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ABSTRACT

Recent test-time adaptation methods heavily rely on nuanced adjustments of batch
normalization (BN) parameters. However, one critical assumption often goes
overlooked: that of independently and identically distributed (i.i.d.) test batches
with respect to unknown labels. This oversight leads to skewed BN statistics
and undermines the reliability of the model under non-i.i.d. scenarios. To tackle
this challenge, this paper presents a novel method termed ‘Un-Mixing Test-Time
Normalization Statistics’ (UnMix-TNS). Our method re-calibrates the statistics for
each instance within a test batch by mixing it with multiple distinct statistics compo-
nents, thus inherently simulating the i.i.d. scenario. The core of this method hinges
on a distinctive online unmixing procedure that continuously updates these statistics
components by incorporating the most similar instances from new test batches. Re-
markably generic in its design, UnMix-TNS seamlessly integrates with a wide range
of leading test-time adaptation methods and pre-trained architectures equipped
with BN layers. Empirical evaluations corroborate the robustness of UnMix-TNS
under varied scenarios—ranging from single to continual and mixed domain shifts,
particularly excelling with temporally correlated test data and corrupted non-i.i.d.
real-world streams. This adaptability is maintained even with very small batch
sizes or single instances. Our results highlight UnMix-TNS’s capacity to markedly
enhance stability and performance across various benchmarks. Our code is publicly
available at https://github.com/devavratTomar/unmixtns.

1 INTRODUCTION

Deep neural networks (DNNs), when deployed in real-world test environments, often face the
pervasive challenge of domain shift, potentially undermining their performance. Addressing this,
the research community has advanced towards the forefront of online test-time adaptation (TTA).
This involves a myriad of methodologies aimed at recalibrating the batch normalization (BN) layers
(Ioffe & Szegedy) 2015), a cornerstone of deep learning architectures informed by real-time test data.
BN layers play a critical role in stabilizing the training process and enhancing model generalization.
These TTA approaches function by either re-estimating normalization statistics based on the present
test batch (Nado et al.| 2020; |Schneider et al., 20205 Benz et al.| 2021) or additionally fine-tuning
the BN parameters to minimize test-time losses, such as those resulting from entropy minimization
(Wang et al.;|2020). Specifically, the former has concentrated on addressing the performance decline
observed in conventional BN when subjected to domain shifts during testing. This diminution in
model efficacy on previously unseen test data is primarily ascribed to shifts in the statistical properties
of intermediate layers relative to those conserved from the source training dataset. Intrinsically, BN
marginalizes inconsequential instance-wise variations by decorrelating feature sets across batches,
assuming that these batches are uniformly populated with samples from diverse categories. If
test batches are also uniformly sampled from different categories, employing TTA methods that
renormalize features based on immediate statistics from the current test batch can counteract the
domain-induced distribution shifts.

Nevertheless, these methods come with their own set of challenges and assumptions. Typically,
they operate under the assumption of large test batch sizes and a singular, static distribution shift.

*denotes equal contribution.
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Moreover, these methods generally presume that the test batches are independently and identically
distributed (i.i.d.) concerning their true labels. This i.i.d. assumption, though useful for simplification,
frequently does not hold true under real-world scenarios. Take the case of autonomous driving,
where a variety of diverse and unpredictable factors makes it improbable for incoming test batches to
conform to an i.i.d. distribution. In such contexts, conventional BN-based TTA methods fall short,
producing unstable and unreliable adaptations. To overcome this issue, recent methods (Gong et al.,
2022; |Yuan et al.l [2023)) have introduced the concept of a balanced, pseudo-label-based memory
bank. This memory bank serves as a repository for test images, facilitating the online estimation of
unbiased BN statistics and the integration of instance-level feature statistics with those derived from
source data. While promising, their utility is often limited to particular situations. Notably, they falter
in scenarios where privacy concerns curtail data retention. Furthermore, choosing the optimal weight
hyperparameter for merging instance-level statistics with pre-existing batch statistics can introduce a
layer of computational overhead post-deployment, complicating the model’s adaptability. In contrast,
methodologies such as (Niu et al.,|2023) and (Marsden et al., 2024)) have advocated for instance-level
normalization techniques, such as (Ba et al., 2016) as viable alternatives to BN for training on source
data. Other alternatives exhibit increased robustness to varying batch size and long-tailed distribution
via group normalization (Wu & He} 2018)), Compound Batch Normalization (Cheng et al., 2022), and
Mixture Normalization (Kalayeh & Shah, 2019).

In this paper, we thoroughly revisit BN for test-time adaptation, targeting temporally correlated
(non-i.i.d.), distributionally shifted test batches. In our approach, we interpret the instance-wise input
features of BN layers pertaining to the present test batch as samples drawn in non-i.i.d. manner
from K distinct distributions over time, reflecting temporal correlation. Consequently, we unmix the
initially stored batch normalization statistics into K distinctive components, each reflecting statistics
from similar test inputs. This unveils a strategy for real-time adaptation of these statistics to the
streaming test batches. Drawing inspiration from sequential clustering paradigms, our method aims
to update the K statistics components using the closest instances from the streaming test data in a
dynamic online setting. In summary, our contributions are as follows:

* We introduce a novel test-time normalization scheme (UnMix-TNS) designed to withstand the
challenges posed by label temporal correlation of test data streams.

* UnMix-TNS demonstrates robustness across various test-time distribution shifts such as single
domain, and continual domain. While not primarily designed for mixed domain settings, it offers
a level of adaptability in these scenarios. Additionally, the method excels with small batch sizes,
even down to individual samples.

* UnMix-TNS layers, with negligible inference latency, seamlessly integrate into pre-trained neural
network architectures, fortified with BN layers, boosting test-time adaptation capabilities while
incurring minimal overhead.

¢ QOur results demonstrate notable enhancements in TTA methods under non-i.i.d. conditions when
augmented with UnMix-TNS, as evidenced on datasets involving corruptions and natural shifts. We
also unveil ImageNet-VID-C and LaSOT-C video datasets, corrupted versions of ImageNet-VID
and LaSOT, for realistic domain shift analysis in video classification.

2 METHODOLOGY

2.1 PRELIMINARIES

Batch normalization in TTA. In addressing the challenges of covariate shifts at test time, test-
time BN (TBN) employs the current batch’s statistics rather than relying on stored source statistics.
Consider a batch of feature maps being input into the BN layer. We can represent this batch as
7 € RBXCXL \where B stands for the batch size, C signifies the number of channels, and L denotes
the dimensions of each feature map. The BN layer normalizes the feature maps using the current batch
statistics, denoted as (ut, o) € RC. Following this, it employs the affine parameters (v, 3) € R to
produce normalized feature maps z that are both scaled and shifted, as follows:

t
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Figure 1: Test-Time BN (TBN) vs. UnMix-TNS. (a) TBN recalibrates its intermediate features when
test batches are i.i.d. sampled over time ¢, accommodating distribution shifts. (b) However, TBN fails
for non-i.i.d. label-based test batch sampling, leading to skewed batch statistics. (¢) UnMix-TNS
overcomes this failure by estimating unbiased batch statistics through its K statistics components.

Test-time adaptation under label temporal correlation. Let fy : X — ) denote a neural network
parameterized by 6, mapping image space X to label space, ). This network, featuring BN layers,
has been trained on the source data distribution Ps(x,y). Given a stream of covariate shifted test
images x; sampled at time ¢ from an arbitrary test distribution P (x, y|t) with temporally correlated
labels, the goal is to continuously adapt fy to new data x;, as it arrives, even without access to the
corresponding true label y;.

2.2 UNMIXING TEST-TIME NORMALIZATION STATISTICS

In Figure|(l] a toy example clearly elucidates a crucial point: when dealing with covariate-shifted
target test images that bear temporal correlations, there’s an intrinsic bias in estimating online batch
normalization statistics, as depicted in Figure[I[(b). This bias is in sharp contrast to the more stable
dynamics of batch normalization statistics sourced from i.i.d. batches of well-shuffled data, as
visualized in Figure[I(a). This variance can lead to substantial failures in many test-time adaptation
methods, particularly when test images from the target domain exhibit temporal correlations tied to
their true labels.

This section introduces UnMix-TNS, our proposed normalization paradigm tailored for the non-i.i.d.
streams of test images. As illustrated in Figure[I[c), at the heart of the UnMix-TNS layer is a process
that deftly decomposes the stored BN statistics into & components. Then, all K statistics components
are updated based on their alignment with the test batch’s instance-wise statistics. Components that
align more closely undergo more substantial updates, while others reflect statistics from previously
encountered, less similar features, simulating an ideal i.i.d. environment. The genius lies in the
end result: the statistics computed by UnMix-TNS with its K components in non-i.i.d. conditions,
align seamlessly with those generated by TBN in i.i.d. conditions (see Appendix [A.3]for theoretical
analysis).

In the subsequent Section [2.2.1] we formulate the distribution of K UnMix-TNS components and
describe how to compute the label unbiased normalization statistics at a temporal instance ¢, utilizing
only the statistics derived from the K components in conjunction with the current statistics of the non-
i.i.d. test batch. In Section[2.2.2] we explain the process of initializing the K statistics components
of the UnMix-TNS layer, leveraging the batch normalization statistics stored within the provided
pre-trained model. In Section[2.2.3] we outline the methodology for deriving current statistics from
these K statistics components. This process is crucial for both normalizing the input test features and
their dynamic online adaptation.
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Figure 2: An Overview of UnMix-TNS. Given a batch of non-i.i.d test features z* € RE*XC*L at
a temporal instance ¢, we mix the instance-wise statistics (jif, &%) € RE*¢ with K UnMix-TNS
components. The alignment of each sample in the batch with the UnMix-TNS components is
quantified through similarity-derived assignment probabilities p}.. This aids both the mixing process
and subsequent component updates for time ¢ 4 1.

2.2.1 DISTRIBUTION OF K UNMIX-TNS COMPONENTS MIXTURE

Let [u!, ..., ut] and [0}, ..., ot denote the statistics of the K components within the UnMix-TNS
layer at a given temporal instance ¢, where each u!, ot € RY. We articulate the distribution h%, ()
of instance-wise test features z € R® marginalized over all labels at a temporal instance ¢ using the
K components:

1
Wy (ze) = 7 D Nt en0%0); )
k

where N represents the Normal distribution function. Given only (u}, UZ)_ , one can derive the
label unbiased normalization test statistics (fi, 5%) at time ¢ (see Appendix as follows:
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Subsequent sections will delve into the initialization scheme for the X UnMix-TNS components and
elucidate the process of updating their individual statistics (u},, o}.) at temporal instance ¢.

2.2.2 INITIALIZING UNMIX-TNS COMPONENTS

Consider the pair (1,0) € RY, which stands as the stored means and standard deviation of the
features in a given BN layer of fj, derived from the source training dataset before adaptation. We
initialize statistics (4, o},) of K components of UnMix-TNS at ¢ = 0, as delineated in Equation (5).

0 — o a-K
HE,c = He AN K1

where (j, . is sampled from the standard normal distribution A/ (0, 1), and « € (0, 1) is a hyperpa-
rameter that controls the extent to which the means of the UnMix-TNS components deviate from the
stored means of BN layer during initialization. Note that the initial normalization statistics (ji°, 5°)
estimated from (u, ag) have an expected value equal to the stored statistics of the BN layer, i.e.,

E[z?] = pand E[(62)?] = o2 for all values of «. Further insights into this relationship are detailed
in Appendix

Cher Ope=V1—a-oe, Cre~N(0,1) o)

2.2.3 REDEFINING FEATURE NORMALIZATION THROUGH UNMIX-TNS

Considering the current batch of temporally correlated features zt € REX¢*Z we commence by
calculating the instance-wise means and standard deviation (fif, 5¢) € RP*C mirroring the Instance
Normalization |Ulyanov et al.[(2016), i.e.:

- 1 . 1 N
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To gauge the likeness between UnMix-TNS components and current test features, we compute the

R . . _ . K
cosine similarity s} , of the current instance-wise means /i}, , with that of X' BN components {u}, },_,
as follows:
¢ Co (st ot
Sp,p — S1M (Nb,;a Nk) ) )

T .
where sim(u,v) = Tae denote the dot product between Iy normalized u and v € RC. We

proceed to derive the refined feature statistics, denoted as (ji*,5*) € RE*¢ for each instance. This
is accomplished by a weighted mixing of the current instance statistics, (fi’,5'), harmoniously
blended with the K BN statistics components, (u, o,ﬁ)i{:l. This mixing strategy unfolds similar to
Equation (3) as:

_ 1 .
MZ,C = ? ? ﬂi,k,m (8)

_ 1 . 1 . 1 N
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k k k

ﬂi,k,c = (1= phr) Mo +P§},k 'ﬂi,c7 (&zt;,k,c)z =1 —-phs)- (O—Itc,c)2 +Plt;,k : (&lt;,c)27 (10)

exp(s}, 1 /7)

In this formulation, pa e SR o) represents the assignment probability of the b'"

instance’s

statistics in the batch belonging to the k*" statistics component. Note that, ph .~ 1if bt" instance

exhibits a greater affinity to the k" component, and vice-versa. We employ the refined feature
statistics (fif, &%) to normalize z¢, yielding normalized features z’ elaborated upon below:
t —t
Zy .. — [ .
5 b.c,: b,
Zhor = e = + e, (1)
Jb,c

In the concluding steps, all i BN statistics components undergo refinement. This is achieved by
updating them based on the weighted average difference between the current instance statistics, with
weights drawn from the corresponding assignment probabilities across the batch:

A -
Hile & Mo T 5 D Phk (e = Hhe): (12)
b

A -
(k)7 (1) + 5 D P ((03.)° = (0h,0)°), (13)
b

where ) is the momentum hyperparameter and is set based on the principles of momentum batch
normalization as proposed by (Yong et al.,[2020) (see Appendix [A.4). The more a statistic component
is closely aligned with the instance-wise statistics in the test batch (precisely when p}i’ , ~ 1), the
more it undergoes a substantial update.

3 EXPERIMENTS

3.1 EXPERIMENTAL SETUP

To maintain fairness in comparison with baselines, our experiments are carried out using the open-
source online TTA repository (Marsden et al.,|2024), which amasses source codes and configurations
of state-of-the-art TTA methods. Implementation details are elaborated in Appendix [B.1}

Datasets and models. To examine the repercussions of common corruption, we use the Robust-
Bench benchmark (Hendrycks & Dietterich, [2019). This benchmark encapsulates the CIFAR10-C,
CIFAR100-C, and large-scale ImageNet-C datasets, offering a comprehensive view of 15 diverse
corruption types, each implemented at five distinct severity levels—applied to the corresponding clean
test datasets. Our chosen backbone models consist of WideResNet-28 (Zagoruyko & Komodakis|
2016)), ResNeXt-29 (Xie et al., [2017), and ResNet-50 (He et al., |2016J), each trained on CIFAR10,
CIFAR100, and ImageNet, respectively. To assess the robustness of our method to natural domain
shifts, we utilize the subset of the DomainNet dataset (Peng et al.|[2019), renowned for its pronounced
domain shifts, focusing on classification tasks. Given the presence of noisy labels in the original
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DomainNet dataset, we adopt the approach from (Chen et al., [2022) and utilize a refined subset,
DomainNet-126 (Peng et al.,2019), which features 126 classes across four distinct domains: Real,
Sketch, Clipart, and Painting. For every domain, a single ResNet-101 model is trained following the
(Chen et al.l 2022)) and, subsequently, evaluated against the remaining three domains. Furthermore,
to evaluate our model’s resilience in non-i.i.d. video frame-wise classification contexts, we introduce
corrupted versions of ImageNet-VID (Russakovsky et al., [2015) and LaSOT (Dave et al., [2020),
named ImageNet-VID-C and LaSOT-C, respectively. Each dataset is modified with three types of
corruptions: Gaussian noise, artificial snow, and rain, to challenge the models further. As a backbone,
we use ResNet-50 pre-trained on an original, uncorrupted training set of ImageNet.

Baselines. In our evaluation, we have benchmarked UnMix-TNS against a diverse range of other test-
time normalization methods. Our comparative analysis includes test-time BN recalibration approach
(TBN) (Nado et al.,|2020), a-BN (You et al.,2021), the Instance Aware BN (IABN) layer introduced
in NOTE (Gong et al.| [2022)), and the Robust BN (RBN) layer proposed in RoTTA (Yuan et al.|
2023)). Beyond this, we investigate the advantages of pairing UnMix-TNS with different test-time
optimization methods, comparing it to standard BN layer usage. In our assessment, we explore
several TTA methods, including TENT (Wang et al.,2020), which leverages entropy minimization to
fine-tune BN affine parameters, and CoTTA (Wang et al.}2022), which optimally employs the Mean
teacher method. Additionally, we examine the parameter-free strategy, LAME (Boudiaf et al., [2022),
which adjusts model outputs based on batch predictions. As for TTA methods utilizing memory
banks to simulate i.i.d. samples, we assess NOTE (Gong et al.| 2022)) and RoTTA (Yuan et al., [2023).
We also explore the more recent universal TTA method, ROID (Marsden et al.l 2024)), incorporating
various regularization techniques, including diversity weighting.

Evaluation protocols. All experiments are conducted in an online non-i.i.d TTA setting, with
immediate evaluations of predictions. Following the non-i.i.d protocols outlined in (Marsden et al.|
2024), we first explore the single domain adaptation scenario, wherein the model sequentially adapts
to each domain, with a reset in weights upon switching domains. Next, we examine the continual
domain adaptation scenario, allowing the model to adapt sequentially across all domains without
weight reset. Lastly, we assess the mixed domain adaptation scenario, evaluating performance with
test batches composed of examples from multiple domains. This approach enables a concise yet
comprehensive analysis of model adaptability in diverse domains.

3.2 RESULTS

Tables [I] and [2] present the average online classification error rates for our method and baselines
on corruption and natural shift benchmarks, following three outlined evaluation protocols. Key
observations include:

Table 1: Non-i.i.d. test-time adaptation on corruption benchmarks. Averaged online classification
error rate (in %) across 15 corruptions at severity level 5 on CIFAR10-C, CIFAR100-C, and ImageNet-
C, comparing single, continual, and mixed domain adaptation. Averaged over three runs.

SINGLE DOMAIN CONTINUAL DOMAIN MIXED DOMAIN
Dataset CIFARI0-C  CIFARI00-C  ImageNet-C ‘ Mean CIFARI0-C  CIFAR100-C  ImageNet-C ‘ Mean CIFAR10-C CIFAR100-C  ImageNet-C ‘ Mean
Source | 435 46.5 82.0 | 573 [ 435 46.5 82.0 573 [[435 46.5 82.0 573
TEST-TIME NORMALIZATION
TBN 76.0 81.6 832 80.3 76.0 81.6 832 80.3 79.2 94.3 96.6 90.0
a-BN 44.4 50.7 75.7 56.9 44.4 50.7 75.7 56.9 53.0 64.4 86.7 68.0
TABN 29.1 55.7 85.0 56.6 29.1 55.7 85.0 56.6 29.1 55.7 85.0 56.6
RBN 54.3 44.6 71.3 56.7 54.7 44.9 71.3 57.0 713 82.4 91.1 83.6
UnMix-TNS 27.0 39.2 70.6 45.6 26.8 39.2 70.4 455 41.9 50.1 84.3 58.8
TEST-TIME ADAPTATION
TENT 76.0 81.6 82.6 | 80.1 75.9 81.9 82.0 79.9 79.1 94.7 97.6 90.5
(+UnMix-TNS) | 27.0 (-49.0) 38.7 (-42.9) 69.5(-13.1) 45.1(-35.0) || 26.6 (-49.3) 37.7 (-44.2) 882 (+62) 50.8(-29.1) || 38.4(-40.7) 51.2(-43.5) 95.0 (-2.6) 61.5 (-29.0)
CoTTA 77.2 80.9 82.7 ‘ 80.3 77.8 81.2 82.6 ‘ 80.5 81.4 94.3 96.7 90.8
(+UnMix-TNS) | 49.1 (:28.1) 50.1 (-30.8)  70.7 (-12.0) 56.6 (-23.7) || 44.6 (-33.2) 50.4 (-30.8) 71.4(-11.2) 55.5(25.0) || 72.1(-93)  66.6(-27.7) 85.6 (-11.1) | 74.8 (-16.0)
LAME 30.6 352 79.3 | 48.4 30.6 352 79.3 48.4 16.1 38 65.0 28.3
(+UnMix-TNS) | 5.4 (-252) 31.7(-35) 64.1(-152) 33.7(-14.7) || 8.0(-226)  30.6 (-4.6) 63.8(-155) 34.1(-143) || 8.0(-8.1) 4.2 (+0.4) 68.5 (+3.5) | 26.9 (-1.4)
NOTE 26.0 534 81.7 ‘ 53.7 26.7 53.8 81.8 ‘ 54.1 36.1 57.0 85.6 59.6
(+UnMix-TNS) | 26.7 (+0.7) 38.3 (-15.1)  70.9 (-10.8) 453 (-8.4) 26.7 (+0.0) 38.5(-153) 70.8(-11.0) 453 (-8.8) 52,6 (+16.5) 53.8(:3.2) 84.6 (-1.0) | 63.7 (+4.1)
RoTTA 27.7 43.5 70.2 | 47.1 27.9 44.3 68.9 47.0 64.0 65.0 86.7 71.9
(+UnMix-TNS) | 26.8 (-0.9)  39.4 (-4.1) 70.8 (+0.6) 457 (-14) || 268 (-1.1) 389 (-54) 69.6 (+0.7)  45.1(-1.9) || 454 (-186) 53.2(-11.8) 83.9(2.8) | 60.8(-11.1)
ROID 73.4 717 82.4 ‘ 77.8 73.4 71.7 82.4 ‘ 77.8 77.3 93.5 96.5 89.1
(+UnMix-TNS) | 153 (-58.1) 14.0(-63.7) 66.6 (-158) 32.0(-458) || 15.5(-57.9) 13.4(-643) 66.4(-160) 31.8(-46.0) || 32.6 (-447) 123 (812) 77.5(-19.0) | 40.8 (-48.3)

UnMix-TNS exemplifies resilience under non-i.i.d. test-time adaptation. Our observation reveals
that, in comparison to other test-time normalization-based methods, UnMix-TNS stands superior,
delivering exceptional average classification performance in both single and continual domain
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Table 2: Non-i.i.d. test-time adaptation on natural shift benchmark (DomainNet-126). Online
classification error rate (in %) depicted for each source domain, averaged across the other target
domains. A comparative analysis between single, continual, and mixed domain adaptation is presented.
Averaged over three runs.

SINGLE DOMAIN CONTINUAL DOMAIN MIXED DOMAIN
Source domain_| clipart paintingreal sketch | Mean || clipart painting _real sketch | Mean || clipart painting real sketch | Mean
Source 495 a6 752 753 454 1495 6 752 753 454 [[49.3 6 752 153 (454
TEST-TIME NORMALIZATION
TBN 892 87.7 858 87.4 875 89.2 87.7 85.8 874 875 93.7 93.0 89.9 929 924
a-BN 60.7 539 58.1 554 57.0 60.7 539 58.1 554 57.0 64.7 60.5 61.7 59.5 61.6
IABN 69.2 62.9 672 653 66.2 69.2 62.9 67.2 653 66.2 69.2 62.9 67.2 653 66.2
REN 66.6 61.1 612 59.9 622 66.6 61.2 61.2 59.9 622 79.9 76.6 713 76.3 76.0
UnMix-TNS | 48.9 29 488 415 455 480 416 417 40.6 45 487 416 47.6 39.5 444
TEST-TIME ADAPTATION
TENT 89.2 87.7 85.8 87.4 875 | 892 87.7 5.9 87.4 | 875 93.7 93.1 89.9 929 924
(+UnMIix-TNS) | 48.8 (404) 42.7(450) 487 (-37.1) 415(459) | 454 (42.1) | 47.9(-413) 2) 47.5(:384) 40.6(468) 44.4(43.1) || 48.1(456) 415(:516) 47.0(429) 39.2(-537) | 43.9 (485
CoTTA 892 87.7 858 87.4 875 | 892 8 874 | 875 937 93.1 89.9 929 924
(+UnMix-TNS) | 492 (40.0) 43.0(-44.7) 49.0(-36.8) 41.8(-45.6) | 45.8 (41.7) | 49.0 (-40.2) 37.9) 415(459) 450 (425) || 49.0 (44.7) 42.0(5L1) 47.5(424) 39.9 (53.0) | 44.6 (47.8)
LAME 322 29.1 28.0 325 30.5 | 322 325 | 305 214 10.2 116 17.9 153
(+UnMix-INS) | 27.7 (45) 247 (44)  27.9(0.0) 262(:63) |26.6(:39) | 27.1(51) 25.6(:69) 259(46) [ 16747 9309  1L6(+00) 129(50) | 12.6(27)
NOTE 61.0 57.1 59.1 54.8 58.0 | 60.8 544 | 576 63.8 60.2 60.9 57.6 60.6
(+UnMix-TNS) | 50.9 (-10.1) 44.6 (-125) 49.4(:9.7) 427 (-12.1) | 469 -11.1) | 50.6 (-10.2) 423(¢12.1) 46.5C1L1) || 49.0(¢-148) 43.1¢-17.1) 50.0(-109) 39.9(-17.7) | 45.5 (-15.1)
RoTTA 575 50.9 538 49.7 53.0 | 57.1 49.1 | 526 65.6 61.2 60.2 59.6 61.7
(+UnMix-TNS) | 50.5(:7.0) 441 (68) 493 (45 430(67) |467(63) | 504 (67) 43.0(6.1)  465(-6.1) || 493(163) 429(¢183) 49.8(104) 40.1(195) | 455 (-162)
ROID 884 86.7 85.1 86.2 86.6 | 88.4 85.1 86.2 | 86.6 932 923 893 923 91.8
(+UnMix-TNS) | 303 (58.1) 224(643) 31.7(-534) 2L6(646) | 265(60.1) | 29.7 (-587) ) 307(544) 21.2(-650) 258(-608) || 21.0(722) 113 (81.0) 20.1(-692) 13.7(786) | 165 (753

Table 3: Non-i.i.d. test-time adaptation on corrupted video datasets. We adapt the ResNet-50
backbone trained on ImageNet on the sequential frames of ImageNet-VID-C and LaSOT-C and report
classification error rates (%). T denotes methods using UnMix-TNS layers.

Dataset Corruption Source | TBN a-BN  UnMix-TNS | TENT TENT! LAME LAME'
Gauss. Noise | 79.6 | 924 78.1 74.1 924 763 (-16.1) 780  71.2(-6.8)

ImageNet-VID-C | Rain 824 | 924 83.0 80.0 924  80.8(-11.6) 804  76.8(3.6)
Snow 492 | 914 619 51.8 91.4 54.8(-36.6) 457  46.4(+0.7)
Mean 704 | 920 744 68.6 92.0 70.6(214) 680 648(3.2)
Gauss. Noise | 843 | 972 86.7 82.9 972 827(-145 826 802(24)

LaSOT-C Rain 89.5 | 97.1 895 88.6 97.1  88.4(-87) 87.5  87.3(-0.2)
Snow 712 | 96.1 784 71.9 96.1  72.1(-240) 665  66.8 (+0.3)
Mean 81.7 | 96.8 848 SI.1 96.8 81.0(-158 789 781(-0.8)

adaptation, spanning corruption and natural shift benchmarks. More explicitly, our method shows an
increase in accuracy by 11.0% and 11.1% averaged over three datasets on the corruption benchmark,
surpassing the second-best baseline. The merit is accentuated in DomainNet-126; the improvement
rises to 11.5% and 12.5%, corresponding to scenarios where the domain discrepancy is notably
profound. In realms of mixed domain adaptation, UnMix-TNS outperforms its closest competitor by
5.6% and 2.6% on CIFAR100-C and ImageNet-C, respectively. This is supported by a remarkable
reduction in the error rate by 17.2%, surpassing the next best method on mixed domain adaptation on
DomainNet-126. The insights derived from our experiments are particularly enlightening for non-i.i.d
scenarios, suggesting that the update of multiple distinct statistics components achieves superiority
over the continuous adaptation of a singular component as in RBN or blending source statistics with
the incoming batch/instance (a-BN/IABN) target statistics.

Elevating TTA methods with UnMix-TNS. In Tables [[| and 2| we benchmark against the fore-
front TTA strategies, both standalone and when integrated with UnMix-TNS. We note significant
performance reductions for TENT, CoTTA, and ROID when operated solely across corruption and
natural shift benchmarks, observing error rates escalating to a minimum of 73.4% across every
dataset and evaluation scenario. We posit that the reliance of the methods on TBN explains the
substantial drops in performance when exposed to non-i.i.d. testing. However, when combined with
UnMix-TNS, these methods experience a remarkable performance improvement. Notably, ROID
achieves gains of at least 45.8% on corruption datasets and 60.1% on DomainNet-126 domains,
ultimately achieving the best mean results in both single and continual domain adaptation for both
benchmarks. Conversely, methods like NOTE and RoTTA use memory banks to simulate i.i.d.-like
conditions, improving test-time accuracy in single and continual domain adaptation scenarios only
on corruption benchmarks. Regardless, they face challenges when dealing with mixed domain or
larger domain shifts, as exemplified by DomainNet-126. Instead, we demonstrate that the integration
of UnMix-TNS consistently elevates their performance, highlighting the advanced efficacy of our
normalization layers compared to the IABN and RBN employed by these methods. Among the TTA
methods, only LAME, which propagates labels within a batch, exhibits remarkably low error rates in
both test scenarios. Nonetheless, UnMix-TNS advances its overall performance further, except in the
case of mixed domain adaptation scenarios for CIFAR100-C and ImageNet-C.
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Evaluating UnMix-TNS for corrupted video datasets. In Table 3] we assess how a ResNet-50
model, initially trained on ImageNet, adapts at test time using corrupted versions of ImageNet-
VID and LaSOT video datasets. UnMix-TNS consistently surpasses the test-time normalization
schemes of TBN by 23.4/15.7% and a-BN by 5.8/3.7% on ImageNet-VID/LaSOT, respectively.
It also demonstrates an overall improvement of 21.4/15.8% and 3.2/0.8% for TENT and LAME,
respectively. Moreover, UnMix-TNS proves to be more robust than other test-time normalization
schemes, predominantly improving upon the baseline source accuracy, especially in scenarios affected
by covariate-shifted video frames, where others may experience a noticeable decline in source model
performance.

3.3 ABLATION STUDIES

Deciphering test sample correlation impact. This study, aligned with (Yuan et al.,[2023)), adopts
the Dirichlet distribution, synthesizing correlatively sampled test streams through the concentration
parameter ¢ to investigate their impact on domain adaptation under continual, and mixed domain
adaptation. A decrease in ¢ results in heightened correlation among test samples and category
aggregation, depicted by different & values in Figure[3|(a) on the CIFAR100-C dataset. Concurrently,
this decrease triggers a pronounced decline in the performance of TBN, a-BN, and RBN, owing
to their indifference to the rising correlation among test samples. Notably, UnMix-TNS exhibits
more resilience regarding various values of §, demonstrating its effectiveness in the above-mentioned
non-i.i.d. test-time scenarios. Further ablation studies concerning single domain adaptation, along
with experiments on CIFAR10-C, are provided in Appendix[C}

Effect of batch size. While our experiments are primarily conducted with a batch size of 64, we
also explore the effect of varying batch sizes, from 1 to 256, on temporally correlated streams within
continual and mixed domain adaptation to address potential curiosities regarding batch size influence.
As illustrated in Figure 3] (b), we observe consistent decrement in the error rate for TBN and RBN as
batch size increases, while a-BN’s error rate first increases with batch size and then reduces afterward.
This occurrence reflects the premise that an increased batch size facilitates the incorporation of more
categories within each batch, thereby diminishing the label correlation therein. For a-BN, a batch size
of 1 corresponds to the computation of normalization statistics on an instance-wise basis, utilizing
a blend of stored and current statistics, a method which, intriguingly, yields the best performance.
Distinctly, UnMix-TNS remains robust to batch size variations, consistently delivering superior
results across adaptation scenarios over a wide range of batch sizes. Additional results for single
domain adaptation, along with experiments on CIFAR10-C, are provided in Appendix[C]

UnMix-TNS introduces minimal computational overhead. To accurately assess the efficiency
of the UnMix-TNS, we execute precise computations of the inference time over the 15 corruptions
of CIFAR10-C. These calculations are uniformly performed under consistent running environ-
ments—utilizing an NVIDIA GeForce RTX 3080 GPU and maintaining the same batch size of 64
and K=16. Despite the negligible additional inference time cost—a mere extra 0.15ms per image
compared to vanilla source inference—the integration of the proposed UnMix-TNS results in a
substantial enhancement of 16.5% in average accuracy. When integrated into a method like TENT,
the inference rate slightly increases by 0.58ms per image for a significant average accuracy gain of
49.0%.

In Appendix[C| we provide supplementary ablation studies and experiments, focusing on the effect
of the depth of UnMix-TNS layers in neural networks and the number of components, denoted as K.

4 RELATED WORK

Online Test-Time Adaptation. Prominent TTA methods, such as self-supervised tuning (Sun
et al., [2020; Liu et al., [2021)), batch normalization recalibration (Nado et al., 2020; [Wang et al.,
2020), and test-time data augmentation (Chen et al.,[2022} Tomar et al.,[2023)), are often limited to
specific experimental setups. These methods assume a single stationary distribution shift, large batch
sizes, and consistent labels within test batches, leading to suboptimal performance in diverse testing
scenarios. Hence, recent efforts have focused on extending to more practical testing scenarios. For
instance, CoTTA (Wang et al., [2022) focuses on adapting to evolving target environments but relies
on i.i.d. test data. They employ dual utilization of weight and augmentation-averaged predictions,



Published as a conference paper at ICLR 2024

~®" Source TBN a-BN RBN ~®- UnMix-TNS

CONTINUAL DOMAIN MIXED DOMAIN CONTINUAL DOMAIN MIXED DOMAIN

100
= 80
o
2
o
v
560
3
=] @y O &—— °

P GRS G N N S .
40
wniform 10.0 1.0 0.1 0.01 uniform 10.0 1.0 0.1 0.0t 12 4 8 16 32 64 128256 12 4 8 16 32 64 128256
(a) 6 (b) Batch size

Figure 3: Ablation study on the impact of (a) Dirichlet parameter, §, and (b) batch size on CIFAR100-
C, comparing several test-time normalization methods including TBN, a-BN, RBN, and UnMix-TNS.

resulting in substantial model updates and computational overhead. LAME (Boudiaf et al., [2022)
suggests non-i.i.d. test-time adaptation based on batch predictions, but it may be sensitive to batch
size fluctuations. NOTE (Gong et al.| 2022)) and RoTTA (Yuan et al.,|2023) use a memory bank for
category-balanced data, effective under non-i.i.d. and non-stationary contexts but with high memory
requirements. ROID (Marsden et al., 2024) introduces universal test-time adaptation with various
protocols, benefiting from strategies like diversity weighting and normalization layers like group or
layer normalization for improved resilience to correlated data. However, its effectiveness diminishes
in non-i.i.d. scenarios with BN layers in the backbone.

Normalization in Test Time. Test-time BN adaptation methods have emerged that utilize test
batch statistics for standardization (Nado et al.| |2020) or blending source and test batch statistics
(Schneider et al.l 2020) to counteract the intermediate covariate shift adeptly. Similarly, methods
like a-BN (You et al.| [2021) and AugBN (Khurana et al., [2021) integrate both statistics through
the use of predetermined hyperparameters. Other methods modify statistics via a moving average
while augmenting the input to create a virtual test batch (Hu et al. 2021} [Mirza et al.| 2022). For
instance, the MixNorm (Hu et al.| 2021) uses training statistics as global statistics, updated through
an exponential moving average of online test samples, even for a single sample. InstCal (Zou et al.,
2022) introduces an instance-specific BN calibration for test-time adaptation, bypassing extensive
test-time parameter fine-tuning. NOTE (Gong et al., 2022)) has presented instance-aware BN (IABN)
to correct normalization of out-of-distribution samples. In another concurrent work, RoTTA (Yuan
et al.,[2023)) suggests robust BN (RBN), which estimates global statistics via exponential moving
average. Recently, TTN (Lim et al., [2023) introduced a test-time normalization layer that merges
source and test batch statistics, leveraging interpolating channel-wise weights to seamlessly adapt to
new target domains while accounting for domain shift sensitivity. However, it is essential to highlight
that TTN relies on prior knowledge of the source data, representing a slight departure from traditional
test-time adaptation methods.

5 CONCLUSION

This paper proposes UnMix-TNS, a novel test-time normalization layer meticulously designed to
counteract the label temporal correlation, particularly in the context of non-i.i.d. distributionally
shifted streaming test batches. UnMix-TNS, inherently versatile, integrates seamlessly with existing
test-time adaptation techniques and BN-equipped architectures. Through rigorous empirical testing
on various benchmarks—including both corruption and natural shift benchmarks of classification, as
well as newly introduced corrupted real-world video datasets, we provide compelling evidence of
robustness across varied test-time adaptation protocols and the significant performance enhancements
achievable by leading TTA methods when paired with UnMix-TNS in non-i.i.d. environments.
Limitations. Future work will concentrate on two main areas: firstly, adapting to scenarios where
test batches include a wide range of diverse or outlier instances; secondly, applying our method to
BN-based segmentation models during test-time adaptation to enhance its adaptability. Additionally,
determining the ideal number of UnMix-TNS components will be explored further, as different
datasets and adaptation scenarios may require varied optimal values.
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A APPENDIX: PROPERTIES OF UNMIX-TNS COMPONENTS

This section provides supplemental material for Sections[2.2.T]and [2.2.2]

A.1 STATISTICS OF KX COMPONENT MIXTURE DISTRIBUTION

Let fx(z) = >, wy - f%(x) be the probability distribution of a random variable X € R, which is
a linear sum of K distinct probability distributions, such that wy > 0 and )  We = 1. Also, let

pwr = [z f%(z)de, and 0F =[(x — px)? - f%(z) dz. The mean y and variance o of random
variable X under the distribution fx (z), are computed as:

u=/x-fx<x>dx=/:c- (ijwk-fﬁz(x))dx:;wk/w-fﬁ(@dx:zkjwwk, (14)

02:/(x_u)2.fx(x)dx:/$— (Zwk Ix (= )

um(/xz~f§(z)dx+u2/f§(x)dx—2u/x~f§<(fc)dw>

= Zwk((ai + pi) + p? _Q,U',Uk)
k

:Zwk-ai—i—Zwk-ui— (Zwkuk)2.
k k k

Il
1]

A.2 INITIALIZING INDIVIDUAL STATISTICS OF K UNMIX-TNS COMPONENTS

Let us initialize the means and standard deviations (p},, L) at time ¢ = 0 of the individual components
of the UnMix-TNS layer, such that, in expectation, the statistics of their mixture distribution are equal
to the stored statistics (p, o) in the corresponding BN layer. For simplification in notation, we drop ¢
and ¢, and represent the mixture distribution from Section[2.2.T|at t = 0 and arbitrary channel c as
follows:

1
hz(z) = EZN(M’“’U’“) (15)
k

where we define p;, = p + x and o), = p, where (i, ~ N(0, €). Then, by applying Equations
and (15), the expected value (ji, 5%) of the mean and variance of mixture distribution can be expressed
as follows:

E[g] =E Il{zk:(wrck) =, (16)
E[o’] = ZM+Ck - (Z/HQC)}
k k
=%+ (1 f %)62. (17)

Note that the right-hand side of the above equation remains constant. Consequently, at initialization,
creatmg more diverse components (hlgh €) necessitates lower individual variance of the components,

p?. Thus, the maximum value of € is established as €2, = %52 and minimum value as

€2 .= 0. Hence, we proportionally scale ¢ between (0, . % . 6) utilizing the hyperparameter o,
ie. €= ;f{l oc_r).

13
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A.3 ADAPTING UNMIX-TNS TO TEMPORALLY CORRELATED TEST DATA: A THEORETICAL
PERSPECTIVE

Let h(z) be the true distribution of the test domain features. We assume that /(z) can be decomposed
as a mixture of K Gaussian distributions {h,(2)}f,, such that h(z) = % 3, hi(2). Additionally,
we postulate the existence of a perfect classifier F' : Z — (Y, K) that deterministically assigns each
feature z to its corresponding label y and component k, expressed as (y, k) = F'(z).

In the context of independent and identically distributed (i.i.d.) features, each z is uniformly sampled
over time with respect to its corresponding label y (unknown to the learner), and thus the expected
value of the mean (utilized for normalization) of the current batch can be calculated as follows:

E[tbacn] = p* = Z/z “h(z,y, k)dz = Z/Z - h(z|k)h(y|z, k)h(k)dz (18)
Y,k y,k

where h(z,y, k) represents the joint distribution of the features z, labels y and the component k. The
term h(z|k) = hy(z) denotes the probability distribution of the features given a particular component
k, while h(k) = —+ implies that each component is equally likely. Furthermore, h(y|z, k) is the
conditional probability distribution of the labels given the features z and the component k. Since
the perfect classifier F' allows for the deterministic determination of y, k from z, it follows that
> v h(y|z, k) = 1. This can be rearticulated in the above equation for estimating the expected mean
p* as follows:

1 1 1
p= Kyzk:/z “hi(2)h(y|z, k)dz = 17 Xk:/z chi(2)dz = 17 Zk:uz (19)

where p;, is the mean of the k" component of the true distribution of the test domain features.

In a non-i.i.d. scenario, we sample the features z to ensure a temporal correlation with their
corresponding labels y. As a result, the true test domain distribution h(z) at a given time ¢ is
approximated as h'(z) = L 7, hf(z), where the distribution of the k%" component hy(2) is
approximated as iL}i (2). This leads to the estimation of an unbiased normalization mean at time ¢
using h'(z), as expressed in the following equation:

1 .
Punmintns (1) = e E /z - hi(2)dz. (20)
k

Furthermore, the bias Ayymix.Tns () between the mean of the true test-domain distribution p* and
the estimated mean fiywixrns (t) at time ¢ can be recorded as:

Bumsinars(t) = 2 3 [ 2+ (o) = b))z = o S — i) @1
k k

where /1!, is the estimated mean of the same k" component at time . Note that as time progresses and
t increases, i, — uf, as we update /i}. using exponential moving average mechanism (Equations 12 &
13 in the paper). Thus, UnMix-TNS can help mitigate the bias introduced in the estimation of feature
normalization statistics, which arises due to the time-correlated feature distribution. Conversely, the
expected value of the normalization mean estimated using the current batch (TBN) for the non-i.i.d.
scenario can be defined as:

prn(t) = 3 [ 2 iy bdz = Y [ 2 heI0Rlz Db Rz = 3 [ 2tz
v,k y.k k
where h!(k) represents non-i.i.d. characteristics of the test data stream. In this case, the bias is

obtained as follows:
Arpx(t) = p* =Y W' (k)uj, (22)
k

This equation indicates that if the test samples are uniformly distributed over time (i.e., in an i.i.d.
manner), where ht (k) = 1/K, the estimation of normalization statistics will not be biased. However,
in situations where h'(k) smoothly varies with time, favoring the selection of a few components over
others, TBN will introduce a non-zero bias in the estimation.
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A.4 OPTIMIZING MOMENTUM: INSIGHTS FROM MOMENTUM BATCH NORMALIZATION

Our approach to setting the optimal value of the hyperparameter A for momentum draws inspiration
from the concept of Momentum BN (MBN) (Yong et al.l 2020). The effectiveness of BN has
traditionally been attributed to its ability to reduce internal covariate shifts. However, MBN (Yong
et al., 2020) has provided an additional perspective by demonstrating that BN layers inherently
introduce a certain level of noise in the sample mean and variance, acting as a regularization
mechanism during the training phase. A key insight from MBN is the relationship between the
amount of noise and the batch size, and smaller batch sizes introduce relatively larger noise, leading
to a less stable training process. The rationale behind MBN is to standardize this noise level across
different batch sizes, particularly making the noise level with a small batch size comparable to that
with a larger batch size by the end of the training stage. To achieve this, MBN modifies the standard
BN approach: instead of directly using the batch means and variances in the BN layer, MBN utilizes
their momentum equivalents as follows:

pttt = (1= Npl + Aup = pl + Mps — pb) (23)
(0e")? = (1= N)(00)* + Mop)? = (00)* + M(08)* — (00)*) (24)
Here, ¢ denotes the t*" iteration, ,uz and az represent historical means and variances, up and op
represent the current batch means and variances, and A is the momentum hyperparameter. MBN

introduces additive noise &,, ~ N (0, %) and multiplicative noise £, with a Generalized-Chi-squared

distribution with expectation E[¢,] = Z=1 and Var[¢,] = 525 281 These formulas show that

smaller batch sizes lead to increased noise but also reveal that the noise level can be moderated by
the momentum hyperparameter A. Based on this insight, MBN proposed a formula to determine a
robust A given the batch size B:

A=1—(1—x)B/B (25)

where Ao and By represent the ideal momentum parameter and ideal batch size, respectively. In-
tuitively, a smaller batch size leads to a lower A, thereby reducing noise generation. Given that
Equations and in our method are similar to those in the MBN approach Equations
and (24), we posit that our method might also encounter significant noise with small batch sizes. To
address this and ensure stability across varying batch sizes, we adopt the hyperparameter A following
Equation (23)), using By = 64 and Xy = 0.1, aligning with (Yong et al., [2020).

B APPENDIX: FOR REPRODUCIBILITY

B.1 IMPLEMENTATION DETAILS

All experiments were performed using PyTorch 1.13 (Paszke et al., 2019) on an NVIDIA GeForce
RTX 3080 GPU. For the CIFAR10-C and CIFAR100-C, we optimize the model parameters of the
test-time adaptation methods utilizing both BN and UnMix-TNS layers with the Adam optimizer with
a learning rate of le-5, no weight decay, and a batch size of 64. For the DomainNet-126, ImageNet-C,
ImageNet-VID-C, and LaSOT-C datasets, we use the SGD optimizer with a learning rate of 2.5e-6,
momentum of 0.9, and no weight decay, with a batch size of 64 for DomainNet-126 and 16 for the
remaining datasets.

In implementing our method, we set « to 0.5 in all our experiments. As for the number of UnMix-TNS
components K, we set 16 for single and continual test-time adaptation on CIFAR10-C, CIFAR100-C,
DomainNet126-C, and ImageNet-C, while setting K to 128 for mixed domain test-time adaptation.
For mixed domain adaptation, K is increased to 128 to aptly represent a diversity of domain features
within the neural network and is further adjusted to 256 for ImageNet-VID-C and LaSOT-C. This
higher K value is pertinent to accommodate the heterogeneous domain features inherent in mixed
domain adaptation.

The § parameter controlling non-i.i.d. shift of the Dirichlet sampling distribution is set to 0.1 for
CIFAR10-C and adjusted to 0.01 for CIFAR100-C, ImageNet-C, and DomainNet-126.

15



Published as a conference paper at ICLR 2024

B.2 PSEUDOCODE

We provide PyTorch-friendly (Paszke et al., 2019) pseudocode for the implementation of the UnMix-
TNS layer, referenced as Algorithm ]

Algorithm 1: PyTorch-friendly pseudocode for the UnMix-TNS layer

class UnMixTNS:
def _init__(y, [, sourcemean , source.var , momentum, K):

# initialization
self.v = v, self.f = 3, self.momentum = momentum

# choose a = 0.5, C is number of channels
a = 0.5, C = source.mean.size()
# initialize K random UnMix-TNS compo ts

noise = torch.sqgrt (o » K/ (K-1)) * torch.randn(K, C) # shape: (XK,C)

self.component_means = torch.tensor ([noise[i] * sourcemmean for i in range (K)]) #

shape: (K, C)

self.component_vars = torch.tensor ([ (l-a) * sourcevar for _ in range(K)]) f#
shape: (K, C)
def forward(x):
# x has shape: (B,C,H, W)
instance.mean, instance_.var = torch.var.mean(x, dim=[2, 3]) # shape: (B,C)
# compute signment probabilities
with torch.no-grad(): # no gradients
sim = cosine_sim(instance.mean, self.component_means.T) # shape: (B,K)
p = torch.softmax(sim / 0.07, dim=1) .unsqueeze(-1) # shape:
# mix the instance statistics with K components’ statistics
hat.mean = (1-p)+*self.component.means.unsqueeze (0) + pxinstance_mean.unsqueeze (1) #
shape: (B,K,C)
hat_var = (1l-p)=*self.component_vars.unsqueeze (0) + pxinstance_var.unsqueeze (1) #
shape: (B,K,C)
# compute instance-wise normalization statistics
1 = torch.mean (hat_.mean, dim=1)
o2 = torch.mean (hat_var, dim=1) + torch.mean (hat.mean®*2, dim=1) - w2
# update K component’s statistics
with torch.no_grad(): # no gradi
# update K components’ means
self.component_means = self.component_.means + self.momentum x*
(torch.mean (hat_.mean, dim=0) - self.component_means)
# update K components’ vars
self.component_vars = self.component_vars + self.momentum x (torch.mean (hat_var,
dim=0) - self.component.vars)
# normalize features : x
xonorm = (x - p) / torch.sqrt(a2 + le-6)

return x.norm * self.y + self.f

C APPENDIX: ABLATION STUDIES AND ADDITIONAL EXPERIMENTAL
RESULTS

C.1 EXPLORING UNMIX-TNS INFLUENCE ACROSS THE VARIED DEPTHS OF NEURAL
NETWORK LAYERS

Figure [ (a)-(b) illustrate the effect of replacing the BN layer with UnMix-TNS layers in the early or
deeper segment of the neural network, respectively. The incorporation of UnMix-TNS proves to be
essential for the early and intermediary layers of the neural network for combating the challenges
posed by non-i.i.d. test streams. However, in the deeper layers, employing the BN layer synchronized
with initial source statistics is discerned to yield superior results.

C.2 HYPERPARAMETERS SENSITIVITY

In this section, we present supplementary results of our hyperparameter sensitivity analysis, which
serves to complement our analysis of the impact of test sample correlation and batch size on the
performance of test-time normalization-based methods, UnMix-TNS included. Furthermore, we
delve into the sensitivity of UnMix-TNS concerning the number of its components K.

Impact of sample correlation and batch size. The resilience of UnMix-TNS, along with other
normalization layers, in response to variations in the concentration parameter J and batch size, is
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Figure 4: Exploration of UnMix-TNS influence at varied depths within the neural network. (a)
Represents the average classification error rate when only the BN layers subsequent to the layer
index are replaced by UnMix-TNS layers. (b) Shows the average classification error rate when solely
the BN layers preceding the layer index are exchanged by UnMix-TNS layers. A layer index of
0 corresponds to the first layer. The depicted experiments focus on non-i.i.d. continual test-time
domain adaptation on the CIFAR10-C.

depicted in Figure 5] Furthermore, in Figure[6] we provide additional insights into our sensitivity
analysis for CIFAR10-C and CIFAR100-C, showcasing results for single test-time domain adaptation.
In summary, these additional observations corroborate the analysis in our main paper, underscoring
that UnMix-TNS maintains remarkable stability against alterations in batch size and J, consistently
surpassing the average performance of baseline methods.

Influence of the Number of UNMIX-TNS components K. In Figures[7]and[8] we explore the
influence of the hyperparameter X on UnMix-TNS when used both independently and in conjunction
with state-of-the-art TTA methods. Our results indicate that for both single domain and continual
domain adaptation, X' = 16 yields the best performance. However, increasing the value of K results
in higher error rates on CIFAR10-C, while the performance remains stable on CIFAR100-C. This
discrepancy can presumably be attributed to the limited class range in CIFAR10-C, implicating
lesser feature diversification. On the other hand, when it comes to mixed domain adaptation, our
findings demonstrate that a higher value of K is beneficial for UnMix-TNS. Mixed domain adaptation
scenarios typically involve more class-wise feature diversity within a batch, which can be effectively
handled by increasing the value of K.

~@®- Source TBN ~®- -BN -®- RBN -®- UnMix-TNS

CONTINUAL DOMAIN MIXED DOMAIN CONTINUAL DOMAIN MIXED DOMAIN
80 o

60

Error rate (%)

40

o
20 ¥
uniform0.0 1.0 0.1 0.010.001 wuniformt0.0 1.0 0.1 0.010.001 1 2 4 8 16 32 64 128256 1 2 4 8 16 32 64 128256

(a) 6 (b) Batch size
Figure 5: Ablation study on the impact of the (a) concentration parameter d, and (b) batch size
on CIFAR10-C for several test-time normalization methods including TBN, a-BN, RBN, and our
proposed UnMix-TNS.
C.3 EXPLORATION OF AUGMENTATION TYPES
In the post-training phase, we leverage data augmentation as a means to simulate potential domain

shifts, with the primary objective being to subject the model to a spectrum of input domains similar
to the corruption benchmark. This simulation is pivotal, allowing an in-depth analysis of the model
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Figure 6: Ablation study on the impact of the (a) concentration parameter §, and (b) batch size

on CIFARI10-C and CIFAR100-C for single domain adaptation. We compare several test-time
normalization methods, including TBN, a-BN, RBN, and our proposed UnMix-TNS.
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Figure 7: Ablation study on the impact of the number of UnMix-TNS components & on CIFAR10-C.
The symbol 1 denotes indicates the employment of UnMix-TNS in the method.

influenced by any discrepancies between shifted and original domains. It is crucial to understand
that the essence of this examination is not in the final domain to which the input is altered but in the
alteration of the domain itself. This is demonstrated through the ablation study of augmentation types
applied on CIFAR10 and CIFAR100 using pre-trained WideResNet-28 and ResNeXt-29 in Table ]

For this ablation study, color jittering is employed as the base augmentation, and we sequentially
incorporated random grayscale, Gaussian blur, and random horizontal flip—each augmentative
step reflective, though not identically aligned, with the corruption types present in our corruption
benchmark. Our observations reveal that UnMix-TNS consistently maintains a lower average error
rate across all augmentations, aligning closely with the source model and even surpassing it in
instances such as Gaussian blur. These findings are supported by corresponding non-i.i.d. test-time
adaptations on corruption benchmarks, detailed in Table [I] substantiating the versatile efficacy of
UnMix-TNS in navigating diverse domain alterations while preserving the accuracy of the model.

C.4 UNMIX-TNS SAFEGUARDS THE KNOWLEDGE SOURCED FROM THE ORIGINAL DOMAIN

In practical scenarios, data originating from the source domain may resurface during test time. For
this purpose, we employed clean domain test data from CIFAR10 and CIFAR100 datasets in a single
domain non-i.i.d. adaptation scenario to demonstrate how UnMix-TNS and other test-time normal-
ization methods acclimate to previously encountered source domain data, albeit unseen instances.
As depicted in Table [5] all baseline strategies employing test-time normalization layers exhibit a
decrement in performance, regardless of the expansion in batch sizes. This leads us to infer that
relying on source statistics amassed from extensive training data is still preferable to depending solely
on current input statistics. However, UnMix-TNS distinguishes itself by continuously refining the

18



Published as a conference paper at ICLR 2024

-e- TENTT -e- CoTTAt -e- LAMET NOTEt -e- RoTTAT -e- ROIDT -®- UnMix-TNS

SINGLE DOMAIN CONTINUAL DOMAIN MIXED DOMAIN

80 :\ \.

~ o
€ . :\\ I
60 g, SXa I~
% a .. ° .. / e ————°
A e. Py === ———= 'y
= a0 \ oz=—""0"===8
4 40 (1 o e v 3\9 ¢ °
20 ] ] ° .
S o— o. \
°
— _o—— o \ b —-—o
0
4 16 64 256 1024 4 16 64 256 1024 4 16 64 256 1024
k k k

Figure 8: Ablation study on the impact of the number of UnMix-TNS components K on CIFAR100-
C. The symbol T denotes indicates the employment of UnMix-TNS in the method.

Table 4: Robustness to data augmentation. The error rate (/) on augmented CIFAR10 and
CIFAR100 using pre-trained WideResNet-28 and ResNeXt-29, respectively. +X denotes the augmen-
tation X is added sequentially to color jittering in the transformation function.

Dataset CIFAR10 CIFAR100
Augmentation | color jitter ~+grayscale +gaussian blur  +horizontal flip | color jitter —+grayscale +gaussian blur  +horizontal flip
Source 7.3 11.9 553 7.1 27.0 53.2 49.6 275
TBN 72.0 732 76.5 71.8 80.0 84.9 824 79.8
a-BN 182 23.6 56.0 17.8 40.1 57.9 55.7 40.5
RBN 43.0 47.0 60.7 43.0 38.6 57.5 50.6 39.1
UnMix-TNS 10.8 16.0 43.0 10.7 314 52.1 46.2 321

statistics components of the normalization layer, initialized from source statistics, whilst concurrently
utilizing the current input. This strategy facilitates enhanced preservation of source knowledge, as
demonstrated by a more moderate decline in performance compared to the source model, particularly
on the CIFAR100 dataset. Moreover, UnMix-TNS manifests stability in a non-i.i.d. adaptation
scenario and exhibits robustness to variations in batch size. This contrasts with other normalization
methods, which necessitate larger batch sizes to produce reliable statistics.

Table 5: Non-i.i.d adaptation in source domain. The error rate () on CIFAR10 and CIFAR100
using WideResNet-28 and ResNeXt-29, respectively.

Method Source TBN a-BN RBN UnMix-TNS
Batch size - 64 16 4 64 16 4 64 16 4 64 16 4
CIFAR10 52 70.8 742 760 | 150 150 130|407 634 718 | 86 89 89
CIFAR100 21.1 779 89.0 922|342 393 377|327 503 739|254 256 257

Avg. [ 132 [744 816 841]246 272 254[367 569 729170 173 173

C.5 CORRUPTION-SPECIFIC RESULTS

In Tables [6] to [8] we provide a comprehensive set of results for CIFAR10-C, CIFAR100-C, and
ImageNet-C, focusing on single, continual, and mixed domain adaptation. More precisely, we
delineate error rates for each individual corruption within the benchmark. In the case of continual
domain adaptation, the corruptions are ordered based on the test timestamps. These results reinforce
our prior analysis from the main paper, offering a more granular examination of the corruption level.
In particular, for single domain adaptation, we consistently outperform test-time normalization-based
methods in 14 out of 15 corruption types across all datasets. Within the realm of continual domain
adaptation, our approach experiences slightly higher error rates on a few corruptions, those of motion,
defocus, fog, and contrast with JABN for CIFAR10/100-C. Nonetheless, we sustain a superior
stance in terms of overall performance. As for ImageNet-C, UnMix-TNS mirrors the outcomes of
RBN in the presence of noisy data but consistently outperforms RBN when subjected to alternative
corruptions. These elaborate findings robustly validate the proficiency of UnMix-TNS amidst varying
circumstances and corruption types.
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Table 6: Corruption-specific error rates under three non-i.i.d. test-time adaptation scenarios.
The depicted error rates correspond to the adaptation from CIFAR10 to CIFAR10-C on temporally
correlated samples by class labels using Dirichlet distribution with 6 = 0.1 and corruption severity of
5. Methods marked with T denote the integration of our proposed UnMix-TNS with the respective

TTA method. Averaged over three runs.

METHOD

GAUSS

SHOT

(a) Single domain non-i.i.d. test-time adaptation.

IMPUL.

DEFOC.

GLASS

MOTION ZOOM SNOW FROST

FOG

BRIGH.

CONTR.

ELAST.

PIXEL

JPEG

AVG.

Source 72.3 65.7 72.9 47.0 54.3 34.8 42.0 25.1 413 260 9.3 46.7 26.6 58.5 30.3 435
TEST TIME NORMALIZATION
TBN 77.8 77.2 80.1 73.9 80.6 74.2 74.2 75.5 743 735 720 73.6 71.7 76.7 78.7 76.0
a-BN 60.7 56.3 66.5 41.8 58.0 38.0 40.0 354 39.8 31.6 19.2 38.6 41.5 54.0 443 444
IABN 43.5 40.7 51.2 20.6 48.6 19.5 21.8 22.0 240 212 11.3 10.9 34.1 30.5 36.6 29.1
RBN 59.8 58.1 65.2 49.2 65.4 50.1 48.7 52.3 51.6 494 434 48.2 57.7 55.2 60.0 543
UnMix-TNS 389 359 46.6 204 41.4 19.1 20.1 214 229 191 11.1 16.7 30.4 278 339 270
TEST TIME OPTIMIZATION

TENT 77.8 77.2 80.1 73.8 80.6 74.2 74.2 75.5 743 734 720 73.5 71.7 76.7 78.8  76.0
TENT! 387 358 465 203 414 191 200 213 228 190 110 166 304 278 339 270
CoTTA 77.8 77.1 80.1 76.1 80.9 76.7 75.9 76.5 75.5 751 74.2 78.4 78.3 77.1 78.0 772
CoTTA! 68.1 638 727 377 731 351 389 430 424 350 162 346 602 526 626 49.1
LAME 77.8 67.4 63.0 254 422 12.4 14.2 9.3 26.2 11.2 4.6 39.5 5.9 53.0 6.3  30.6
LAME' 7.8 74 11.4 4.2 5.1 4.1 4.0 44 4.9 4.8 3.8 52 4.8 53 43 54

NOTE 37.9 353 44.6 18.2 44 4 17.2 19.7 20.1 21.0 18.7 10.6 9.3 31.6 27.7 34.1  26.0
NOTE' 375 352 46.1 191 420 18.9 188 216 228 198 113 164 303 264 344 267
RoTTA 37.9 35.6 46.1 18.5 46.2 19.4 17.8 23.2 237 205 10.9 20.7 31.5 27.6 359 277
RoTTA' 37.7 35.1 46.2 19.2 42.1 18.9 18.8 21.5 23.0 19.9 11.3 16.5 30.5 267 344 268
ROID 756 749 787 707 792 711 711 727 712 700 685 702 757 742 768 734
ROID' 244 22.5 323 8.4 27.9 7.7 7.6 10.3 11.2 94 3.9 7.3 17.1 177 21.7 153

(b) Continual domain non-i.i.d. test-time adaptation.
.

METHOD GAUSS SHOT IMPUL. DEFOC. GLASS MOTION Z00OM SNOW FROST FOG BRIGH. CONTR. ELAST. PIXEL JPEG AVG.
Source 723 657 729 470 543 348 420 251 413 260 93 467 266 585 303 435
TEST TIME NORMALIZATION
TBN 77.8 77.2 80.1 73.9 80.6 74.2 74.2 75.5 743 735 720 73.6 77.7 76.7 78.7 76.0
a-BN 60.7 56.3 66.5 41.8 58.0 38.0 40.0 354 39.8 31.6 19.2 38.6 41.5 540 443 444
TIABN 435 40.7 51.2 20.6 48.6 19.5 21.8 22.0 24.0 21.2 11.3 10.9 34.1 30.5 36.6 29.1
RBN 59.8 57.6 64.8 51.4 65.6 50.8 48.9 52.8 517 500 440 48.9 58.1 55.7 60.4 547
UnMix-TNS  38.9 30.8 41.1 36.0 41.0 21.4 15.3 20.1 18.8 222 9.9 18.4 31.2 238 335 268
TEST TIME OPTIMIZATION
TENT 77.8 77.2 80.1 73.8 80.6 74.2 74.2 75.4 742 734 719 73.3 71.7 76.5 78.7 759
TENT! 38.7 30.5 40.9 35.8 41.2 21.2 15.1 20.2 18.6  21.7 9.9 18.2 30.8 23.5 33.1 26.6
CoTTA 778 772 801 763 810 774 765 770 765 760 753 794 792 782 792 778
CoTTAT 68.1 58.8 71.6 50.8 69.3 324 23.8 28.7 26.5 329 12.6 43.0 50.8 409 58.8 44.6
LAME 77.8 67.4 63.0 254 422 12.4 14.2 9.3 26.2 11.2 4.6 39.5 5.9 53.0 6.3 30.6

LAME' 7.8 4.9 6.8 14.9 7.2 6.7 6.1 8.0 8.3 8.2 54 9.6 10.1 74 8.7 8.0

NOTE 379 308 416 241 451 184 201 203 197 193 126 9.4 33.0 332 343 267
NOTE' 37.5 30.4 41.9 30.7 424 21.1 15.5 20.5 19.7 214 10.5 19.6 29.5 25.7 334 26.7
RoTTA 37.9 333 44.1 25.0 46.5 20.7 16.1 22.5 222 21.9 10.6 20.6 33.1 27.7 357 279
RoTTA' 37.7 30.4 41.7 30.0 42.8 20.9 15.9 20.8 19.7 21.6 10.8 20.8 30.7 253 334 268
ROID 75.6 74.8 78.6 70.7 79.2 71.1 71.1 72.7 71.2 70.0 68.5 70.2 75.7 74.2 76.8 734
ROID' 244 183 288 159  30.1 8.8 61 103 96 99 40 105 168 180 210 155

(c) Mixed domain non-i.i.d. test-time adaptation.

METHOD GAUSS SHOT IMPUL. DEFOC. GLASS MOTION ZOOM SNOW FROST FOG BRIGH. CONTR. ELAST. PIXEL JPEG AVG.
Source 72.3 65.7 72.9 47.0 54.3 34.8 42.0 25.1 413 260 9.3 46.7 26.6 58.5 30.3 435
TEST TIME NORMALIZATION
TBN 90.5 88.4 97.6 80.3 90.9 77.0 71.2 70.1 705 738 434 74.6 84.6 85.0 83.6 792
a-BN 76.6 71.1 85.4 57.8 64.7 45.6 52.8 33.8 45.4 35.0 14.7 56.2 42.7 67.6 46.0 53.0
IABN 43.5 40.7 51.2 20.6 48.6 19.5 21.8 22.0 240 212 113 10.9 34.1 305 36.6 29.1
RBN 88.9 86.6 96.7 78.5 89.2 74.8 75.4 67.5 68.1 71.3 41.2 733 82.1 84.1 81.2 773
UnMix-TNS  60.4 559 71.5 459 49.6 36.2 43.2 25.0 268 262 12.6 344 41.1 59.7 40.1 419
TEST TIME OPTIMIZATION
TENT 89.9 87.8 97.4 80.7 90.6 77.4 71.5 69.9 703 739 431 74.8 84.5 85.0 834 79.1
TENT' 60.3 55.0 68.7 393 46.1 31.3 37.0 21.6 246 219 10.9 30.8 34.7 58.5 35.0 384
CoTTA 91.9 89.8 96.6 82.1 90.7 80.1 78.3 73.3 73.3 814  50.0 90.9 83.7 80.2 789 814
CoTTA' 856 831 920 714 824 681 684 622 638 678 402 779 735 761 694 721
LAME 361 315 299 124 187 9.8 116 69 162 68 25 144 58 306 77 161

LAME! 154 131 166 69 65 53 71 27 39 32 12 60 58 204 53 80
NOTE 47.8 45.5 54.7 29.0 55.7 26.3 30.9 28.8 28.0 278 16.5 14.3 44.4 458 453 36.1
NOTE' 67.8 63.7 79.9 60.5 60.9 50.6 56.2 339 35.8 39.6 18.5 523 52.8 66.1 50.2 52.6
RoTTA 76.6 73.9 88.1 67.3 77.0 63.2 64.1 49.7 499  56.1 26.2 61.0 68.3 74.5 63.7 64.0
RoTTA' 66.0 61.8 73.8 50.1 53.1 40.9 46.4 27.1 295 302 13.6 39.9 447 615 42,1 454
ROID 89.3 87.0 97.1 78.2 89.8 74.8 75.1 67.2 68.0 71.7 40.2 72.6 82.7 83.7 814 773
ROID' 53.7 49.9 61.4 29.6 40.5 24.6 28.0 18.9 224 19.6 8.6 244 28.8 49.1 30.2 326
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Table 7: Corruption-specific error rates under three non-i.i.d. test-time adaptation scenarios.
The depicted error rates correspond to the adaptation from CIFAR100 to CIFAR100-C on temporally
correlated samples by class labels using Dirichlet distribution with § = 0.01 and corruption severity
of 5. Methods marked with  denote the integration of our proposed UnMix-TNS with the respective

TTA method. Averaged over three runs.

METHOD

SHOT

(a) Single domain non-i.i.d. test-time adaptation.

IMPUL.

DEFOC.

GLASS

MOTION ZOOM SNOW FROST

FOG

BRIGH.

CONTR.

ELAST.

PIXEL

JPEG

AVG.

Source 73.0 68.0 394 29.3 54.1 30.8 28.8 39.5 458 503 295 55.1 37.2 747 413 46.5
TEST TIME NORMALIZATION
TBN 834 82.9 83.5 79.3 83.9 79.8 79.3 81.7 81.2 833 792 80.5 82.3 80.8 83.5 81.6
a-BN 64.0 61.4 50.7 40.5 574 42.1 40.3 48.6 49.2 56.1 38.9 49.4 48.8 59.7 52.8  50.7
IABN 65.6 64.2 65.9 47.5 66.2 47.5 47.0 52.5 53.0 642 434 38.1 59.4 57.3 63.9 557
RBN 51.3 49.7 51.3 36.9 50.6 38.7 37.2 443 439 51.2 35.5 39.7 45.2 424 503 446
UnMix-TNS  48.3 46.1 44.0 31.5 46.6 32.0 31.0 359 359 469 27.6 36.4 40.5 40.5 449 39.2
TEST TIME OPTIMIZATION
TENT 834 82.8 83.5 79.3 83.9 79.8 79.3 81.7 812 833 793 80.6 82.2 80.8 83.6 81.6
TENT ' 47.7 45.5 432 30.9 46.2 314 30.6 35.7 35.6 463 274 36.0 40.0 39.6 443 38.7
CoTTA 81.9 81.5 82.1 79.5 82.7 79.7 79.2 81.1 804 829 789 80.9 81.7 79.5 81.9 809
CoTTA' 574 55.8 56.9 41.8 57.3 41.9 41.0 49.5 492 588 354 49.0 533 49.0 550 50.1
LAME 67.3 56.9 20.0 18.4 343 20.0 18.7 29.4 32.8 337 19.1 46.1 26.6 76.3 28.7 352
LAME' 36.4 35.8 339 28.1 34.7 279 28.0 31.6 309 347 245 28.5 33.0 337 338 31.7
NOTE 64.1 62.0 62.4 45.2 63.0 45.6 45.1 514 509 608 42.6 37.7 56.7 53.8 60.3 534
NOTE' 46.3 44.5 433 30.4 454 31.3 30.4 354 355 457 268 38.6 39.5 37.6 439 383
RoTTA 51.3 50.0 50.5 333 48.9 35.1 329 41.4 455  46.1 31.7 52.6 43.1 40.6 489 435
RoTTA' 48.0 45.9 44.6 31.2 46.4 322 31.3 35.8 36.1 464  27.1 40.0 40.5 39.3 454 394
ROID 80.4 79.7 80.5 74.3 81.1 75.0 74.2 77.8 770 804 742 75.7 78.6 76.6 804 77.7
ROID' 21.2 18.8 16.2 8.3 18.8 8.6 8.7 11.0 109 189 6.7 12.9 13.6 16.2 18.5 14.0
(b) Continual domain non-i.i.d. test-time adaptation.
.

METHOD GAUSS SHOT IMPUL. DEFOC. GLASS MOTION Z00OM SNOW FROST FOG BRIGH. CONTR. ELAST. PIXEL JPEG AVG.
Source 730 680 394 293 541 308 288 395 458 503 295 551 372 747 413 465
TEST TIME NORMALIZATION
TBN 834 82.9 83.5 79.3 83.9 79.8 79.3 81.7 812 833 792 80.5 82.3 80.8 83.5 8l.6
a-BN 64.0 61.4 50.7 40.5 574 42.1 40.3 48.6 49.2  56.1 38.9 49.4 48.8 59.7 52.8 50.7
TABN 65.6 64.2 65.9 47.5 66.2 47.5 47.0 52.5 53.0 64.2 434 38.1 59.4 573 639 55.7
RBN 51.3 49.6 51.7 38.1 51.1 38.9 373 44.6 44.0 51.7 357 40.0 45.5 42.8 50.6 449
UnMix-TNS 48.3 43.8 43.8 34.0 47.5 324 29.7 34.8 355 468 274 38.5 43.1 38.7 433 39.2
TEST TIME OPTIMIZATION
TENT 834 82.7 83.4 79.6 83.8 80.1 79.5 82.0 81.5 83.6 79.8 814 82.7 814 839 819
TENT! 47.7 41.9 41.3 32.0 46.4 304 28.0 34.2 343 446 273 36.2 41.5 37.3 417 37.7
CoTTA 819 815 822 795 89 799 794 815 808 834 794 816 822 800 823 812
CoTTAT 574 56.4 574 41.5 57.1 40.9 38.9 49.1 493 597 352 53.4 54.1 49.5 55.8 504
LAME 67.3 56.9 20.0 18.4 343 20.0 18.7 294 32.8 33.7 19.1 46.1 26.6 76.3 28.7 352
LAME' 36.4 33.7 33.5 27.6 34.7 26.6 25.7 29.9 303 333 226 27.1 32.6 320 321 30.6
NOTE 64.1 58.5 59.2 48.4 62.9 46.5 45.0 52.5 49.8 59.6 44.8 40.4 573 57.0 61.6 53.8
NOTE! 463 414 415 313 452 305 285 351 360 453 285 406 419 398 449 385
RoTTA 513 512 523 360 509 356 328 410 447 492 303 531 475 422 465 443
RoTTA' 48.0 44.5 44.5 33.7 46.7 319 29.7 353 362 449 269 40.6 40.2 37.1 43.0 389
ROID 80.4 79.7 80.5 74.2 81.1 75.0 74.2 77.8 76.9 80.4 74.1 75.7 78.5 76.5 804 777
ROID! 21.2 16.6 15.8 9.6 19.1 8.2 7.7 10.6 10.7 173 6.4 13.5 13.0 15.0 16.2 134
(c) Mixed domain non-i.i.d. test-time adaptation.

t
METHOD GAUSS SHOT IMPUL. DEFOC. GLASS MOTION ZOOM SNOW FROST FOG BRIGH. CONTR. ELAST. PIXEL JPEG AVG.
Source 73.0 68.0 394 29.3 54.1 30.8 28.8 39.5 458 503 295 55.1 37.2 747 413 46.5
TEST TIME NORMALIZATION
TBN 97.9 97.9 96.0 90.7 96.8 91.0 90.4 93.3 935 972 856 94.2 95.9 98.3 96.3 943
a-BN 83.8 80.4 59.1 47.3 70.9 48.9 47.7 60.6 63.3 73.2 46.2 72.7 60.4 87.6 64.1 644
IABN 65.6 64.2 65.9 47.5 66.2 47.5 47.0 52.5 53.0 642 434 38.1 59.4 573 639 557
RBN 90.9 90.2 83.6 74.9 86.7 75.2 74.4 79.9 79.3 87.7 67.9 83.0 83.3 93.6 85.0 824
UnMix-TNS  70.1 67.8 4.3 39.8 53.7 39.3 38.7 42.2 43.6 538 326 49.4 45.3 793 51.8 50.1
TEST TIME OPTIMIZATION

TENT 98.1 98.0 96.6 91.3 97.0 91.6 90.9 93.6 942 975 86.0 95.5 95.9 98.5 96.3 94.7
TENT' 75.0 72.0 50.5 34.8 58.9 35.7 34.2 42.0 462 539 322 54.2 42.8 86.5 49.7 512
CoTTA 97.2 97.1 97.5 91.2 96.2 91.4 90.1 93.9 93.1 974 883 97.9 95.2 932 947 943
CoTTA' 817 807 718 568 712 572 549 628 630 729 503 747 638 711 656 666
LAME 4.7 44 3.2 3.2 3.8 34 34 3.8 3.7 39 34 3.7 3.6 4.9 37 38

LAME! 43 45 40 40 42 4.0 40 43 40 43 40 42 43 45 43 42

NOTE 68.0 66.3 65.0 50.1 65.8 50.3 49.6 54.2 525 633 46.0 40.4 58.1 62.3 63.5 57.0
NOTE' 738 712 518 399 578 405 393 446 485 588 352 656 463 821 519 538
RoTTA 80.7 80.6 68.7 57.3 71.3 57.1 56.5 57.5 540 696 412 60.4 65.5 84.7 69.2  65.0
RoTTA' 72.8 71.3 49.3 44.1 56.3 43.1 42.5 44.6 458 56.5 335 52.8 48.7 81.5 554 532
ROID 97.5 97.5 95.4 89.6 96.3 90.0 89.3 92.4 926  96.7 84.0 93.4 95.2 979 955 935
ROID' 25.5 23.3 9.4 7.2 12.1 6.8 6.6 7.8 8.8 10.1 5.2 10.0 8.1 32.6 11.6 123
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Table 8: Corruption-specific error rates under three non-i.i.d. test-time adaptation scenarios.
The depicted error rates correspond to the adaptation from ImageNet to ImageNet-C on temporally
correlated samples by class labels using Dirichlet distribution with § = 0.01 and corruption severity
of 5. Methods marked with  denote the integration of our proposed UnMix-TNS with the respective

TTA method. Averaged over three runs.

(a) Single domain non-i.i.d. test-time adaptation.

METHOD GAUSS SHOT IMPUL. DEFOC. GLASS MOTION ZOOM SNOW FROST FOG BRIGH. CONTR. ELAST. PIXEL JPEG AVG.
Source 97.8 97.1 98.2 81.7 89.8 85.2 77.9 83.5 77.1 75.9 41.3 94.5 82.5 79.3 68.6 82.0
TEST TIME NORMALIZATION
TBN 91.9 91.5 91.7 92.6 92.3 86.4 80.2 81.3 81.8 74.0 62.8 91.1 76.7 74.4 79.0 832
a-BN 89.3 88.7 88.2 81.6 85.7 81.2 74.1 75.4 71.5 656 440 88.3 70.1 67.5 64.8 757
IABN 94.8 94.8 94.3 94.0 94.3 86.5 87.3 80.9 812 77.0 60.1 85.5 81.2 80.0 829 85.0
RBN 86.3 85.7 85.8 86.5 86.2 76.4 65.1 68.6 69.6 560 393 85.2 59.5 552 637 713
UnMix-TNS 87.2 85.7 86.3 85.5 85.1 74.1 64.4 65.9 683 547 36.7 89.3 58.2 53.6 635 70.6
TEST TIME OPTIMIZATION
TENT 91.4 90.9 91.2 92.1 91.9 85.8 79.6 80.8 81.3 732 628 90.5 76.1 73.7 78.2 82.6
TENT' 86.6 85.1 85.7 84.4 84.1 72.7 63.1 64.5 675 529 362 89.7 57.2 51.8 61.7 69.5
CoTTA 91.1 90.7 90.8 92.1 91.6 86.1 79.9 81.0 81.6 73.6 62.8 90.9 76.4 74.1 78.5 827
CoTTA' 892 876 889 873 8.7 735 635 650 678 536 364 883 577 527 626 707
LAME 98.6 97.8 98.8 71.9 88.9 83.0 73.0 81.8 727 728 309 93.9 82.1 754 619 793
LAME' 855 835 843 8.6 820 676 551 576 611 436 257 876 486 424 543 641
NOTE 92.6 92.3 91.9 93.5 93.6 84.4 82.6 77.1 780 715 56.3 82.8 75.9 73.7 79.6  81.7
NOTE! 87.1 85.9 86.3 85.8 85.3 74.7 64.8 66.3 68.6 549 372 89.2 58.9 54.1 64.2 709
RoTTA 86.2 85.5 84.8 87.1 87.1 76.8 63.3 67.2 69.2 529 356 86.7 57.0 52.1 61.0 702
RoTTA' 86.9 85.5 86.2 85.9 854 74.5 64.9 66.1 688 545 37.0 90.1 58.6 539 63.6 708
ROID 91.5 91.1 91.3 92.2 92.0 85.9 79.5 80.5 81.1 72,6  61.1 90.5 75.7 732 780 824
ROID! 87.2 85.5 86.5 83.8 83.9 70.7 59.3 60.3 639 458 265 88.7 52.6 464 57.1 66.5
(b) Continual domain non-i.i.d. test-time adaptation.

t
METHOD GAUSS SHOT IMPUL. DEFOC. GLASS MOTION Z00OM SNOW FROST FOG BRIGH. CONTR. ELAST. PIXEL JPEG AVG.
Source 97.8 97.1 98.2 81.7 89.8 85.2 71.9 83.5 77.1 759 413 94.5 82.5 79.3 68.6 82.0
TEST TIME NORMALIZATION
TBN 91.9 91.5 91.7 92.6 92.3 86.4 80.2 81.3 81.8 740 628 91.1 76.7 744 79.0 83.2
a-BN 89.3 88.7 88.2 81.6 85.7 81.2 74.1 75.4 715 656 440 88.3 70.1 67.5 64.8 757
TABN 94.8 94.8 94.3 94.0 94.3 86.5 87.3 80.9 812 77.0 60.1 85.5 81.2 80.0 829 85.0
RBN 86.3 85.7 85.7 86.7 86.2 76.4 65.1 68.6 69.6  56.1 39.3 85.2 59.5 552 637 713
UnMix-TNS 872 854 857 856 847 736 642 657 681 544 366 839 583 539 637 704
TEST TIME OPTIMIZATION
TENT 91.4 90.0 89.6 90.8 90.0 84.0 78.4 80.2 80.4 73.8 65.4 88.3 75.9 74.3 717 82.0
TENT! 866 849 864 872 877 82.3 813 847 884 876 802 984 942 955 973 882
CoTTA 91.1 90.5 90.6 92.0 91.4 85.8 79.6 80.9 81.3 733 628 90.5 76.3 739 782 82.6
CoTTAT 89.2 87.3 88.5 88.5 88.1 78.5 66.7 64.8 67.0 532 364 90.0 57.5 526 62.1 714
LAME 98.6 97.8 98.8 77.9 88.9 83.0 73.0 81.8 727 728 309 93.9 82.1 754 619 793
LAME' 85.5 83.2 83.6 82.6 81.5 66.8 54.7 573 60.5 434 25.7 87.0 48.5 424 544 638
NOTE 926 923 920 937 937 846 826 772 781 716 566 827 762 738 797 818
NOTE' 87.1 85.6 86.0 85.6 854 74.6 64.9 66.2 682 55.1 37.2 88.0 58.8 54.5 642 70.8
RoTTA 86.2 85.5 84.3 85.8 87.5 75.6 62.2 66.5 67.6 518 35.0 80.9 55.5 50.9 58.1 68.9
RoTTA' 86.9 85.5 85.3 85.2 85.0 73.6 64.3 65.4 68.1 534 364 82.5 57.7 53.5 61.5 69.6
ROID 91.5 91.1 91.3 922 92.0 85.8 79.4 80.5 81.1 72.6 61.1 90.5 75.7 73.2 78.0 824
ROID! 87.2 85.1 85.7 83.8 84.1 71.0 59.4 60.2 63.7 457 26.6 87.2 52.6 459 574 664
(c) Mixed domain non-i.i.d. test-time adaptation.

METHOD GAUSS SHOT IMPUL. DEFOC. GLASS MOTION Z00OM SNOW FROST FOG BRIGH. CONTR. ELAST. PIXEL JPEG AVG.
Source 97.8 97.1 98.2 81.7 89.8 85.2 71.9 83.5 77.1 759 413 94.5 82.5 79.3 68.6 82.0
TEST TIME NORMALIZATION
TBN 99.4 99.1 99.3 98.6 99.0 98.2 97.1 96.9 96.5 963 81.9 99.2 97.3 954 942 96.6
a-BN 96.7 96.2 96.4 89.3 93.8 91.2 85.1 88.3 849 827 525 97.0 89.6 81.7 754  86.7
TABN 94.8 94.8 94.3 94.0 94.3 86.5 87.3 80.9 81.2 77.0 60.1 85.5 81.2 80.0 829 85.0
RBN 97.8 96.9 97.6 95.3 96.0 94.9 91.5 91.2 90.3 89.6 643 97.4 92.5 87.1 84.0 O9I1.1
UnMix-TNS  96.7 95.6 96.4 90.6 90.5 87.1 81.3 82.3 822 780 483 94.2 834 83.0 75.0 843
TEST TIME OPTIMIZATION
TENT 99.8 99.6 99.8 99.2 994 99.0 97.9 97.9 97.6 98.0 82.2 99.7 98.5 98.2 97.6 97.6
TENT! 998 997 998 976 966 953 928 943 940 916 773 992 945 970 958 950
CoTTA 99.6 99.4 99.5 98.8 98.9 98.3 97.1 96.9 96.6 964 814 99.3 97.3 959 947 96.7
CoTTA' 996 993 996 912 907 872 814 822 819 785 477 953 833 867 786 856
LAME 85.9 85.4 86.9 58.6 70.0 65.5 58.9 65.7 592 578 29.0 74.5 66.6 60.8 503 65.0
LAME' 85.1 83.4 84.4 73.2 72.8 69.3 63.3 64.2 65.1 60.3 353 80.5 66.2 67.3 57.5 685
NOTE 93.2 93.8 92.5 95.7 94.7 88.3 89.5 81.6 81.5 760 654 85.0 82.0 81.0 838 85.6
NOTE' 96.9 95.9 96.7 90.9 90.7 87.4 81.6 82.8 82,5 784 49.0 94.3 83.8 832 757 84.6
RoTTA 94.8 94.3 94.7 925 93.9 93.2 88.2 88.2 86.1 87.0 50.6 96.6 88.3 79.5 723  86.7
RoTTAT 96.8 96.1 96.5 90.3 90.5 87.2 81.7 824 819 78.1 44.7 94.8 83.0 81.3 72.7 839
ROID 994 991 993 986 989 983 970 968 965 962 814 992 972 955 942 965
ROID' 92.5 91.0 91.8 83.2 84.1 78.8 71.9 75.3 749 684  40.6 87.4 76.0 719 693 715
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