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Abstract

Traditional test-time adaptation (TTA) methods face sig-
nificant challenges in adapting to dynamic environments
characterized by continuously changing long-term target
distributions. These challenges primarily stem from two
factors: catastrophic forgetting of previously learned valu-
able source knowledge and gradual error accumulation
caused by miscalibrated pseudo labels. To address these is-
sues, this paper introduces an unsupervised domain change
detection method that is capable of identifying domain shifts
in dynamic environments and subsequently resets the model
parameters to the original source pre-trained values. By
restoring the knowledge from the source, it effectively cor-
rects the negative consequences arising from the gradual
deterioration of model parameters caused by ongoing shifts
in the domain. Our method involves progressive estima-
tion of global batch-norm statistics specific to each domain,
while keeping track of changes in the statistics triggered
by domain shifts. Importantly, our method is agnostic to
the specific adaptation technique employed and thus, can
be incorporated to existing TTA methods to enhance their
performance in dynamic environments. We perform exten-
sive experiments on benchmark datasets to demonstrate the
superior performance of our method compared to state-of-
the-art adaptation methods.

1. Introduction

Deep neural networks (DNNs) have demonstrated re-
markable success in numerous applications. However, they
are known to suffer from performance degradation when
faced with distributional shifts between the training and test
data. This poses a significant risk in deploying DNNs in
domains such as autonomous driving or medical imaging,
where encountering unseen types of test data during deploy-
ment could result in undesirable consequences. To over-
come this challenge, test-time adaptation (TTA) [20,31] has
emerged as a promising approach.

*Currently at AWS AI Labs. Work done while the author was at UCR.

Figure 1. Problem setup. Traditional test-time adaptation meth-
ods suffer from forgetting and error accumulation over time as they
continuously adapt to incoming target distributions. Previous re-
search has demonstrated the benefits of resetting the model to its
original parameters when a domain change occurs, but these ap-
proaches rely on an oracle with additional domain knowledge for
detecting such changes. In this paper, we propose an automated
strategy to detect domain changes, allowing for efficient and ef-
fective model resets in practical scenarios.

TTA aims to adapt DNNs to the unseen target domain
using only unlabeled test data streams, without the need for
a substantial portion of the test data to be available as in
traditional domain adaptation settings [31], and without ac-
cessing the source data used for training the model. This
enables efficient and on-the-fly adaptation to distribution
shifts, making it computationally efficient and highly effec-
tive in real-world scenarios.

Existing TTA approaches typically focus on adapting to
distribution shifts between a fixed source domain and a tar-
get domain. However, in real-world scenarios, the target
domain may not remain static and can continuously evolve.
For instance, a self-driving car model trained on data from
clear weather conditions may encounter test data from di-
verse weather conditions such as rain, snow, fog, etc. In
such cases, it is crucial for the model to adapt its parameters
to these new domains accordingly in a continual fashion to
ensure optimal performance. This particular setting is often
referred to as continual test time adaptation in the literature
[25, 32]. Current TTA methods mostly fail to account for
such dynamic domain changes due to two primary reasons:
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• Catastrophic Forgetting: Over extended periods of
continuous adaptation to new distributions, the model
may experience catastrophic forgetting, wherein the
knowledge learned from the source domain is gradually
lost [32]. This can potentially erase valuable information
learned from the source domain and can have a negative
impact on the model’s performance when adapting to sub-
sequent new domains.

• Error Accumulation: Several TTA methods [31, 36]
leverage pseudo-labels for unsupervised adaptation. In a
continually changing environment, the dynamic distribu-
tion shift can cause the pseudo-labels to become progres-
sively noisier and miscalibrated. Thus, early prediction
errors are more prone to propagate and accumulate over
time, potentially leading to error accumulation.

To effectively tackle the challenges of catastrophic for-
getting and error accumulation in dynamic environments,
we propose to detect the underlying domain changes and
restore the source knowledge accordingly. Specifically,
we observe that the KL divergence between pre-trained
batch-norm statistics and the batch-norm statistics of in-
coming test batches can effectively quantify domain shifts.
Based on this insight, we develop an approach to detect
domain changes in dynamic environments. We maintain
an exponential running average of the batch-norm statis-
tics of incoming test batches to progressively estimate the
global batch-norm statistics specific to each domain, using
an adaptive momentum value determined by the KL diver-
gence between the running batch-norm statistics and the in-
coming test batch statistics. When a sudden distribution
shift occurs in the incoming test batches, the momentum
value undergoes a sharp change. By monitoring this, we
can identify outliers caused by domain shifts.

Using this approach, our method detects changes in the
distribution of a dynamic environment and appropriately
restores the model’s source knowledge. The primary ob-
jective is to prevent the forgetting of previously acquired
source knowledge and address the cumulative negative im-
pact of noisy and miscalibrated pseudo-labels. As a result,
our method enables more effective model adaptation. This
makes it highly suitable for dynamic scenarios where the
target domain may experience shifts over time.

Also, our domain change detection module is indepen-
dent of the adaptation method used. Therefore, our pro-
posed module can be seamlessly integrated into existing
TTA methods, enhancing their robustness to distribution
changes in dynamic environments. It is important to note
that the test time adaptation literature [20,32] often assumes
an ‘online’ version of the models, where an oracle with ad-
ditional ground-truth domain knowledge is available to re-
store the source knowledge when a domain change occurs.
Such online models are inherently resilient to the forgetting
issue. However, the requirement of ground-truth knowledge

renders the models impractical for application in real-world
scenarios. This paper is the first attempt to develop an ap-
proach that effectively serves as this oracle, yet without re-
quiring any ground-truth domain knowledge, enabling the
practical implementation of such online models.
Main contributions. To summarize, our primary contribu-
tions are as follows:
• We address a novel problem of detecting domain changes

in the context of continual test time adaptation, which fo-
cuses on dynamic environments where the target distribu-
tion undergoes continual domain shifts.

• We demonstrate that detecting such domain changes and
thereby restoring the source knowledge has the ability to
mitigate catastrophic forgetting and error accumulation.

• We extensively evaluate our proposed method on real-
world datasets, encompassing a wide range of tasks.
Through these experiments, we provide substantial em-
pirical evidence that demonstrates the effectiveness and
applicability of our approach.

2. Related Work
Unsupervised Domain Adaptation. Unsupervised domain
adaptation (UDA) aims to enhance the performance of a
pre-trained source model when there is a distribution shift
between the labeled source domain and the unlabeled tar-
get domain. UDA has been extensively applied in various
computer vision tasks, including image classification [27],
semantic segmentation [26], object detection [9], and re-
inforcement learning [21]. Existing approaches typically
focus on aligning the distributions of the source and tar-
get domains using techniques like maximum mean discrep-
ancy [18], adversarial learning [7, 27], and more. Recently,
there has been a growing interest in adaptation using only
a pre-trained model without the need for source data. This
shift is motivated by privacy and memory storage concerns
associated with the source data. These approaches lever-
age techniques such as information maximization [1, 2, 15],
pseudo-labeling [13, 35], and self-supervision [33].
Test Time Adaptation. UDA methods typically require a
significant amount of target domain data to adapt a model,
regardless of whether they utilize source data. Thus, the
adaptation process is performed offline, meaning that it hap-
pens before the model is deployed or used for inference on
the target domain. In contrast, test time adaptation (TTA)
approaches adapt a model to the target data after deploy-
ment, i.e., during inference or testing phase. It involves
updating the model’s parameters or internal representations
during inference based on the characteristics of the current
test batch from the target domain to improve performance
on the subsequent test batches. TTA approaches also do not
require the source data to be available during adaptation.

In an early work [14], authors leverage the batch-norm
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Figure2.BNstatisticsfordomainseparation. t-SNEdiagram
ofthebatch-norm meansextractedfromthelastCNNlayerof
ResNet-18model.Clearly,theextractedbatch-normstatisticsal-
lowforaclearseparationbetweendomains.

statisticsofincomingtestbatchestoadaptthemodeltothe
targetdistributioninsteadofrelyingonpre-trainedbatch-
normstatistics. TENT[31]adaptsapre-trainedsource
modelonincomingtargetdatabyminimizingentropyand
updatingthebatch-normparametersofthesourcemodel.
DUA[19]continuouslyupdatesthebatch-normstatistics
ofthepre-trainedsource model withtheincomingtest
batchesinordertoaligntothetargetdistribution. TTA
methodshavealsobeenextendedtothesegmentationtask
[10,17,24,28].

TTAmethodscanalsobeusedtoadaptduringinference
toadynamicallyvaryingtargetdistribution,thatis,where
thetargetdistributionchangesafterdifferenttimeintervals.
Inthiscase,TTAmethodsusuallysufferfromtheproblem
oferroraccumulationandcatastrophicforgetting-continu-
allydriftingawayfromsourceknowledge.Fewapproaches
havebeenproposedtoaddresstheseissues.CoTTA[32]ap-
pliesstochasticrestorationofsourceknowledgesuchthat
the modeldoesnotdrift muchawayfromsourceknowl-
edge.EATA[20]introducesaregularizationlosstoensure
thatimportant modelweightsarepreservedduringadap-
tation,therebyalleviatingforgetting.Incontrasttothese
methods,ourapproachprovidesamorestructuredandef-
fectivesolutiontomitigateforgettinganderroraccumula-
tion,resultinginbetterperformance.

3. Method

3.1.ProblemSetting

Considera modelfθ0
pre-trainedonthesourcedata

Xs∼Ds,whereDsdenotesthesourcedistribution.During
deployment,themodelencountersasequenceoftestdata
X1→X2→ ...→Xt→ ...,whereXtrepresentsabatch
oftestsamplesfromthetestdistributionDt

test.Following
theTTAsetting,themodelneedstoadapttoeachincoming

testbatchXtandupdateitsparametersfromfθt−1 → fθt

inordertoimproveitspredictionsonthesubsequenttest
batchXt+1.SinceDt

testchangescontinuallyovertime,our
objectiveistodeterminethespeciictimeinstancetwhena
changeinthedomainoccurs,Dt

test̸=Dt−1
test.Detectingthese

domainchangesallowsustomitigateforgettinganderror
accumulationbyrevertingthemodelparameterstofθ0,pre-
servingsourceknowledgeandenablingeffectiveadaptation
tonewdomains.

3.2.OverallFramework

Inthiswork,wehypothesizethatleveragingthebatch-
norm(BN)statisticsofincomingtestbatchescanprovide
valuableinsightsintodomaindifferentiation. Toillustrate
this,weconductanexperimentusingapre-trainedResNet-
18modelonImageNet.Byextractingthebatch-normmean
fromthelastCNNlayerforimagesfromvariousdomainsin
theOfice-Home[30]dataset,wecreateat-SNE[29]visu-
alization(Figure2).Theplotclearlyshowsdistinctsepara-
tionsbetweendomains,indicatingthatBNstatisticsexhibit
uniquepatternsfordifferentdomains.Trackingchangesin
thesestatisticsallowsustodetectdomainshifts.However,
indynamicenvironmentswithlimiteddataavailability,ac-
curatelyestimatingBNstatisticsbecomeschallenging.

Towardssolvingtheproblem, weaimtocapturethe
globalfeaturestatisticsofthecurrentdomainfromthe
sequentialincomingtestbatches,eachcontaininglimited
data. Whenadomainshiftoccurs,theunderlyingdistri-
butionofthedatachangessigniicantly,causinganotice-
abledeviationinthefeaturestatistics. Bydetectingthese
abruptchanges,wecanidentifytheoccurrenceofadomain
change. Forthispurpose, weemployarunningaverage
strategytoprogressivelycorrectandupdatetheBNstatis-
ticstotheincomingdomain.Speciically,weirstmakea
copyofthepre-trainedsourcemodelthatessentiallyserves
astheoracle. Duringtestingonthecurrentbatcht,let
µ̃lc

and̃σ2
lc

representtheBNstatistics(meanandvariance)
extractedfromthel-thlayer’sc-thchanneloftheoracle-
model. Wemaintaintworunningaveragesasfollows:

µt
lc

=(1−ᾱt)×µt−1
lc

+̄αt×µ̃lc
(1)

(σt
lc

)2=(1−ᾱt)×(σt−1
lc

)2+̄αt×σ̃2
lc

. (2)

Here,µt
lc

and(σt
lc

)2denotetherunningBNstatisticsthat
getupdatedwitheachincomingtestbatch. Weinitializeµ0

lc

and(σ0
lc

)2withtheBNstatisticsofthepre-trainedsource
model. ᾱt
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istheadaptive momentumvaluethatcontrols
theinluenceofthecurrentbatchontherunningaverage.
Wewantthisvaluetograduallydecreaseovertimewhen
encounteringtestbatchesfromthesamedomain.Thisde-
creaserelectsthealignmentbetweentherunningstatistics
andtheglobalfeaturestatisticsofthatspeciicdomain.As
therunningstatisticsgraduallyalignthroughincomingtest



Figure3.Plotofᾱtwithrespecttoincomingtargetbatchesfrom15sequentialtargetdomainsastherunningstatisticsgetaligned.The
targetdatasetsarefromCIFAR10-CandCIFAR100-C.Astheoracle-models(WideResNet-28andResNeXt-29)encountertestbatches
fromanewdomain,therunningstatisticsgraduallyalignwiththeglobalstatisticsofthatdomain.Consequently,duringadomainchange,
ᾱtexhibitsapeakinitsneighborhoodduetothehighKLdivergencebetweentherunningstatisticsandthestatisticsoftheincoming
new-domaintargetbatch.Bydetectingthesepeaks,itispossibletoidentifytheoccurrenceofadomainchangeinthetestbatch. More
plotsofᾱtonotherdatasetscanbefoundinthesupplementary.

data,theneedforsigniicantadjustmentsdiminishes,and
therunningstatisticsbettercapturetheunderlyingdistri-
butionofthedomain. However, whenadomainchange
occurs,thefeaturestatisticsofthecurrenttestbatchdevi-
atesigniicantlyfromtherunningstatistics.Insuchcases,
theadaptivemomentum̄αtshouldassumeahigherweight,
indicatingthenecessityforalargercorrectiontoalignthe
runningfeaturestatisticswiththenewdomain.

Todesignthismomentumterm,weproposetousethe
KLdivergenceasa metrictoquantifythedomainshift.
AssumingthebatchstatisticsperchanneloftheBNlay-
ersasaunivariateGaussiandistribution,wecalculatethe
divergencebetweentherunningstatisticsuptothecur-
renttimeinstance(approximatedasN(µt−1

lc
,(σt−1

lc
)2))and

theincomingtestbatch-normstatistics(approximatedas
N(̃µlc

,(̃σlc
)2)).Thisallowsustoobtaintheunnormalized

valueoftheadaptivemomentumforeachlayerasfollows,

αt
l=

1

Cl

Cl

c=1

DKL N µt−1
lc

,(σt−1
lc

)2 ,N µ̃lc,̃σ2
lc

=
1

Cl

Cl

c=1

log
σ̃lc

σt−1
lc

+
σt−1

lc

2
+ µt−1

lc
−µ̃lc

2

2̃σ2
lc

−
1

2
.

(3)

Where Clisthenumberofchannelsinl-thlayer.Finally,
theaggregatedvalueacrossalllayers,αt,iscalculatedas
follows,

αt= lαt
l

L
(4)

whereListhetotalnumberoflayers. Wetrackthehigh-
estvalueoftheKLdivergencetonormalizeeachαttōαt,
ensuringthatthevaluesremainwithintherangeof0to1.
Toinitializethehighestdomaindistancevalue,weusethe
KLdivergencebetweenthepre-trainedBNstatisticsandthe
statisticsoftheirsttargettestbatch.Ifatestbatchyields
anevenhigherKLdivergence,thisvalueisupdatedaccord-
ingly.Thus,̄αt
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assumesavalueof1initially.
Furthermore,itisnotnecessarytoconsideralllayersof

theoracle-modeltocomputethe momentumvalues. Re-
centwork[16]suggeststhatthepenultimatelayersaremore
sensitivetodomainshifts.Inourexperiments,weonlycon-
siderthelayersofthelastblockinthemodelforthecalcu-
lation.

Insummary,weproposeaneffectiveapproachthatgrad-
uallyalignstherunningstatisticsofeachtestbatchwiththe
globalstatisticsoftheunderlyingdomain.Thisenablesef-
fectivedetectionofdomainshifts,astherunningstatistics
undergosigniicantchangeswhenanewdomainisencoun-



Algorithm1OverallFramework

Require: Sourcemodelfθ0,Oracle-modelfθorc

1:Initializeµ0
lc

and(σ0
lc

)2oftheoracle-modelwithsource
pre-trainedBN-statisticsandsetαmax → 0+

2:foreachincomingtestbatchtdo
3: foreachlayerldo
4: Calculateadaptivemomentumαt

lforlayerlusing
Eqn.3

5: endfor
6: CalculatemeanadaptivemomentumαtofLlayers

usingEqn.4
7: ifαt>αmax then
8: αmax =αt

9: endif
10: Normalizetogetᾱt= αt

αmax

11: foreachlayerldo
12: foreachchannelcinlayerldo
13: UpdaterunningaveragesusingEqn.1and2
14: endfor
15: endfor
16: Inputthēαttothepeakdetectionalgorithm(Algo-

rithm2intheSupplementary)
17: ifpeakthen
18: Restoresourcemodelparameterstofθ0

19: endif
20: Predictontestbatcht
21: Adapt modelfromfθt−1

tofθt
withselectedTTA

algorithm
22:endfor

tered. Thiscanbetriviallyincorporatedintoanyexisting
TTAalgorithmtoresetthemodelparameterswhenevera
newdomainisencountered,asillustratedinAlgorithm1.

3.3.PeakDetection

Figure3plotsᾱtforincomingbatchesinourexperi-
ments.Thevalueofᾱtexhibitsasigniicantincreasewhen-
everadomainchangeoccurs,reachingapeakinitsneigh-
borhood. Asthemodelencountersmoretestbatchesfrom
thesamedomain,therunningstatisticsgraduallyalignwith
thestatisticsofthedomain,resultinginadecreaseinthe
KLdivergence.Thisleadstoadecreaseinthemomentum
value.Bymonitoringtheonlinetrendof̄αtandidentifying
thepeak,wecandetectdomainchangesinrealtime.

Weutilizetheonlinez-scorealgorithm[11]forpeakde-
tection. Thisalgorithmmaintainsanexponentialrunning
averageofthemeanandstandarddeviationofinputsusing
aslidingwindow.Foraquerydatapoint,itcalculatesthe
z-score,whichrepresentsthenumberofstandarddeviations
thedatapointdeviatesfromtherunningmean.Ananomaly
orpeakisdetectedwhenthez-scoreexceedsapredeined
threshold. Thedetailsofthealgorithmisprovidedinthe

supplementary.
Thisistobenotedthatthepeakdetectionalgorithm

exclusivelyoperatesontheoracle model,whiletheorig-
inalsourcemodelisconsistentlyadapted(usinganyuser
preferredTTAalgorithm)withthearrivaloftestbatches.
Whenevertheoraclemodelidentiiesadomainshift,itre-
storestheadaptedsourcemodeltoitsoriginalstate,andthe
processofdynamicadaptationcontinues.

4.Experiments

4.1.Datasets

•CIFAR10C,CIFAR100C,andImageNet-C:CIFAR10
and CIFAR100[12] are popularimage classiication
datasetsconsistingof10,000testimages. Toevaluatethe
robustnessoftrainedmodels,CIFAR10CandCIFAR100C
[8]weredeveloped. Thesedatasetsintroduce15distinct
typesofnoiseatvaryingseveritylevels(1to5)tothe
originalCIFAR10andCIFAR100testimages. Similarly,
ImageNet-C[8]isthenoisycounterpartoftheImageNet
dataset[6]. Thesedatasetsserveas widely-usedbench-
marksintheieldofcontinualTTA[32].
•Digits: TheDigitbenchmarkisastandarddatasetfor
digitclassiication,comprisingtenclasses.Forourexperi-
ments,weutilizedivedomains: MNIST(MT),USPS(UP),
SVHN(SV),MNIST-M(MM),andSyntheticDigits(SY).
•Ofice-Home::TheOfice-Homedataset[30]comprises
fourdomains,namelyArt(Ar),Clipart(Cl),Product(Pr),
andReal World(Re),eachcontaining65classes.
•Cityscapesto ACDC: Cityscapes[4]isalarge-scale
datasetthathasdensepixel-levelannotationsfor30classes
groupedinto8categories.TheAdverseConditionsDataset
[22]hasimagescorrespondingtofog,night-time,rain,and
snowweatherconditions.Thenumberofclassesisthesame
astheevaluationclassesoftheCityscapesdataset.Keeping
accordancewiththestandardsetting,weevaluateourmodel
on19semanticlabelswithoutconsideringthevoidlabel.

4.2.Baseline Methods
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WeutilizeTENT[31]astheprimaryadaptationmethod
andincorporateitwithourproposedapproachondetecting
domainchangesandrestoringmodelparameters. Wese-
lectedTENTprimarilyduetoitslightweightandeficient
nature,asitdoesnotrequireadditional modulesandcan
performadaptationwithasingleback-propagationstep. We
alsocompareour methodwithavariantofTENTcalled
‘TENT-Online’[32].TENT-Onlineassumestheavailabil-
ityofanoraclethatcandetectdomainchangesandresets
themodelaccordingly.Thisservesasanupper-boundcom-
parisonforourmethod,representingthebest-casescenario.
However,inpractice,suchanoracleisnotpracticalasthis
requiresadditionalgroundtruthdomainknowledge. We
showthatourmethodachievescomparableresultstoTENT-



Table 1. Classification error rate ↓ (in %) for the standard CIFAR100-to-CIFAR100C and ImageNet to ImageNet-C continual test-time
adaptation task on corruption severity level 5. Note that the “online” methods represent best-case scenarios that require manual restoration
to source weight upon a domain change, and they serve as upper bounds for their corresponding continuous adaptation counterparts. Online
model rows are highlighted to emphasize best-case scenario.
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DUA Online 43.7 39.8 42.8 33.1 44.4 30.5 27.8 34.9 33.5 43.6 25.8 32.3 39.9 41.4 41.3 37.0
DUA Continual 43.7 39.5 42.2 56.8 47.6 40.2 33.6 39.9 36.8 48.2 28.7 43.2 49.5 77.1 47.1 44.9

DUA + Ours 43.7 39.7 42.7 33.1 44.1 30.4 29.0 34.5 33.5 43.8 25.9 32.5 39.8 41.4 41.0 37.0
Tent Online 37.5 35.3 32.7 25.7 37.5 27.5 25.8 30.6 32.3 33.1 24.4 28.1 33.2 28.7 37.3 31.3

Tent Continual 37.5 37.1 44.3 41.3 56.5 55.6 57.9 69.7 75.0 83.3 86.2 93.7 95.5 96.2 96.9 68.4
Tent + Ours 37.8 35.5 32.7 25.8 38.0 27.6 26.9 30.8 32.4 33.9 24.7 28.3 33.2 28.8 37.9 31.6

Im
ag

eN
et

-C

DUA Online 85.7 84.5 84.6 96.5 88.3 75.9 61.9 69.2 68.7 60.2 35.6 84.0 60.6 51.4 60.3 71.2
DUA Continual 85.7 88.5 82.5 99.8 99.8 98.8 89.9 88.6 79.8 84.4 49.5 96.3 78.5 71.5 60.3 83.6

DUA + Ours 85.7 84.6 83.0 99.4 90.8 76.3 62.1 69.4 68.9 61.7 35.7 84.5 62.8 52.2 59.9 71.8
Tent Online 74.7 71.4 73.8 75.5 75.4 61.9 52.6 54.5 61.3 44.0 33.8 79.3 46.5 43.6 50.1 59.9

Tent Continual 74.7 71.7 69.7 76.3 75.0 70.4 62.0 68.8 71.0 62.7 51.1 82.5 67.8 66.9 71.4 69.5
Tent + Ours 74.8 73.6 72.3 75.4 74.9 62.5 52.7 55.1 62.3 44.0 33.6 79.3 47.7 43.5 50.0 60.1

Online without the need for such ground truth knowledge.
Apart from TENT, we also integrate our method with

DUA [19] to illustrate the versatility of the proposed do-
main change detection module with respect to the under-
lying TTA algorithm. By detecting domain changes and
restoring DUA parameters, we extend its capability to per-
form adaptation in dynamic environments. We also com-
pare our results with CoTTA [32] and EATA [20]. These
two methods specifically focus on continual test time adap-
tation. We use the official implementations for all baselines.

4.3. Implementation Details

For CIFAR100C and ImageNet-C experiments, we adopt
the pre-trained ResNeXt-29 [34] and ResNet-50 respec-
tively from Robustbench [5] for all methods. We use
ResNet-18 for the Digit and Office-home experiments. Our
batch size is set to 64 for ImageNet-C and 128 for other
classification experiments. For the TENT approach adopted
for our method, we use Adam optimizer with a learning rate
of 0.001. Similar to [32], we utilize the validation set com-
piled by RobustBench for ImageNet-C dataset. For the peak
detection algorithm, we use a sliding window of 10 and a
momentum of 0.1 for incoming values. The threshold is
taken as 15 standard deviations. We maintain consistency
with the respective papers of the compared methods by us-
ing the same learning rate, optimizer, and rest of the hy-
perparameters. For all the comparing methods we use their
official implementations.

4.4. Experiments on CIFAR100C and ImageNet-C

We first evaluate our method on CIFAR100C and
ImageNet-C. Particularly, given a pre-trained model on CI-
FAR100/ImageNet, we adapt the model sequentially to 15
types of unseen domains/noise sets. Each of the noise sets

has a total of 10, 000 images. We show the results in Ta-
ble 1. DUA-Online and TENT-Online models are manually
reset when there is a domain change and thus, the mod-
els act as an upper-bound for comparison with our method.
On the other hand, TENT and DUA Continual are continu-
ally adapted (lifelong) to test data without manual resetting.
It can be observed from the table that the performance of
both TENT and DUA deteriorates over time, as the mod-
els continually adapt to unseen test samples. In the case of
ImageNet-C the deterioration is much more prominent be-
cause ImageNet-C has a total of 1000 classes, which makes
it difficult for the model to produce reliable pseudo-labels
and thus contributing to error accumulation. The deviation
of the results from the corresponding online models also
highlights the poor performance of TENT and DUA. The
performance in fact deteriorates over time in comparison to
their corresponding online models due to catastrophic for-
getting and gradual error accumulation. On the other hand,
when our method is added to TENT and DUA in order to au-
tomatically detect a domain change and reset the model pa-
rameters accordingly, the performance of both models im-
proves by a big margin. The results also get very much close
to their corresponding online models which verifies that our
method can effectively mimic the online models without re-
quiring any domain knowledge.

4.5. Experiments on Digits and Office-Home

We next perform experiments on digit and officehome
datasets. In order to simulate a dynamic environment, we
train a model on the train set of one dataset, and sequentially
adapt on the test sets of rest of the datasets for a total of
10 cycles. The results are shown in Table 3 and Table 4.
The columns in the tables show the dataset in which the
source model is trained on. For example, in case of the
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Table 2. Classification error rate ↓ (in %) for the standard CIFAR100-to-CIFAR100C and ImageNet to ImageNet-C adaptation task on
corruption severity level 5 against current state-of-the-art models on continual test time adaptation.
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Source 72.3 67.4 39.0 29.4 53.6 30.5 28.8 39.1 45.5 50.3 29.7 55.4 37.2 74.8 41.0 46.3
BN-Stat [23] 42.1 40.7 42.7 27.6 41.9 29.7 27.9 34.9 35 41.5 26.5 30.3 35.7 32.9 41.2 35.4
EATA [20] 39.7 37.2 37.0 26.9 40.0 28.4 26.5 32.0 32.9 38.2 25.2 29.9 34.3 30.5 39.0 33.2

CoTTA [32] 40.1 37.7 39.7 26.9 38.0 27.9 26.4 32.8 31.8 40.3 24.7 26.9 32.5 28.3 33.5 32.5
Tent + Ours 37.8 35.5 32.7 25.8 38.0 27.6 26.9 30.8 32.4 33.9 24.7 28.3 33.2 28.8 37.9 31.6

Im
ag

eN
et

C Source 97.9 96.9 98.2 81.9 89.7 84.9 78.2 83.3 77.3 76.2 41.2 94.4 82.9 79.2 68.7 82.1
BN-Stat [23] 85 83.7 85 84.7 84.3 73.7 61.2 66 68.2 52.1 34.9 82.7 55.9 51.3 59.8 68.6
EATA [20] 82.4 76.9 73.9 77.4 73.1 63.9 54.0 60.9 61.2 49.1 36.0 67.3 49.4 45.6 49.9 61.4

CoTTA [32] 84.5 81.9 79.8 80.8 78.2 67.3 57.6 60.5 60.4 48.2 36.5 64.0 47.3 41.1 45.2 62.2
Tent + Ours 74.8 73.6 72.3 75.4 74.9 62.5 52.7 55.1 62.3 44.0 33.6 79.3 47.7 43.5 50.0 60.1

Table 3. Classification error rate on continual adaptation task on
digit datasets. The column header represents the source dataset
where the model is trained on. Mean classification error over all
the cycles is reported here.

Method MM MT UP SV SY Avg
DUA Online 36.3 71.6 74.7 29.7 24.1 47.3

DUA Continual 36.6 73.8 76.0 29.8 24.4 48.1
DUA + Ours 36.4 71.8 74.7 29.7 24.1 47.3
Tent Online 37.1 72.5 75.4 27.7 22.5 47.0

Tent Continual 43.1 87.9 86.0 28.1 23.4 53.7
Tent + Ours 38.0 72.8 75.6 27.8 22.5 47.3

Table 4. Classification error rate on continual adaptation task on
office-home dataset.

Method Ar Cl Pr Rw Avg
DUA Online 46.7 47.0 51.5 41.7 46.7

DUA Continual 49.6 47.5 52.4 43.2 48.2
DUA + Ours 47.0 47.2 52.1 41.9 47.1
Tent Online 48.1 46.4 51.4 41.8 46.9

Tent Continual 79.2 63.6 75.2 47.7 66.4
Tent + Ours 48.9 47.3 51.4 42.1 47.4

‘MM’ column of 3, the source model is trained on MNIST-
M dataset and then during test-time, the model is adapted to
sequential unseen domains in the following order: MT →
UP → SV → SY. This whole cycle goes on for a total of 10
times. Similarly, in case of the ‘Art’ column of Table 4, the
source model is trained on Art dataset and then, the model
is adapted sequentially to unseen domains in the following
order: Cl → Pr → Rw for a total of 10 times. The mean
classification error over the whole sequence is reported at
the tables. It can be observed from both the table that our
method performs better than TENT and DUA Continual.
Our results are very close to the online models, while in
some cases, i.e., SYNDIG, SVHN, Pr it is equal.

4.6. Experiments on Cityscapes to ACDC

In this experiment, we evaluate our method on the more
complex continual test-time adaptation scenario - semantic

Table 5. Semantic segmentation results (mIoU in %) on the
Cityscapes-to-ACDC online continual test-time adaptation task.
We evaluate the four test conditions continually for ten times and
report the mean here. ‘O’ refers to the online model.

Method DUA-O DUA-C +Ours Tent-O Tent-C +Ours
mIoU 20.8 20.5 20.7 17.1 14.7 17.0

segmentation of Cityscapes to ACDC. In order to simulate
real-life situations where comparable environments may be
encountered, we iterate an identical four condition sequence
for a total of ten times, resulting in a total of 40 repetitions:
Fog → Rain → Snow → Night → Fog . . . Specifically, we
train the model on the clean weather condition of Cityscapes
dataset and adapt to this unseen weather condition sequence
from ACDC. We use DeepLab v3+ [3] with a ResNet-18
encoder for the experiment. The batch size used is 4. We
report the mean performance over all the sequences.

The results are shown in Table 5. It can be observed that
the continual models perform worse than the online models.
The performance gap between the two models is even more
highlighted in the case of TENT. On the other hand, in both
cases, adding our method helps DUA and TENT to reach
performance on par with the online model.

4.7. Comparison with State-of-the-Art

In this section, we evaluate our method against state-of-
the-art approaches specifically designed for the continual
adaptation task. We conduct experiments on CIFAR100-
C and ImageNet-C. We compare our method with CoTTA
[32] and EATA [20]. CoTTA mitigates catastrophic forget-
ting by employing stochastic restoration of source weights,
while EATA incorporates Fisher regularizer to limit drastic
changes in important model parameters, thereby preserv-
ing source knowledge. In comparison, our method offers
a more structured and intuitive approach to retaining source
knowledge. Additionally, we also compare our method with
BN-Stat [23], which replaces the pre-trained batch-norm
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statistics with statistics estimated from the test batch.
In the initial experiment, we conduct adaptation to the

15 corruptions from CIFAR100-C and ImageNet-C, each
with a severity level of 5 [32]. The results are presented
in Table 2. The table reveals that our method surpasses all
the baseline models on both datasets in mean performance.
Despite CoTTA and EATA utilizing advanced techniques
such as mean teacher and advanced regularizers to retain
source knowledge and mitigate error propagation, our sim-
pler approach achieves superior performance compared to
both these methods.

We next look at a more challenging adaptation scenario.
For this experiment, we gradually change the severity level
in CIFAR100C for each corruption set as follows: 1 → 2 →
3 → 4 → 5 → 4 → 3 → 2 → 1. Hence, we have a total of
15×5 or 75 unseen domains. This specific experiment [32]
is designed to highlight the catastrophic forgetting and error
accumulation issue more prominently.

Table 6. Results for gradually changing noise level. The mean of
the whole sequence is reported here.

Method EATA CoTTA Tent+Ours
Error Rate (in %) 34.9 28.1 26.8

As can be seen from the Table, our method again outper-
forms both CoTTA and EATA in this challenging adaptation
task. Notably, our method achieves an impressive 8.1% im-
provement compared to EATA, further highlighting its ef-
fectiveness and superiority in mitigating catastrophic for-
getting and error accumulation.

4.8. Analysis on Forgetting

In this section, we demonstrate the robustness of our
method against catastrophic forgetting by evaluating the
classification accuracy on the source test set after complet-
ing adaptation to each domain [20]. Specifically, we take
the CIFAR100-C dataset and after adapting the model to
each of the 15 unseen domains, we check the accuracy on
the test set of the clean CIFAR100 dataset. This helps to
quantify the reduction of source knowledge after each adap-
tation cycle. The results are shown in Figure 4.

From the figure, it is apparent that the test accuracy of
the TENT method gradually deteriorates as it encounters
new domains. This degradation of source knowledge di-
rectly correlates to poor generalization on target domains,
as shown in Table 1. For reference, the source accuracy is
also plotted, representing the ideal scenario with the curve
being completely flat. It can be observed that our method al-
most overlaps with the source accuracy curve. This shows
that we achieve almost no forgetting of source knowledge
with our method. CoTTA and EATA outperform TENT by a
big margin because these methods are specifically designed
to combat forgetting. Nevertheless, these two specialized

Figure 4. We assess the source knowledge by evaluating the meth-
ods on the source test set following the completion of adaptation
to each domain of CIFAR-100C. Observing the results, it becomes
evident that our method aligns more with the source accuracy, sig-
nifying robustness to the forgetting of source knowledge compared
to SOTA methods.

methods also are not completely robust to forgetting, as ob-
served by the gap from the flat source accuracy curve in the
figure. Our method surpasses even CoTTA and EATA in
terms of accuracy. Furthermore, we have carried out addi-
tional sensitivity analyses on the threshold value used in the
peak detection algorithm to ensure its robustness. Detailed
results, along with decision diagram of our method and an
analysis of scenarios where the domain gaps between vari-
ous domains are very small, can be found in the supplemen-
tary material.

5. Conclusion
This paper addresses the novel problem of detecting do-

main changes in dynamic environments. We estimate global
batch-norm statistics of a domain using an adaptive momen-
tum, which undergoes a significant change during distribu-
tion shifts. By detecting these domain changes and restor-
ing model parameters to their source pre-trained values, we
have shown that our method effectively mitigates the issues
of catastrophic forgetting and error accumulation observed
in traditional TTA methods. This enhances the robustness of
TTA methods in dynamic environments, and ensures their
performance is maintained over time.
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