers the mutual rela-
tions of classes learned in training domain to test domain.

wherex; is a condensed image ayidis its class label. When estimating inter-class relations of training data, we

In addition to the cross entropy loss, we also adopt conconsider thek-th row of the weight matrix of the pretrained
trastive learning to reduce the representation discrepanajassi er as a template of clags Letty denotes such a tem-
between test-stylized condensed data and test data. Tdate for clask. Then the semantic af nity between classes
this end, we rst get a pseudo labgl = argmax f (x;)  k andk®is estimated as the similarity between their tem-
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platestx andtyo. The inter-class relation is thus computed wherea( ) is an augmentation operation. The overall objec-

in a form of a similarity matrix as follows: tive of our framework is then given by
ty tyo L= Lsu* Lcontrat Lcrep + LFixmatchs (12)
M ko = ——K——: 7 P ’
Mo = 3 ikt ok "

where is a balancing parameter.

The k-th row vector of the mairixM .., represents the During TTA, we optimize batch normalization layers of

Zg];l?rrg:eelinf ﬁf;é‘ev(;/g? aelljtfr;snﬁla?est' I\;?;?ntgt?rslif th the network as in previous work (Wang et al., 2021) and
wiedg v weignt p %rojection layerg for contrastive learning. Additionally,

pretrained model without either training data or addl'uonalSince feature vectors and templates are normalized when

inference, and thus is secure against privacy leakage. computingL crio, We also normalize the trained weights of
We also establish class templates of test data to estimatbe nal fully-connected layer and its input feature vectors
inter-class relations in test domain. The test-domain termwhen computind- s, of Eq. (5) for stable optimization; in
plate for clask, denoted by ?, is estimated as a representa-other words, we adopt a cosine classi er far

tive feature of test data classi ed into clasby the model

f. 1_'0 be speci c, :_aince the model Iearr_13 with test data in_ ang. Experiments

online mannert? is updated progressively by exponential

moving average (EMA) during testing as follows: The proposed method is rst evaluated on three benchmarks
for common image corruptions (CIFAR10-C, CIFAR100-
th = t%+@ )i (8)  C, and TinylmageNet-C (Hendrycks & Dietterich, 2019))

and one benchmark for synthetic-to-real adaptation (VisDA-

where is the update ratio/; = f> f1(x;) isthe feature ¢ (Peng et al., 2017)). Images of the corruption datasets
of a test example;, andy; is the pseudo label ofi. By  are borrowed from the test sets of CIFAR10, CIFAR100,
updating the templates through EMA, they change smoothlynd TinyimageNet, and are intentionally degraded by 15
and re ect all the observed test data, which stabilizes SlJcorruption types; each type has ve Severity levels with level
pervisory signals given by CRKD. Then, we calculate thes a5 the most severe condition. In all experiments on these
cosine similarity scores between input test exampland  datasets, our work is compared with previous methods in
all the test-domain class templates in the form of a similaritygn online TTA task, in which a model is evaluated in an on-
score vector as follows: line manner. In other words, each test sample is processed

only once, assuming streaming input data in testing. In
(9) addition, we demonstrate the effectiveness of our method
for long-term adaptation in the online continual TTA set-
ting (Wang et al., 2022b) on CIFAR10-C, where the target
domain distribution continually changes over time.

tE>Vi
Mk = ————:
[m 7l kt Okkv, k
Each element ofn ? represents the similarity between the
test example; and a particular class. Our objective herein
encourages the similarity sconex to follow the inter-class .

similarities of training data through the KL divergence loss:4-1- Baselines

0 Common image corruptions. Our method is compared

L crip = X KL softmax My - softmax mi : with four different baselines: “Source', BN, PL, Tent (Wang
i 2 2 et al., 2021), and CoTTA (Wang et al., 2022b). "Source'
(10)  stands for the model trained only on the source (training)
where ; is a temperature parameter. domain and applied to the test domain as-is. BN means

test-time normalization that uses the in-batch normalization
3.2.3. TOTAL OBJECTIVE AND DETAILS FOR TRAINING  statistics calculated from test data but freezes the other pa-
rameters during testing. PL indicates pseudo labeling, which
optimizes the target model using test data with pseudo labels
btained by the source-pretrained model. Tent (Wang et al.,
021) modulates batch normalization layers by minimizing
entropy on test data. Finally, CoTTA (Wang et al., 2022b)
adopts a momentum encoder and diversely augments inputs
to obtain accurate pseudo labels for them.

In addition to the three loss functions in €§), Eq.(6), and
Eq.(10), we further apply consistency regularization (Berth-
elot et al., 2020; Sohn et al., 2020) that has been known &
an effective way of learning using unlabeled data. To thi
end, following FixMatch (Sohn et al., 2020), we perturb
input test sampl&; and apply the standard cross entropy
loss with its pseudo lab#{ as follows:
X Synthetic-to-real. In addition to the TTA baselines, we
L FixMatch = CE(i; f (a(xi))); (11)  further compare ours with three TTA methods, AdaCon-
[ trast (Chen et al., 2022), ConjugatePL (Goyal et al., 2022)
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and TTAC (Su et al., 2022), as well as two unsupervised dofable 1. Results of TTA with ResNet backbones on CIFAR10-
main adaptation (UDA) methods, CAN (Kang et al., 2019)C, CIFAR100-C, and TinylmageNet-C, averaged across all 15
and MCC (Jin et al., 2020), on VisDA-C. AdaContrast corruptions and 5 severity levels. We report average accuracy (%)
adopts self-supervised learning with a momentum encodei"d mark the best performancetiald. RN denotes ResNet. Note
for accurate pseudo labeling of test data, and thus is mor#atL rimatch i not used in Ours for a fair comparison.

costly than ours in both space and time. TTAC utilizes the

N Toti A Method CIFAR10-C CIFAR100-C | TinylmageNet-C
catggory \(wse.and glo_bal statlst|_cs from the training dqta RN26 RNSo| RN26  RNSO RN1S
as lightweight information to precisely align target domain —Source 7197 8175 4042 53.89 30.93
features to source counterparts. The UDA methods are evalBN 76.98  88.40) 46.87 62.94 44.38
. . . . Tent (Wang et al., 2021) 80.95 89.39| 52.43 66.03 45.95
uated as they share a similar feature with oues, using ours 8196 9040| 5282 67.91 46.98

training data for test domain adaptation. However, UDA is
substantially more favorable than online TTA since it gives

full access to test data in training. Hence, the UDA methodsor g fair comparison with baselines that do not utilize any
are instead evaluated in a setting close to online TTA: The}éugmentation. Our method consistently achieves the best
use as many training data as the condensed ones in our Wogerage accuracy across all corruptions and severity levels
and are adapted to test domain only for a single egoch. g CIFAR10-C, CIFAR100-C, and TinylmageNet-C, regard-
less of the type of its backbone network; the records per
4.2. Implementation details corruption type are reported in the supplementary material.
IJ}{Ioreover, considering the experimental setup in Table 1
where the adaptation process is conducted in a relatively

malization layers using test data (in-batch) statistics instea hort period of time (with just 10K test samples, compared

: o g . .10 150K in continual TTA and 55K in synthetic-to-real TTA),
of updating batch normalization statistics as in prewousthese results demonstrate the effectiveness of our method
work (Wang et al., 2021). Style normalization and injection

are applied to the output of the second residual block of eacﬂOr fast adaptation.

network as previous studies (Zhou et al., 2021; Kang et alContinual TTA. In Table 2, our method consistently im-
2022) have shown that the statistics of the block represendroves performance in various corruption types and achieves
the style of images. For style-normalized dataset condemke best average accuracy. Compared with CoTTA that re-
sation, we set the number of synthetic images per class t@es pseudo labels by forwarding augmented inputs using a
10 for CIFAR and TinylmageNet and to 50 for VisDA-C. momentum network, our method effectively improves per-
For optimization in condensation, we initialize the syntheticformance by consulting condensed training data without
images by random noise and optimize them with SGD. Thesuch additional network. This result suggests that ours not
resolution of a synthetic image is 332 for CIFAR, 64 64  only adapts quickly to test domains, but also effectively
for TinylmageNet, and 112112 for VisDA-C, respectively. prevents the model degeneration problem caused by con r-
For optimization in test time, we adopt Adam (Kingma & mation bias with the aid of condensed data.

Ba, 2015) for the common image corruption benchmark and

SGD for VisDA-C. The balancing parameteis setto 0.1  4.4. Adaptation from synthetic to real

for the corruption benchmark and 1.0 for the other. For . _
temperature control, we set to 0.1 and » to the inverse Table 3 presents quantitative results of our r_nethod, previ-
of the square root of the number of classes for each datas@S TTA methods, and UDA methods on VisDA-C with
To applyL rixvatch, WE Use four augmented images for con-ResNet50 a_lnd ResNet101. Qur method outperforms 'Fhe
tinual TTA and one augmented image for synthetic-to-reaf!l 0ther online TTA methods in average accuracy. Speci -
adaptation. cally, our method using ResNet50 surpasses TTAC, which
captures the feature distribution of training data precisely
through running mean and covariance per cluster. While
both TTAC and our method share the same purpose of cap-
Single target domain TTA. Table 1 compares our method turing the distribution of training data, TTAC calculates
with previous TTA baselines on three datasets for commorfeature statistics manually, whereas our method optimizes
image corruption. Following the convention of the previousthe condensed data in a fully data-driven manner. The perfor-
online TTA setting (Wang et al., 2021), we report perfor-mance improvement over TTAC demonstrates the effective-
mance of our method during 1st epoch on the test set. Noteess of our method. Meanwhile, our method outperforms
that our results in the table were obtained withbgfmaien ~ AdaContrast, the previous state-of-the-art method, when
using ResNet101. This indicates that our method effectively
prevents con rmation bias by using condensed data with no
heavy auxiliary module like momentum encoder. Addition-

We adopt ResNet (He et al., 2016) as the backbone netwo
of our model, which performs normalization in batch nor-

4.3. Robustness to common image corruption

1This setting is still more favorable since all test data are given
at once unlike online TTA where test data are given sequentially.



Leveraging Proxy of Training Data for Test-Time Adaptation

Table 2. Classi cation accuracy (%) on CIFAR10-to-CIFAR10-C online continual TTA task. Results are evaluated on WideResNet-28
with the highest corruption severity level. We mark the best and second-best performbotmeandunderline respectively. * denotes
the requirement on additional domain information of input data for resetting model.

t !

Method g -(:0:0 N S & 5 S &§ 8 & s & 9 7 &o, Mean
& g & 5 & N & S8 .'59 S & § 5
()
Source 277 343 271 531 457 65.2 58.0 749 58.7 740 90.7 53.3 734 415 |686/5
BN Stats Adapt 719 73.9 63.7 87.2 64.7 858 87.9 827 826 84.7 916 874 76.2 80.3 |729/6
Pseudo-label 73.3 779 68.0 86.2 67.8 84.7 87.3 827 827 835 899 86.6 77.6 811 |78012
TENT-online* (Wang et al., 2021) | 75.2 76.5 67.0 _88.068.2 85.3 89.2 84.1 83.8 86.3 92.B79 780 827 758 814
TENT-continual (Wang et al., 2021)75.2 79.4 71.4 85.6 689 835 859 80.9 814 814 878 79.7 743 792 593
CoTTA (Wang et al., 2022b) 75.7 78.7 73.4 88.4 72.4 87.8 89.7 85.2 85.9 87.6 925 894 817 86.6 82.7| 83.8
Ours 76.8 81.6 75.086.9 73.5 86.1 89.4 85.6 86.6 87.9 91.7 90.2 80.6 86.1 82.3 | 84.0

Table 3.Classi cation accuracy (%) on VisDA-C train val. All methods use ResNet-101 backbone. We mark the best and second-best
performance irbold andunderline respectivelyy denotes of ine unsupervised domain adaptation methods where the number of source
images is equal to the number of condensed images in our method.

Method \plane bcycl bus car horse knife mcycl person plant sktbrd train ti(uekg.
ResNet50
Source only 435 113 372 694 181 1.0 82.5 4.2 483 221796 05 | 348
Tent (Wang et al., 2021) 86.6 220 798 519 783 176 876 642 789 236 659 11| 548
ConjugatePL (Goyal et al., 2022) - - - - - - - - - - - - 61.6
TTAC(N-O) (Su et al., 2022) 815 59.8 642 369 762 604 845 587 77.0 534 748 32.2| 63.3
Ours 927 825 79.8 653 927 70.3 80.7 82.6 89.9 622 77.2 376 | 76.1
ResNet101
Source only 572 111 424 669 550 4.4 81.1 27.3 57.9 294 86.5.8 | 43.8
CANy (Kang et al., 2019) 957 88.8 69 686 945 948 79.2 70.3 887 806 832 517|752
MCCy (Jin et al., 2020) 939 784 704 743 925 84.2 84.5 58.2 86.6 36.0 86.1 20,672.2
Tent (Wang et al., 2021) 91.1 456 864 66.4 88.7 751 90.3 76.4 844 471 83.6 13.7 70.7
AdaContrast (Chen etal., 2022) 95.0 68.0 827 69.6 _94.3 808 903 79.6 90.6 69.7 87.6 36.0| 78.7
Ours 925 824 858 742 927 885 839 858 928 625 752 325 79.1

Table 4. Ablation study on combinations of the losses and test
stylization (ST) in online continual TTA on CIFAR10-C and single
target domain online TTA on VisDA-C, respectively.

Lcrep L sup ST Lecontra L Fixmatch | CIFAR10-C VisDA-C
3 80.6 72.9
3 3 73.4 73.1
3 3 3 81.8 76.0
3 3 3 3 82.1 76.7
3 3 3 3 3 84.0 79.1

4.5. Ablation study

Figure 4. Visualization of condensed data where each columnCgntribution of each component. Table 4 demonstrates
presents 10 images per class of CIFAR10 and VisDA-C. the contribution of each proposed module on CIFAR10-C
and VisDA-C. First, usind. crxp only, even with no con-
densed data, clearly surpasses Tent, suggesting the effective-
ness of transferring inter-class similarity for TTA. We then
ally, our method outperformed the UDA methods working apply the cross entropy loss for the condensed data without
in a more favorable setting, which demonstrates the ef test stylization, which leads to signi cant performance drop
cacy of our work and suggests that (online) TTA demands an the continual TTA setting. In contrast, the cross entropy
dedicated solution even if training data are accessible.  loss applied to test-stylized condensed data improves the



