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ABSTRACT

Deep neural networks (DNNs) have revolutionized tasks such as image classifi-
cation and speech recognition but often falter when training and test data diverge
in distribution. External factors, from weather effects on images to varied speech
environments, can cause this discrepancy, compromising DNN performance. On-
line test-time adaptation (OTTA) methods present a promising solution, recali-
brating models in real-time during the test stage without requiring historical data.
However, the OTTA paradigm is imperfect, often falling prey to issues such as
catastrophic forgetting due to its reliance on noisy, self-trained predictions. Al-
though some contemporary strategies mitigate this by tying adaptations to the
static source model, this restricts model flexibility. This paper introduces a con-
tinual momentum filtering (CMF) framework, leveraging the Kalman filter (KF)
to strike a balance between model adaptability and information retention. The
CMF intertwines optimization via stochastic gradient descent with a KF-based
inference process. This methodology not only aids in averting catastrophic forget-
ting but also provides high adaptability to shifting data distributions. We validate
our framework on various OTTA scenarios and real-world situations regarding
covariate and label shifts, and the CMF consistently shows superior performance
compared to state-of-the-art methods.

1 INTRODUCTION

Deep neural networks (DNNs) have been successfully applied to challenging tasks such as image
classification (Krizhevsky et al.| 2012; Simonyan & Zisserman, |2014; |He et al., 2016b)) and speech
recognition (Hinton et al.| [2012; |Graves et al., 2013}, Jelinek, [1997)). The success of DNNs stems
from the assumption that training and test data are drawn from the same distribution (Goodfel-
low et al., |2016; Murphy, |2023). However, this assumption is difficult to maintain in real-world
environments owing to external factors (Hendrycks & Dietterichl 2019b; Koh et al., [2021). For
example, images may be damaged due to weather changes or sensor degradation during the image
classification tasks. Similarly, in speech recognition tasks, discrepancies arise from differences in
the speaking environment or the frequency of words used by speakers compared with the source
data. These distribution shifts lead to a significant performance degradation of the DNN models
(Quinonero-Candela et al.| 2008} [Sun et al., 2017). To address these distributional discrepancies,
there is growing interest in online test-time adaptation (OTTA) methodologies (Wang et al., 2020;
Zhang et al,, [2022). These innovative frameworks are equipped to recalibrate models on-the-fly
during the test stage. Impressively, they achieved this without delving back into historical data,
leaning exclusively from the knowledge gleaned from the pre-trained source model. This real-time
adaptation bypasses many challenges associated with data storage, retrieval, and potential privacy
infringement.

Nevertheless, the journey of the OTTA is with roadblocks. Rooted in a self-training paradigm, it
habitually employs its own noisy predictions as training targets during adaptation. This recursive
feedback can induce a series of complications, most notably catastrophic forgetting, in which
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Figure 1: Illustration of the CMF framework. The optimization process draws the target model

parameter #(*) by minimizing the target generalization error Er using SGD on the target data Dgf).

The inference process derives 0(t+1) with the refined source model’s parameter (hidden) ¢(t) and
the target model’s parameters (observation) #(*) thorough the parameter ensemble method.

models inadvertently overwrite or discard previously assimilated information. Furthermore, there
is a looming threat of mode collapse, where models disproportionately amplify the probabilities
of specific classes at the expense of others (Boudiaf et al., 2022). Contemporary solutions,
ranging from calibrating particular neural layers (Yang et al., 2022; |Zhao et al. 2023} Hong
et al.| [2022) to tethering adaptations to static source model information, have been proposed
(Wang et al.| 2022} Niu et al.| [2022; 2023} [Marsden et al.,|2023). SAR Niu et al.[(2023) stochasti-
cally restores the target model parameters to those of the source model during adaptation. Similarly,
ROID (Marsden et al., |2023) continuously ensembles the parameters of the source and target
models to prevent loss of past information. These strategies regularize the target model to prevent it
from diverging too far from the source model, thereby preventing catastrophic forgetting.

However, the continuous use of frozen source model information restricts the flexibility of the target
model, making it difficult to adapt to distribution shifts. For more flexibility, we need to update
the source model using noisy information from the target model; however, this carries the risk of
catastrophic forgetting. The Kalman filter (KF) (Sarkka & Svenssonl 2023)) can emerge as a beacon
in the quest for a harmonious balance between adaptability and information retention. The KF is an
exact Bayesian filtering algorithm that accumulates past observations (i.e., parameters of the target
model) along with denoising observations. The linear Gaussian state-space model (LG-SSM), which
forms the basis of the KF, consists of three types of random variables: additional input, hidden, and
observation. These random variables comprise two types of linear Gaussian models: the transition
model, which models the evolution of the hidden variable over the adaptation time steps, and the
emission model, which predicts the observations from the hidden variable.

In this paper, we propose a continual momentum filtering (CMF) framework that utilizes the KF
algorithm to find a source model that is robust against catastrophic forgetting while maintaining
high flexibility. The CMF alternates between an optimization process based on stochastic gradient
descent (SGD) (Ruder} 2016)) and an inference process based on the KF. During the optimization
process, the target model is obtained by minimizing the target generalization error using an unsu-
pervised loss function. For the inference process, the CMF conjugates the source model with the
transition model to continuously preserve the information in the hidden variable (i.e., parameters of
a refined source model) and an emission model to update the hidden variables by denoising the pa-
rameters of the target model. Finally, the refined source and target models are ensembled to perform
the following optimization process. Through CMF, we utilize the information of the noisy target
model to obtain a refined source model and use it for adaptation, thus narrowing the gap between
adaptability and robustness and providing a new perspective on OTTA.

We validate the proposed framework in various scenarios used in existing OTTA methods (Niu et al.|
2022;2023;Marsden et al.,2023). These scenarios are broadly divided into covariate and label shifts
and further classified based on the degree of time correlation of each input or label datum. For the
covariate shifts, we experiment with scenarios in which the input data drawn from different domains
are mixed or appear together. For the label shifts, we gradually adjust the degree to which the same
labels simultaneously appear over time. We also validate our framework on a speech recognition task
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for real-world streaming scenarios. The CMF demonstrates significant performance improvements
in these wide ranges of scenarios compared to state-of-the-art methods.

2 BACKGROUND

This section elaborates on the OTTA problem and regularization methods for preventing catastrophic
forgetting. First, we outline the setup of the problem (Section 2.1) and subsequently introduce a
strategy of existing studies to mitigate catastrophic forgetting using the source model (Section 2.2).

2.1 TARGET GENERALIZATION ERROR FOR ONLINE TEST-TIME ADAPTATION

Let the labeled data from source distribution ps be Ds = {(X,yn) ~ ps : n = 1 : Ns} and the
unlabeled data from target distribution p%t-) at each time step t € {1,2,...,T} be D%f) = {x, ~

pgi) :n =1: Ny} where ps # pgf). The main objective is to minimize the generalization error on

the target distribution pgf), which can be calculated as

E7(0.p7) = B0 [0(f(xn:0))], M

where f(.; ©(©)) represents the DNN pre-trained on D and £(.) is the unsupervised loss function.
The target generalization error can be approximated empirically as follows:

5 a(0) ot 1 0

Er(©. DY) = - 30 Uf6xni 0. @)
xneDﬁ)
OTTA literature frequently utilizes entropy-based loss functions because the target model is adapted
to unlabeled target data (Wang et al., [2020; [Zhang et al., 2022} |Chen et al., |2022). In particular,
TENT (Wang et al., 2020) demonstrated the effectiveness of entropy-based loss in a self-training
manner on a single domain; however, recent research has revealed that methods solely based on
self-training often fail in more complex scenarios, such as multiple domains (Boudiaf et al., [2022;
Gong et al.| [2022; Niu et al., [2023)).

2.2 PREVENTING CATASTROPHIC FORGETTING USING SOURCE MODEL

Minimizing the empirical generalization error causes the adapted target model to experience catas-
trophic forgetting. This results in a mode collapse problem, in which the probabilities assigned to
certain classes become excessively large, causing significant degradation in performance (Niu et al.
2023 Marsden et al., 2023)). A popular approach for mitigating this issue involves minimizing the
empirical generalization error alongside the regularization loss that inhibits the target model from
diverging too far from the source model Boudiaf et al.[(2022). The target model parameter ©(**+1)
at adaptation time step ¢ + 1 can be found as follows:

0+ = argmin E-(0W, DY) 4 Ad(©©, 1), 3)
o)

where d(©(®, ©1)) represents the distance between the source and target models, and \ is the
regularization coefficient. Strategies that adapt only a subset of the source model parameters, §(®) C
09, essentially perform a function to the regularization loss because the majority of the adapted
parameters are identical to those of the source model. In particular, methods that calibrate only
batch normalization (BN) layers (loffe & Szegedyl, 2015} L1 et al., [2018}; Mancini et al., 2018 [Yang
et al.,|2022;Zhao et al.}|2023;|Hong et al.,2022)) have been widely recognized for their effectiveness
in preventing catastrophic forgetting. However, these methods exhibit structural limitations when
applied to models that employ layer normalization (LN) layers (Ba et al., [2016) because they alter
the functionality of BN (Lin et al.|[2022).

Recently, strategies that continuously transfer the information acquired from the source model to the
target model (Wang et al.| 2022} Niu et al., [2023 2022} [Marsden et al.l 2023)) have overcome these
limitations, thereby alleviating the catastrophic forgetting problem across a broader range of model
structures. For instance, EATA (Niu et al., [2022) mitigates catastrophic forgetting by utilizing the
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Algorithm 1 Continual Momentum Filtering

INPUT:
Input data stream {DE,}) .. .DEFT ) }, Source model f(.; 0°), Number of updates I,
Hyperparameter (c, ¢, 7, ), Initialization §(*) - (0, p1g/g < 0, $p5 - 0
fort=1,...,Tdo
fori=1,...,1do
OPTIMIZATION PROCESS:

) = arg ming 1 ST(é(tfl), Dgf)) > Eq. (4)
INFERENCE PROCESS:

// Predict Step:

fitjt—1 = Moments (1)1, ¢, ) > Eq. (15)

Sep1 = 28 _qp-1 + ¢ > Eq. (18)

/I Update Step:

B = T/(Et\tfl +7) > Eq. (19)

piee = Moments gy 1,0, 5;) > Eq. (16)

Yo = BtEeje—1 > Eq. (20)

/[ Parameter Ensemble:

6" = Moments (6, Lt)es ) > Eq. (17)
end for

end for

Fisher information matrix computed from the source model and elastic weight consolidation loss
(Kirkpatrick et al., [2017). In contrast, SAR (Niu et al., 2023) does not employ additive loss but in-
stead accesses the parameters directly, taking the strategy of averaging the loss values over time and
reverting to the source model when they exceed a predetermined threshold. Similarly, ROID (Mars-
den et al., 2023) continuously integrates the source model into the target model during adaptation
to preserve past information using the parameter ensemble method (Wortsman et al., [2022; |Rame
et al.,2022). These approaches maintain the functionality of specific parameter subsets correspond-
ing to layers without altering them, making them model-agnostic and demonstrating state-of-the-art
performance. However, they impose constraints on the flexibility of the target model by utilizing a
frozen source model.

3 METHODOLOGY

This section elucidates our methodology for constructing a flexible source model while preserving
past information. The KF algorithm is employed to denoise the target model parameters, combining
them with the source model. First, we outline the CMF that combines the optimization process with
KF-based inference (Section 3.1). We then delve into parameterization of linear Gaussian models to
thwart catastrophic forgetting (Section 3.2). Subsequently, the KF algorithm for our linear Gaussian
modeling is explained (Section 3.3). A simplified version of the inference process is then presented
to reduce the KF parameter count, ensuring the feasibility of the CMF (Section 3.4).

3.1 OVERALL PROCESS

The adaptation strategy alternates between SGD-based optimization and KF-based inference. A
subset of the source model parameter () € R?, where d is the parameter dimension, is designated
for adaptation following existing studies. At the outset, the parameter of the hidden model ¢(*) € R¢
is initialized to #(®). The optimization initially minimizes the target generalization error using an

)

SGD-optimizer on real-time target data D%fﬂ , resulting in the observation #(*+1) as follows:

9+ = arg min é’T(é(t), ’Dgfﬂ)). 4

o)
The smooth-target model parameter 0) € R4, which is initialized as (*), is derived recursively.
Subsequently, the inference process computes the posterior distribution p(¢(t)|9(1:t), gb(o)). The
posterior mean is then combined with the target model to obtain 6(*) via the parameter ensemble
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method. Algorithm [I] displays a step-by-step description of our framework. Relying solely on the
optimization process results in the model being recursively adapted in a self-training manner. Con-
sequently, the target model parameters can become noisy, thereby increasing the risk of catastrophic
forgetting. The inference process mitigates this issue by denoising these parameters, updating the
hidden model, and re-optimizing with the smooth-target model parameter. However, a general lin-
ear Gaussian model for the inference process faces the risk of forgetting the source model during
adaptation. The subsequent section introduces countermeasures.

3.2 PARAMETERIZATION

The LG-SSM for the inference process comprises parameterized transition and emission models.
We assume the distributions that p(¢*~D[¢®)) and p(¢™®|¢()) are both Gaussian distribution.
Let the latter as the conjugate prior to the mean of former. We can compute the posterior of ¢(*)

through the Bayesian inference. The mean of this posterior is a convex combination of ¢®) and ¢°
(See Appendix for further detail). Therefore, the transition model is directly parameterized as

follows:

p(e6 ), 00) = N(¢1 |40 + (1 - A)6”, Q), 5)
where A € R%*4 and Q € R%*? are assumed to be time-independent. This choice stabilizes the
inference process (Murphy, [2023)). For the emission model, we choose a simple linear Gaussian
model as follows:

p(0PD1eM) = N6V [He®, R), 6)

where H € R¥*? and R € R%*? are static, as in the transition model. The source-conjugated
transition model aids in persistently infusing source information into the hidden model, thereby
ensuring the retention of prior knowledge.

3.3 INFERENCE PROCESS

We now introduce the KF algorithm tailored for the parameterized LG-SSM. The purpose of the
algorithm is to recursively determine the posterior distribution p(gb(t) \0(”), QS(O)) when the previous
step’s posterior p(¢(t=D 01D () = N (1|, _yp_y, Et,l‘t,l)l] is given. By using the
posterior from the previous step and Eq. (5), the joint predictive distribution of ¢(*) and ¢(*~—1 is
computed and subsequently marginalized over ¢(*~1). The one-step-ahead predictive distribution
for the hidden variables is then given by

p(p )01 60 = N(¢(t)|llt|t71, DINPERY (7N
peje—1 = Aprg_qpe—1 + (1 — A)¢(0)a 3
Sie—1 =A% AT+ Q. 9

This phase, called the predict step, estimates the conditional distribution of & based on the past
target model parameters (See Appendix [A.2] for details). Next, given target model information of
the current time step, the conditional distribution of ¢(*) is obtained from the joint distribution of
#") and 0 by using Eq. (6) and Eq. (7). This phase, called the update step, updates the posterior
distribution (detailed in Appendix[A.3)). The posterior distribution is obtained as follows:

p(¢>“)l9(1’”, ¢(O)) = N(cb(”lutu, Et|t)a (10)
K = Et|t—1HT(HEt|t—1HT +R)!, (11)
M|t = [tje—1 T+ Kt(g(t) — Hptgpp—1), (12)
Zt\t = Et|t71 - KtHZt|t71- (13)

The Kalman gain K; determines the extent to which the target model parameters are updated from
the hidden model during the prediction step. For the optimization process of next time step, #(*) is
derived through the parameter ensemble method of yi;; and 6 as follows:

é(t) _ Fe(t) + (1 _ F),Ut|t7 (14)

where the ensemble hyperparameter I' € R%*¢ is specified to be between 0 and 1. This phase allows

for the transfer of information from the refined source model to the target model.

We denote the mean and covariance of the posterior distribution by fi.; and X;, and the mean and
covariance of the one-step-ahead predictive distribution by f;—1 and 3¢;_1.
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3.4 SIMPLIFIED INFERENCE PROCESS

The KF algorithm requires a high computational cost because the parameter dimension of LG-SSM
(A,Q,H, R,T) is d* where the parameter dimension d of DNNs is typically large. We use scalar
parameters for the LG-SSM to reduce the computational complexity, denoted as («, g,7n,r,7). In
particular, we opt 7 for the scalar value 1, and then Egs. (8), (12), and (14) are can be simplified as
follows:

fee—1 = Moments (gt _1)4—1, ¢ a), (15)
p1e)e = Moments(pigye 1,0, By), (16)
0 = Moments(e(t),ut“,fy), (17)
where Moments(z1, 2, a) = az; + (1 — a)za,
Yijp—1 = a22t71|t71 +q, (13)
Be =1/(E¢je—1 +7), (19)
Et\t = ﬁtzﬂt—l- (20)

With these simplifications, the inference process becomes computationally efficient. Also, the im-
plementation can be streamlined, because it primarily involves repeated applications of Moments
(See Appendix for futher details). Next, we detail the rationale behind our choices of each KF
parameter. 1) The initialization of (6(©), L10j0, Xoj0) is (6, 6(?),0). 2) We opt for the same values
for0 < a <1and 0 < v <1 to equalize the degree to which the source and refined source model
information are obtained. 3) The properties of the simplified process are predominantly changed by
B; because it is 1 — K;. To determine this value, we consider the constraint ¢ + r = 1 for variances
0 < gand 0 < r, to satisfy 5, < 1. As q increases, the information in the target model is more
reflected in the refined source model, and conversely, as ¢ decreases, the strength of the denoising
decreases; in a specific case where ¢ = 0, our framework is simplified to the parameter ensem-
ble method. In summary, only two hyperparameters (c, ¢) require modification in the proposed
framework.

4 EXPERIMENTS

We conducted all the experiments on four random seeds using PyTorch (Paszke et al.,[2019) toolkits
for image classification (Marsden & Dobler, 2022) and speech recognition (Ott et al., 2019). The
additional implementation and scenario details are provided in Appendix [B]

Datasets and Metric We relied on multiple datasets to comprehensively evaluate the domain shifts,
including both corruptions and natural shifts. For image classification, guided by the benchmark of
Marsden et al|(2023), we selected ImageNet-C (Hendrycks & Dietterichl [2019a), ImageNet-D109
(D109) (Marsden et al., |2023), ImageNet-R (Rendition) (Hendrycks et al., [2021}), and ImageNet-
Sketch (Sketch) (Wang et all 2019). ImageNet-C comprises 15 corruptions applied to ImageNet
(Deng et al.l |2009) validation and test images across five severity levels. D109, rooted in Domain-
Net (Peng et al.l [2019)), includes images corresponding to 109 overlapping classes with ImageNet,
showcasing six domain shifts (Rusak et al.| [2022; [Marsden et al., [2023)). Rendition features 30,000
images demonstrates various renderings across 200 ImageNet classes. Sketch consists of 50 sketches
for each of the 1,000 ImageNet classes. For speech recognition, we used LibriSpeech (Panayotov
et al., [2015), TEDLIUM3 (TED) (Hernandez et al., [2018)), and CommonVoice (CV) |Ardila et al.
(2019). LibriSpeech, which includes audio recordings of speakers reading excerpts from Project
Gutenberg e-books, serves as source data. TED offers a test dataset of 0.24 hours, representing
a professional corpus of topical lectures. CV, a crowdsourcing project, comprises approximately
25 h of utterances recorded by volunteers reading Wikipedia sentences. We used the average error
rate for image classification and the word error rate (WER) for speech recognition for performance
evaluation.

Scenarios The primary goal was to evaluate the performance of the universal OTTA methods across
various scenarios. Guided by previous benchmarks (Gong et al., [2022; Niu et al., 2022; |Marsden
et al., 2023} Marsden & Dobler} [2022), our scenarios delved into covariate shifts (where the input
distribution changes) and label shifts (where the label distribution undergoes alterations). We initi-
ated the testing of data from multiple domains that underwent covariate shifts. This setting involved
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Table 1: Average error rates (%) and their corresponding standard deviations in the scenario of CS.
Red fonts indicate performance degradation.

ImageNet-C D109
Method R oeNet-50 VT Swin D2V ResNet50  ViT Swin D2v
Source 82.0 602 640 518 58.8 536 514 480

TENT 85.740.95 55.1#0.08 62.6£0.18  50.5+0.06  55.4+0.08 76.840.36 61.5+0.41 57.9+0.42
CoTTA 82.0+0.08 59.6+0.02 63.9+0.01 51.24#0.02  55.3+0.04 53.3+0.04 51.2+0.03 47.8+0.01
RoTTA 79.5£0.10 58.7x0.04 62.9+0.03  51.3#0.03  54.8+0.04 50.9+0.05 48.6x0.05 46.8+0.03

SAR 79.6+0.68 52.3+0.12 60.5+1.04  50.7#0.07  53.6+0.07 61.2+0.36 53.9+0.08 48.1x0.08
EATA 72.5+1.44 51.8+0.14 56.2+0.29 76.2+20.23 53.1+0.09 48.5+0.11 48.8+0.12 46.2+0.05
ROID 69.5£0.13  50.7x0.08 55.0+0.26 47.4+#0.08  50.9+0.04 46.9+0.02 47.2+0.07 45.0+0.01

CMF (ours)  67.6+0.20 49.0+0.10 52.1+0.12 45.7+0.03  49.4+0.21 44.5+0.08 44.8+0.04 42.8+0.05

Table 2: Average error rates (%) and their corresponding standard deviations in the scenario of TC-
CS. Red fonts indicate performance degradation with respect to Source.

ImageNet-C D109 Rendition Sketch
Method ViT Swin D2V ViT Swin D2V ViT Swin D2V ViT Swin D2V
Source 602 64.0 518 53.6 514 48.0 56.0 542 46.6 70.6 68.4 60.4

TENT 54.5+0.04 64.0£0.14  51.9+0.09 83.3x0.13 66.4£0.33 62.9+0.21 53.3+0.09 53.8+0.38 46.0£0.03 70.8£1.12 68.7+0.22  60.3x0.06
CoTTA 60.4+0.02  64.2£0.01  51.7%0.02  53.3£0.03 51.2£0.01 47.8+0.02 55.6+0.03 54.1x0.02 46.4£0.01 70.6£0.01 68.3+0.02  60.3x0.01
RoTTA 59.1£0.05 63.4+0.01 51.3+0.01 51.4+0.03 49.1£0.03 47.240.03 54.8+0.04 53.5+0.03 46.5£0.02 69.3£0.03 67.3+0.03  60.1+0.03
SAR 51.7#0.14  65.9+1.27  51.0+0.12  57.3£0.41 53.5£1.05 48.5+0.10 48.5+0.21 53.7#2.78 45.9£0.05 70.5£1.21 73.4+1.31  60.2£0.07
EATA 49.9£0.06 52.9+0.25 64.4+15.84 47.240.10 47.4+0.18 45.8+0.06 49.0£0.20 49.9+0.33 45.0+0.08 59.8+0.19 60.6+0.26 78.3+17.08
ROID 45.0£0.09 47.0£0.26  44.8+0.01  45.0+0.04 45.1+0.10 44.2+0.06 44.2+0.13 46.0£0.10 41.8+0.11 58.6+0.04 58.9+0.11  56.2+0.05
CMF (ours) 44.8+0.12 46.6+0.12 43.5+0.04 43.4+0.07 43.6£0.12 42.3x0.11 42.7+0.20 44.1+0.24 40.0£0.06 57.0£0.08 56.7+0.13  53.9+0.03

the analysis of both temporally uncorrelated (CS) and temporally-correlated shifts (TC-CS) during
streaming. In CS, test data from all domains are randomly shuffled before adaptation, whereas in
TC-CS, consecutive test samples are likely to arise from the same domain. Further, we delved into
scenarios where temporal correlated label shifts (TC-LS) occurred over CS or TC-CS by adjusting
the Dirichlet distribution’s § (Gong et al.,|2022)). As § increases, the label distribution at time step ¢
begins to approach uniformity; a reduced J signifies a skewed distribution towards specific classes.
These scenarios are illustrated in Fig. [3] In all vision scenarios for ImageNet-C, the domains com-
prised 15 corruptions, each encountered at the highest severity level of 5. For D109, the domains
comprised five types (clipart, infograph, painting, real and sketch). Our last scenario aimed to test
the OTTA methods for speech recognition over real-world streaming data.

Source Model and Baseline For image classification, we employed various of models including
ResNet-50 (He et al., 2016a), VisionTransformer (ViT) (Dosovitskiy et al.,[2020), SwinTransformer
(Swin) (Liu et al., 2021)), and data2vec-vision (D2V) (Baevski et al., [2022b), which were all pre-
trained on ImageNet. These modes were suited for wild world (Niu et al.,[2023). The Base models
for ViT, Swin, and D2V were chosen to balance complexity and performance. For speech recogni-
tion, the choices were data2vec Base model (D2V-Libri) and the data2vec Large model (D2V-Vox).
The former is pre-trained on a LibriSpeech, while the latter is pre-trained on the entire LibriVox
(Kahn et al.| [2020). We compared our approach with other OTTA methods that use arbitrary off-the-
shelf pre-trained models. For images, we compared TENT, LAME (Boudiaf et al.| [2022), CoTTA
(Wang et al., 2022), RoTTA (Yuan et al., 2023), EATA, and SAR. For speech, we compared our
framework with SUTA (Lin et al.,|2022)), which is a state-of-the-art test-time adaptation method for
speech recognition tasks.

Implementation Details We offer implementations for both image classification and speech recog-
nition tasks. Image Classification: Our approach largely adheres to the hyperparameter guidelines
put forth in Marsden & Dobler| (2022)) to ensure robustness and reproducibility. We designated the
parameter subset #(?) as the normalization layer of each model, inspired by Niu et al.| (2023). Our
chosen loss function is the diversity-weighted soft likelihood ratio loss (DW-SLR) from [Marsden
et al.| (2023)), augmented with a consistency loss rooted in symmetric cross entropy (SCE). Unless
specified otherwise, the hyperparameters («, ¢) for CMF were set to (0.99, 0.005). We employ prior
correction for post-processing, as detailed in (Royer & Lampert, 2015;|Marsden et al.,|2023)). Speech
Recognition: Our approach leverages the Bitfit method from [Zaken et al.|(2021)), which exclusively
amends the self-attention bias of the transformer for a parameter subset. This methodology was
selected because the correction of the normalization layer does not considerably alter performance
as noted in (Lin et al.,[2022). For the CMF, the hyperparameters («, q) are fixed at (0.8, 0.005). The
post-processing step involves greedy decoding, as prescribed in (Pratap et al.,|2019)), and is devoid
of any language model.



Published as a conference paper at ICLR 2024

Table 3: Average error rates (%) and their corresponding standard deviations in the scenario of TC-
LS over TC-CS.

ImageNet-C D109
LAME SAR EATA ROID CMF (ours) LAME SAR EATA ROID CMEF (ours)

é Model

ViT  44.1£0.02 483028  71.8+1.22 16.2+0.06  15.9+0.04 35.2+0.55 58.5+0.40 58.6x1.45 31.4+0.07 31.0£0.10
0.0  Swin 47.1x0.09 60.1£0.74  72.7+0.67 18.1x0.03  16.7£0.10  30.1+0.16 55.4+0.17 54.2+0.99 30.3£0.25  29.6+0.21
D2V 38.9+0.07 483+0.15  58.2+221 17.4+0.21 14.4+0.24 29.7+0.15 49.5+0.04 46.1x0.37 29.3+0.03  27.8+0.12

ViT  83.2+0.23 48.7#0.29  47.7+0.12 36.3+0.08  35.0+0.04 44.8+0.69 58.6+0.80 50.7#1.20 32.2+0.10  31.8+0.10
0.01  Swin 84.7+0.12 58.4+0.86  50.0+0.35 37.2+0.06 35.1+0.16 39.9+0.77 53.7+0.53 49.6+0.41 31.1x0.11  30.3+0.24
D2V 79.5£0.20 47.9+0.05 65.0+18.58 35.9+0.08  32.7£0.04 39.9+0.56 49.1+0.14 47.1+1.08 30.7£0.09  28.6+0.11

VIT = 79.9+0.06 48.4+0.30  46.1+0.17 41.3+x0.05 39.6+0.03  68.9+0.24 57.7+0.56 47.4+0.16 37.3x0.12  36.1+0.11
0.1 Swin  84.5x0.09  58.4£0.75  48.3£0.09 42.1x0.04  39.6£0.02 64.6+0.25 53.4+0.70 47.4+0.21 36.9+0.11  35.0+0.05
D2V 70.120.04 48.0£0.04 65.5+19.11 41.3+0.03  38.2%0.05 64.6£0.25 48.6+0.04 45.7+0.08 36.3x0.06  34.1x0.13

ViT ~ 80.0+£0.03  48.3+0.25  45.7#0.15 41.2+0.03  39.4£0.03  90.0+0.09 57.4+0.12 47.2£0.04 42.9£0.03  41.3x0.06
1.0 Swin 84.6+0.06 58.5+0.41 47.4+0.39  41.940.03  39.4+0.11 86.9+0.24 54.5+0.68 47.4+0.10 43.0£0.06 41.3x0.04
D2V 70.2£0.07 47.9£0.09 87.0+18.44 41.2+0.01  38.1x0.03  88.3x0.13 48.5+0.09 45.7x0.04 42.2+0.04  40.1x0.10

ViT  80.2+0.09 55.5£12.62 45.6£0.17 41.3+0.03  39.5£0.03  93.3+0.17 57.3x0.22 47.2#0.08 43.9+0.09  42.5+0.08
50 Swin 84.9+0.04 59.240.68  47.6x0.25 41.9+0.03  39.4%0.08 90.6+0.23 54.0+0.72 47.3x0.05 44.1+0.06  42.5%0.07
D2V 70.5#0.12  47.940.08 65.9£18.92 41.2+0.03  38.0+£0.05 92.8+0.16 48.4+0.12 45.7+0.06 43.2+0.04 41.1+0.06

4.1 RESULTS

Covariate shifts Table [I|lists the average error rates for each OTTA method in the scenario of CS.
TENT exhibited a performance dip compared to the source model for both ImageNet-C and D109.
SAR in D109 and EATA in ImageNet-C also exhibited degraded performance. RoTTA, CoTTA,
and ROID, on the other hand, demonstrated relatively consistent results, with ROID standing out as
the top performer. Among all the methods, our CMF framework exhibited the lowest average error
rate. In Table 2] where the error rates under the TC-CS conditions are detailed, TENT exhibited
a substantial decline in performance. CoTTA and RoTTA, which were previously robust, also dis-
played performance setbacks. EATA held steady performance in all except for D2V, yet it could not
surpass ROID’s performance. CMF continued its trend by recording the lowest average error rate,
even outperforming ROID.

Covariate and Label shifts Table[3] Table 4: Average error rates (%) and their corresponding
presents the average error rates for standard deviations in the scenario of TC-LS over CS.

each OTTA method in the context of ImageNet-C D109
. . Method , : , -
TC-LS superimposed on TC-CS, in- e ViT Swin D2V ViT Swin D2V
dicating that the labels are becoming LAME  36.130.09 37.4#0.12 3630.11 29.9+0.18 28.6£023 29.1:0.19
1l lated. In inst SAR 5413040 654053 4724008 61.0:0.51 53.6£024 48.6x0.35
temporally correlated. In 1nstances EATA  70.5£0.67 77.140.93 85.8+18.90 5294298 50.3:0.25 45.9+0.13
with the strongest temporal correla- ROID 236005 28.6+0.16 18.8+0.01 29.140.09 28.240.05 26.3+0.07

CMF (ours) 23.2+0.05 27.1+0.08 17.1x0.09 28.7+0.19 27.3£0.05 24.9+0.10

tion (i.e., 6 = 0.0), all methods bar-
ring LAME and ROID revealed in-
consistent outcomes with performance degradation. The latter exhibited superior results between
LAME and ROID, except for Swin. As the temporal correlation diminished, the performance of
LAME decreased noticeably, but ROID showed robust performance. The CMF still managed to
eclipse ROID and LAME. Table [ highlights TC-LS under CS following Marsden & D&bler (2022)
for ImageNet-C and D109 with § values of 0.01 and 0.1, respectively. CMF maintained its superi-
ority across all datasets and models. Thus, the CMF exhibited unwavering robustness, even in the
TC-LS scenarios.

Distribution shifts on real-world Table 5: Average WERs (%) and their corresponding stan-
streaming data Table [5| presents the ~dard deviations in real-world streaming scenario.

OTTA outcomes for the real-world TED Ccv
streaming datasets. Both TED and Method D2VLibri D2V-VOX D2V-Libri ~ D2V-VOX
CV deviate from the source domain,

o . Source 122 8.5 334 20.6
LibriSpeech, in terms of the record- SUTA-cont.  67.7£1.70  66.1£0.36  120.89+4.03 130.3%1.88
ing environment and vocabulary do- SUTA-episodic  12.0£0.03  8.0£0.03  30.3x0.01  18.9£0.01
mains. This results in the simulta- CMF (ours)  11.8£0.05  7.940.02  29.6+0.02  18.7+0.03

neous presence of covariate and label

shifts. The leading OTTA method for speech recognition tasks, SUTA, employs test-time adaptation
for individual utterances using an episodic strategy (SUTA-episodic). However, a sharp decrease
in performance was observed when this strategy was applied in a continual setting (SUTA-cont.).
In these continuous settings, the CMF not only thwarted catastrophic forgetting but also displayed
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enhanced performance compared to SUTA-episodic. Our framework showed robustness against the
intricate distribution shifts found in real-world contexts.

4.2 ABLATION STUDY

We now delve into the essential components of the CMF. Detailed discussions, such as diversity and
computational cost, can be found in Appendix [C]

Effectiveness of leveraging the noisy target Table 6: Average error rates (%) for ¢ = 0.000
model Table [§] lists the average error rates of and ¢ = 0.005 in the CS and TC-CS scenarios.
the CMF in CS and TC-CS scenarios for both — ST
‘ImageNet-C and D109 dgtgsets. We exam- ~ Model Method L. ch»cs s Tocs Ve
ined the performance variations with respect

. A TENT  Entropy - 55.1 54.5 76.8 83.3 67.4

to the Value Of q, WhICh mOdulates the lnfor_ ) CMF  Entropy 0.000 58.6 574 536 545 56.0
mation from the noisy target model. Using ViT 0005 57.1 560 573 609 578
- DW-SLR 0.000 52.7 47.8 47.1 46.0 48.4

the entropy .loss of TENT, the CMF demon 0000 327 478 471 460 484
strated superior average performance compared +SCE 0000 507 450 469 450 469

: 0.005 489 448 445 434 454
to TENT alone. However, this performance

. . . TENT Entopy - 626 640 615 664 636
gain was only evident for DIQ9, Whlc,h suf- CMF  Entropy 0000 644 642 515 516 579
fered markedly from catastrophic forgetting, as ~ swin 0005 643 640 516 525 581
shown in Tables E] and @ When comparing DW-SLR 0000 57.5 SI.1 494 463  SLI1

0005 575 480 459 445 490
the outcomes for ¢ = 0.000 and ¢ = 0.005 +SCE 0000 550 470 472 451 486

0.005 521 466 448 436 468
TENT  Entropy - 50.5 519 579 629 55.8
CMF  Entropy 0.000 523 529 481 485 504

on ImageNet-C, our model recorded a higher
average error rate without utilizing the target

model (i.e., ¢ = 0.000), a trend reversed for  pav 0005 518 527 489 506 510
D109. This highlights the limitation of relying DW-SLR 0000 49.0 459 469 454 468
solely on the entropy loss (Nevertheless, the en- +SCE 888(5, P ;‘Z‘; 333 o3 ﬁji
tropy version of CMF significantly outperforms 0005 456 435 428 423 436

TENT when adjusting for diversity, which is

detailed in Appendix [C.2). This inconsistency was addressed by incorporating DW-SLR (Mars-
den et al.| [2023), an entropy-based loss function that consider diversity. For both datasets, the CMF
coupled with DW-SLR exhibited superior performance improvements when ¢ = 0.005 compared
to ¢ = 0.000. Similarly, SCE loss, which modulated diversity via augmentation, further enhanced
performance. These results were consistent with the findings that a convex combination of param-
eters (i.e., Moments) from out-of-domain can escalate the generalization error if the diversity is
not moderate (Wortsman et al., 2022; Rame et al., [2022). In essence, the CMF consistently boosts
performance when diversity is appropriately managed.

Effectiveness of the source-conjugated transition model

Figure 2] shows the average error rates for each model con-

tingent on variations in «, which determine the sway of the g =
source model in the source-conjugated transition model. A £
comparison of the error rates for « = 1 (devoid of source 5
model influence) and o = 0.99 (factoring in the source G
model influence) revealed enhanced performance across all
models. However, as « increased, the performance metrics
for both Swin and D2V models exhibited a downward tra- B
jectory. These findings underscore the significance of the Figure 2: Average error rates (%) as
moderated influence of the source model. decreasing o where v = 0.99 in the

scenarios of TC-CS on ImageNet-C.

ViT 8Swin m D2V

1 0.99 0.95 09

5 CONCLUSION

We proposed the CMF, which a novel approach to bolster the OTTA methodology. This was achieved
by deducing a refined source model through target model denoising by leveraging the KF. By stream-
lining the KF algorithm, the computational overheads were minimized, underpinning the pragmatic
nature of the CMFE. Our strategy withstood a rigorous evaluation across a spectrum of scenarios
previously subjected to state-of-the-art methods, consistently demonstrating marked performance
advancements. Its efficacy in real-time streaming contexts, such as speech recognition tasks, sug-
gests its potential as an integral facet of established frameworks across diverse applications.
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REPRODUCIBILITY STATEMENT

In this paper, we conducted experiments based on the official GitHub code of the toolkits men-
tioned in Section [4] for image classification and speech recognition. Appendix [B]lists the download
URLSs of each toolkit, the adopted datasets, and the pre-trained source models and mentions more
experimental details. The code is available at https://github.com/j-pong/CMF.
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A DERIVATIONS

For completeness, we included derivations for each component of the CMF inference process. These
derivations follow Siarkkd & Svensson| (2023) and conform to the notations in |Murphy| (2023). All
parameters (S1, S2, A, Q, H, R) are in R¢X<,

A.1 SOURCE-CONJUGATED TRANSITION MODEL

Given S7 and S, are known constants, we assume that the likelihood for gb(t’l) is

p(@“ Vo) = N (D6, 51), 1)
and the conjugate prior of the likelihood is
p(@0]6") = N (6], S2). (22)

The conditional distribution of ¢(*) is obtained using Lemma A.3 from Sirkki & Svensson| (2023)

p(e]64 7, 6@) = N(@A6171 + (1= 4)6), Q). @)
where

A=5(S2+S)71,

(24)
Q= 515282+ S1) 7"

We directly parameterize the transition model with (A, @) rather than by using (S, S2).

A.2 PREDICT STEP
The posterior of the previous step is given by

p(p D ]e1=D 5(0)) = A (D) |he—1jt—15 De—1jt—1)- (25)

According to Lemma A.2 from |Sarkkd & Svensson| (2023), Egs. (5) and (25), the joint distribution
of () and p(*=1) given #(1:t=1) 5(0) js

p(¢(t),¢(t_1)|9(1:t_1)7¢(0)) _ p(¢(t)|¢(t—1)7¢(0))p(¢(t—1)|0(1:t—1))
= N(¢(t)|A¢(t71) +(1— A)¢(0)7 Q)N(¢(t71)|l~bt—1\t—1’ Yi1jt—1)

(t-1)
ZN(<¢¢(t) ) #/’Z/)y

(26)

where

)= He—11t—1
Apy_1pp—1 + (1= A)g? )

s _ ( Y11 S AT )
AYy 11 A2t71|t71AT+Q ’

27)

and the marginal distribution of ¢(*) is obtained using Lemma A.3 from Sirkki & Svensson| (2023)

p(¢(t)|9(1;t—1)7¢(0)) — /\/(¢(t)|ut\t_172t\t—1)a (28)

where

eje—1 = Apy_qpe—1 + (1 — A)¢(0)7

(29)
Siio1 = AT AT+ Q.
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A.3 UPDATE STEP

According to Lemma A.2 from [Sdrkka & Svensson| (2023), Egs. (23) and (28), the joint distribution
of ¢® and 0™ is

p(¢®, 00190 50y = (e |pM)p(p® g1 3(0))
= N(e(t)|H¢(t)a R)N(¢(t)|:u't|t—1u Et|t—1)

(t) ! "
(@)

n_ [ Ht—1]t—1
K (Hﬂ|t1 ) ’

s _ Yije—1 Sepp—1HT
HY 4 Hzt\t—lHTJFR ’

(30)

where

€29

and the conditional distribution of ¢(*) is obtained using Lemma A.3 from Sirkkid & Svensson
(2023))

p(qb(t)w(l:t)’gb(o)) = N(¢(t)|lut‘t,2t|t), (32)
where

Ky =%, H (HSy, H + R) ™,
Hejt = Hejt—1 + Kt(e(t) — Hpgje-1)s (33)
Et\t = Et|t—1 - KtHEt|t—1~
A.4  SIMPLIFICATION

We chose (A, @, H, R) to scalar values («, g,1,1 — ¢). Thus, Eq. (29) is

Peje—1 = oftg_1je—1 + (1 = a)¢>(0),

Yije—1 = a22t—1|t—1 +q, aa
and Eq. (33) is
Be=(1-q)/(Zyt—1+1—4q),
e = Beprgje—1 + (1 — ﬂt)a(o), (35)

Et|t = Btzt\t—L

where 8; = 1 — K. Consequently, f1;¢—1, X¢j¢—1, fe|¢> 2¢|¢ and [ are scalars.

B DETAILS OF IMPLEMENTATION

B.1 EXPERIMENTS OF IMAGE CLASSIFICATION

We focused on the numerous classes, potential corruption, and natural distribution shifts that can oc-
cur in the wild world (Niu et al., 2023)). ImageNet-q] is a standard TTA benchmark used to evaluate
robustness against corruption. ImageNet contains 1,281,167/50,000 training/testing data respec-
tively. ImageNet-C is a dataset applied to ImageNet according to 15 types of damage (gaussian
noise, shot noise, impulse noise, defocus blur, glass blur, motion blur, zoom blur, snow, frost, fog,
brightness, contrast, elastic transform, pixelate, and jpeg compression) at five severity levels. Each
corruption was considered a domain, and severity level of 5 has been selected. D109 is a dataset
concerning natural distribution shifts provided by Marsden et al.|(2023). This dataset consists of five
domains (clipart, infograph, painting, real, and sketch). D109 classes were based on DomainNef]

https://zenodo.org/record/22354484#.YJj2R0O_co_mF
http://ai.bu.edu/M3SDA/
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including 109 classes that overlapp with ImageNet. For other natural shifts, we used the Rendition
and Sketch datasets. Each dataset consisted only of domains and was used in the TC-CS scenario.
Rendition | included 30,000 images with various artistic renderings of 200 ImageNet classes, pri-
marily collected from Flickr and filtered by Amazon MTurk annotators. Sketch||dataset consists of
50,000 images, with 50 images for each of the 1,000 ImageNet classes. This dataset is constructed
from Google image queries with the standard class name “sketch of”” and is only searched within the
”black and white” color scheme.

(a) CS (c) TC-LS
Adaptation Order > Adaptation Order (§ = 0.0) >
(b) TC-CS
Adaptation Order > Adaptation Order (§ = 5.0) >
Label Classes:

Input Data Domains:

Domain A Domain B Domain C Class 1 Class 2 Class 3

Figure 3: Illustration of the OTTA scenarios.

Four scenarios were considered: covariate shifts (CS), temporally-correlated covariate shifts (TC-
CS), temporally-correlated label shifts (TC-LS) over CS, and TC-CS over TC-CS. CS involves pre-
viously defined domains streamed into the model, which were all mixed up. Hence, the likelihood
of temporally adjacent input data being drawn from the same domain is low [Niu et al| (2022).
Conversely, in the TC-CS scenario, each domain was applied sequentially as previously described;
therefore, temporally adjacent input data were likely to belong to the same domain. Meanwhile,
TC-LS simulates the characteristics of real online data, where labels are temporally interrelated, and
data of the same class appears multiple times (Gong et al.| 2022). This methodology entails the
creation of a non-i.i.d partition for a given number of tokens across a set number of classes. The
Dirichlet distribution, driven by the concentration parameter § > 0, determines how data from each
class were allocated to each token.

We implemented the CMF method based on the benchmark in Marsden & D&bler| (2022)] and used
the associated default hyperparameters. For all the vision experiments, the learning rate was set to
0.00025 for ViT]and Swin] 0.0002 for ResNet-50} and 0.00001 for D2V] Unless specifically men-
tioned, we used (a, ¢) = (0.99,0.005) for CMF. Furthermore, because each model had a different
number of learnable parameters, we adjusted it by multiplying the ratio of each model’s number of
learnable parameters to that of ViT by ¢q. The SGD optimizer was used for model training in all
scenarios. The iteration / for the adaptation was set to 1.

https://github.com/hendrycks/imagenet—r
https://github.com/HaohanWang/ImageNet-Sketch
https://github.com/mariodoebler/test-time—adaptation
https://pytorch.org/vision/0.14/models/generated/torchvision.models.
vit_b_l6.html#torchvision.models.vit_b_16
https://pytorch.org/vision/0.14/models/generated/torchvision.models.
swin_b.html#torchvision.models.swin_b
https://pytorch.org/vision/0.14/models/generated/torchvision.models.
resnet50.html#torchvision.models.resnet50
https://huggingface.co/facebook/data2vec-vision-base-ftlk
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B.2 EXPERIMENTS OF SPEECH RECOGNITION

The LibriSpeech]dataset, which is widely used for pre-training in speech recognition, contains audio
recordings of speakers reading excerpts from Project Gutenberg e-books. It included 1,000 hours of
utterances, with subsets of 100 h, 360 h, and 500 h for training. D2V-Libri was trained both self-
supervised and supervised on the 960h subset. Libri-Lighfis a collection of English voice audios
suitable for training speech recognition systems with limited or no supervision. It is derived from the
open-source audiobooks of the LibriVox project, which contain over 60,000 h of audio. D2V-Vox
was self-supervised trained on Libri-Light and supervised trained on LibriSpeech 960h.

We used TED] and CV] as the target data, each representing a different scenario. TED provide an
official test dataset of lectures covering various topics and areas. This test dataset was divided into 11
datasets per speaker, each of which had a different domain. This simulated an actual situation where
professionals speak continuously and at length. The average duration of utterances per speaker in the
test dataset was 0.24 h. CV is a crowdsourcing project supported by volunteers who read Wikipedia
sentences and record samples at 48kHz. The sampling rate is resampled to 16kHz to match the
learning conditions of the source model. We used the Common Voice Corpus 5.1 (dated 7/14/2020).
Unlike TED, the test dataset was not divided per speaker. This test dataset contained approximately
25 h of utterances, simulating an extremely long utterance environment.

A learning rate of 0.0006 was selected for D2V-Libr{] and D2V-Vox] We set (a, ¢) to (0.8,0.005)
to maintain the CMF approach used in the vision experiments. The Adam optimizer was used
for model training in all speech recognition experiments. The number of iteration I for the
adaptation followed [Lin et al| (2022)] using 10. We also applied the masking augmentation
(Hsu et al., 2021} /Chen et al.,|2021}; |Schneider et al.,[2019; [Baevski et al., 2019; 20205 [2022a) four
times, considering diversity. For a fair comparison, both comparison targets, SUTA-cont. and
SUTA-episodic, used the same learning rate and 7, and the same augmentation was applied.

C ADDITIONAL ABLATION STUDY
C.1 EFFICIENCY OF METHODS

Table 7: Comparison of the computation efficiency for ResNet-50 on Rendition in the scenario of
TC-CS.

Method  Average Error Rate (%) #Forwards #Backwards Train Param (%)

Source 63.8 30,000 - -
LAME 99.4 30,000 - -
TENT 574 30,000 30,000 0.21
CoTTA 574 90,000 30,000 100
RoTTA 60.8 90,000 30,000 0.21
SAR 57.2 46,279 30,111 0.12
EATA 54.2 30,000 5,440 0.21
ROID 51.4 48,610 37,220 0.21
CMF 50.7 48,610 37,220 0.21

Table 7] provides an overview of the computational efficiency of the different methods, measured by
the number of forward and backward passes required during the Table[7] provides an overview of the
computational efficiency of the different methods, measured by the number of forward and backward
passes required during the test-time adaptation. CoOTTA and RoTTA, owing to their reliance on the
teacher-student modeling approach (Hinton et al., 20155 Xie et al.,[2020; Sohn et al.,[2020; Berthelot;
et al.| 2019)), these methods require three forward passes: two for the teacher model and one for the

https://www.openslr.org/1l2
https://github.com/facebookresearch/libri-light
https://www.openslr.org/51/
https://commonvoice.mozilla.org/en/datasets
https://dl.fbaipublicfiles.com/fairseq/data2vec/audio_base_1ls_960h.pt
https://dl.fbaipublicfiles.com/fairseqg/data2vec/vox_960h.pt
https://github.com/Daniellin94144/Test-time-adaptation-ASR-SUTA
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student model. Correspondingly, one backward pass was required for the teacher model. EATA
selectively filtered the samples during learning. This filtering mechanism ensured the superiority
of EATA in efficiency, demanding fewer backward passes than TENT. SAR requires more forward
and backward passes than TENT because it incorporates a general forward and a forward with
filtering. ROID adopts a filtering strategy (i.e., DW-SLR loss) akin to EATA while incorporating
data augmentation driven by SCE loss, resulting in an augmented count of forward and backward
passes relative to TENT. By leveraging both DW-SLR and SCE losses, the CMF mirrors ROID in
terms of efficiency. We also investigate the memory cost for ROID/CMF: each method consumes
7841MiB/8073MiB for D2V and 10339MiB/10667MiB for Swin. The CMF requires slightly more
memory than ROID because it uses hidden variables. However, it does not require much additional
computation because inference process of the CMF does not perform backward, which dominates
the memory cost. To summarize, the superior performance of CMF is noteworthy, even with similar
computational and memory requirements as ROID.

C.2 DIVERSITY DIAGNOSIS AND PRESCRIPTION

A vital factor of the CMF framework is the parameter diversity, which gauges how much target
models deviate from the source model. A moderate level of diversity often indicates that our
framework is likely to operate more effectively. To quantify this diversity, we employed cosine
similarity metrics between the source and target models across different domains. The diversity
was calculated as the inverse of this similarity, specifically as 1 — Average Cosine Similarity where
Average Cosine Similarity is calculated for a domain in the dataset.

ImageNet-C D109
0.007
0.006
t 0.005
2 0.004
w
= 0.003
[=}
0.002
0.001
0.000
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
ADPATION ORDER (->)
(a) Comparison of the diversity on ImageNet-C and D109
CMF CMF (+SCE) CMF  ——CMF (LR V)
0.007
0.007 0.006
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Figure 4: Comparison of the diversity for ViT in the scenario of TC-CS.

Figure [4] provided insights into the diversity variation across different data sets and scenarios, ex-
plicitly focusing on ViT model. We also explored how diversity changes when additional SCE loss
functions (+SCE) are introduced or when the learning rate is decreased (LR |). When the “LR |”
method was applied, the learning rate was set to 0.0001 for the ViT/Swin model, down from an
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initial value of 0.00025, and to 0.000005 for the D2V model, which started at 0.00001. Our analysis
revealed that the D109 dataset exhibits significantly higher diversity than the ImageNet-C dataset,
as shown in Figure ] (a). When SCE loss was applied to the ImageNet-C dataset, which showed
lower diversity, an increase in diversity was observed (Figure [4] (b)). Conversely, in the case of the
D109 dataset, which presented a higher diversity level, reducing the learning rate decreased diversity

(Figure ] (c)).

Table 8: Comparison of average error rates (%) for each prescription in the scenario of TC-CS.

Average Error Rate (%)
ViT  Swin D2V

Dataset Method  Prescription

ImageNet-C =~ TENT - 545 64.0 51.9

CMF - 56.0 64.0 52.7
+ SCE 53.6 60.1 51.5

D109 TENT - 833 66.4 62.9

CMF - 60.9 525 50.6
LR | 541 517 48.6

This manipulation of diversity through adjustments, the introduction of SCE loss or the reduction
in learning rates, has been shown to positively impact the performance of different models, as evi-
denced in Table[§] Thus, managing diversity was a crucial strategy for optimizing the functionality
of the CMF approach. The pain of managing diversity was largely solved by using DW-SLR loss,
as discussed in Section 4.2

C.3 LIMITATION OF FIXED SOURCE MODEL

Table 9: Comparison of average error rates (%) for WE and CMF in the scenario of TC-CS.

Method Model ImageNet-C D109 Rendition Sketch

DW-SLR+SCE ViT 47.6+0.06  48.3+0.92 44.6+x0.25 58.4+0.05
Swin 51.1+£0.30  50.0+0.10 47.0+0.14 59.1+0.18
D2V 46.3+0.15  47.4+041 42.2+0.13 55.6+0.07

DW-SLR+SCE+WE ViT 45.0+£0.09  45.0£0.04 44.2+0.13 58.6+0.04
Swin 47.0+£0.26  45.1£0.10 46.0+0.10 58.9+0.11
D2V 44.8+0.01  44.2+40.06 41.8+0.11 56.2+0.05

DW-SLR+SCE+CMF  ViT 44.8+0.12  43.4+0.07 42.7+0.20 57.0+0.08
Swin 46.6+0.12  43.6+0.12 44.1+0.24 56.7+0.13
D2V 43.5+0.04  42.3+0.11 40.0+0.06 53.9+0.03

Conventional weight ensemble (WE) methods utilize a fixed source model. In contrast, the CMF
approach updates the source model. To evaluate the performance of both WE and CMF, we set the
loss to DW-SLR + SCE and measured their respective performances in TC-CS scenario.

When WE is added, significant performance improvements in datasets such as Sketch or Rendition
are not readily observable. Conversely, substituting WE with CMF leads to substantial performance
enhancements across all datasets, including the two aforementioned, and notably outperforms WE
in the ImageNet-C and D109 datasets. These results highlight the limitations of the fixed source
model and clearly delineate the contribution of CMF, which continually updates the hidden model
with both the target and source model information.
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C.4 SENSITIVITY OF HYPERPARAMETERS IN CMF

Table 10: Comparison of average error rates (%) for sensitivity of ¢ in the scenario of TC-CS.

CMF (¢)
0.01 0.0075 0.005 0.0025 0.0001

ViT 60.2  54.5+0.04 44.9+0.09 44.9+0.09 44.8+0.12 44.8+0.14 44.9+0.05
Swin 64.0 64.0+0.14 46.7+0.25 46.5£0.05 46.6+0.12 46.5+0.18 46.9+0.18
D2V 51.8  51.9+0.09 43.4+0.08 43.4+0.09 43.5+0.04 43.7+0.15 44.5+0.02

Model Source TENT

Table 11: Comparison of average error rates (%) for sensitivity of « in the scenario of TC-CS.

CMF (a)
0.999 0.99 0.95 0.9 0.8

ViT 60.2  54.5+0.04 452+0.03 44.8+0.12 44.7+0.06 44.9+0.09 44.9+0.06
Swin 64.0 64.0+0.14 46.9+0.12 46.6+0.12 46.7+0.13 46.8+0.24 47.1+0.20
D2V 51.8  51.9+0.09 43.6+0.17 43.5£0.04 44.2+0.11 44.6+0.04 44.8+0.04

Model Source TENT

Table 12: Comparison of average error rates (%) for sensitivity of v in the scenario of TC-CS.

CMF (v)
0.999 0.99 0.95 0.9 0.8

ViT 60.2  545+0.04 452+0.11 44.8+0.12 45.5+0.09 46.7+0.07 49.2+0.04
Swin 64.0 64.0+0.14 47.1+0.21 46.6+0.12 47.2+0.14 48.5+0.20 50.7+0.28
D2V 51.8  51.9+0.09 43.2+0.22 43.5£0.04 45.3+0.04 46.8+0.06 48.6+0.11

Model Source TENT

An analysis was conducted to understand the impact of adjusting hyperparameters (g, «, ) in CMF,
as outlined in Algorithm The default experimental settings used were (¢ = 0.005, « = 0.99, v =
0.99). By varying one parameter while keeping the others constant, the experiments, as shown in
Tables [I0] [T1] and[I2] revealed that the impact of -y, which directly influences the target model, was
the most significant. In contrast, the effects of ¢ and alpha were comparatively lesser. Despite these
hyperparameter variations, CMF still demonstrated superior performance compared to Source and
TENT.

D LIMITATIONS

Our proposed CMF relies on the KF that uses a linear Gaussian model. In the context of CMF, this
linear Gaussian model employs a linear system for the transition and emission of DNN’s parameters.
While such linear systems have been frequently used in previous studies (Izmailov et al. 2018
Garipov et al.,|2018|Guo et al., 2023)) and have shown superior performance in various applications
as demonstrated in our paper, it is challenging to guarantee that all applications will depend on this
linear system. According to the sensitivity analysis introduced in Appendix [C.4] we observed that
our model is relatively more influenced by the hyperparameter . This result implies that the linear
system may not function in certain environments. To overcome this limitation, we plan future work
to identify applications where the application of such linear systems is challenging and to apply
simple non-linear functions (for example, confidence-based parameter selection). This approach
aims to enhance the adaptability and effectiveness of CMF in a broader range of applications.
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E DETAILS OF RESULTS

This section provides detailed experimental results from [#.1]

Table 13: Average error rate (%) and their corresponding standard deviations on ImageNet-C in the
scenario of CS.

Method Model gaussian  shot impulse defocus glass motion zoom snow frost fog bright contrast elastic pixelate jpeg Avg.
ResNet-50 99.1 98.3 98.8 89.4 944 89.6 836 856 828 853 460 97.6 85.8 76.9 717 85.7+0.95
TENT ViT 60.6 60.5 59.6 63.6 679 572 612 551 488 474 286 66.6 53.9 50.6 444  55.1+0.08
Swin 65.8 64.1 68.2 73.4 75.4 59.1 64.6 60.1 57.8 492 287 61.7 72.2 81.8 56.8  62.6+0.18
D2v 445 434 435 67.9 749 570 66.4 408 419 395 260 45.8 65.5 58.5 427 50.5+0.06
ResNet-50 929 91.2 92.6 87.3 90.0  86.6 814 813 812 79.0 466 924 83.0 750 69.6  82.0+0.08
CoTTA ViT 65.2 66.5 64.7 67.9 733 63.1 657 563 446 480 290 83.8 56.4 59.7 493 59.6+0.02
Swin 71.0 69.7 752 72.8 81.6  64.0 682 575 514 404 286 59.9 72.1 85.8 59.5  63.9+0.01
D2v 437 430 432 69.6 713 588 685 399 433 363 262 48.7 67.2 60.0  43.0 51.240.02
ResNet-50 90.4 89.7 90.3 84.8 899 869 809 813 788 769 383 90.6 80.8 71.1 61.5  79.5+0.10
ROTTA ViT 65.1 66.3 64.3 68.3 717 60.8 647 540 440 474 282 80.6 549 60.3 50.5  58.7+0.04
Swin 67.9 66.5 70.9 73.5 794 627 67.6 556 493 426 288 59.5 70.7 87.5 603 62.9+0.03
D2V 435 429 427 69.8 778 594 687 397 428 360 263 49.9 67.1 604 432 51.3%0.03
ResNet-50 97.9 96.6 975 84.4 879 832 718 780 766 732 430 95.1 789 624 60.8 79.6+0.68
SAR ViT 58.8 576 574 59.3 637 531 584 524 473 456 284 61.4 51.5 474 419  52.3x0.12
Swin 63.9 62.2 64.3 72.2 71.2 57.8 626 587 556 513 29.1 60.1 67.1 77.4 539  60.5+1.04
D2v 44.6 437 438 69.0 763 571 66.8 409 41.1 388 259 46.2 65.5 58.6  42.7  50.7+0.07
ResNet-50 90.7 88.9 90.8 76.4 814 743 69.1 712 694 636 416 93.6 69.9 524 548 72.5+1.44
EATA ViT 59.2 57.7 579 589 632 527 582 513 467 439 287 58.1 51.0 47.1 418  51.8+0.14
Swin 61.7 60.3 614 65.6 688 527 583 534 505 454 269 50.9 62.9 720 517  56.2+0.29
D2v 72.6 71.8 71.5 84.4 89.0 799 839 682 711 712 622 82.5 83.5 79.9 712 76.2+20.23
ResNet-50 76.4 75.3 76.1 719 817 751 699 709 688 643 425 854 69.8 53.0 556 69.5+0.13
ROID ViT 583 572 573 574 61.6 521 583 497 441 421 272 55.8 50.6 47.0 415 50.7+0.08
Swin 61.1 59.6 608 66.4 673 534 573 510 451 431 262 526 59.6 71.1 50.9  55.0+0.26
D2V 429 423 420 64.6 703 543 623 383 371 341 245 427 59.7 55.0 403 47.4+0.08
ResNet-50 72.8 7.7 72.4 76.0 78.3 71.9 674 695 679 627 451 86.2 66.1 51.8 550  67.6x0.20
nf ViT 57.1 556 558 56.4 582 489 555 475 445 431 279 529 474 440 406  49.0+0.10
¢ Swin 59.5 57.6 589 64.7 639 509 547 469 433 429 267 48.7 54.0 60.7 47.8  52.1x0.12
D2v 425 416 416 61.5 66.0 516 602 371 361 338 239 41.6 55.8 52.3 392 45.7+0.03

Table 14: Average error rate (%) and their corresponding standard deviations on ImageNet-C in the
scenario of TC-CS. We choose ¢ = 0.00025 for ResNet-50.

Adaptation Order (—)

Method Model Avg.

gaussian  shot impulse defocus glass motion zoom snow frost fog bright contrast elastic pixelate jpeg

ResNet-50 824 759 74.0 78.2 74.5 66.2 557 613 627 503 374 717 50.3 47.0 52.7  62.7+0.08

TENT Vi'_l' 63.6 599 58.0 65.8 68.2 58.0 614 539 454 479 282 61.2 535 50.7 424 54.5+0.04
Swin 66.9 62.0 63.5 79.2 78.6 65.4 674 590 558 516 322 62.5 74.0 82.8 59.3  64.0£0.14

D2v 439 43.1 433 69.4 76.4 579 67.1 405 447 513 273 47.0 64.5 58.6 432 51.9+0.09

ResNet-50 84.8 83.7 84.3 84.6 83.8 72.4 60.3 649 669 50.6 34.6 80.4 542 49.3 574  67.5+0.08

CoTTA ViT 65.8 67.1 65.2 68.6 74.0 63.9 662 566 446 460 289 929 56.4 60.3 49.0  60.4+0.02
Swin 71.1 69.9 75.4 72.8 81.6 63.9 682 579 51.8 431 288 61.7 71.6 86.1 59.0 64.2+0.01

D2v 43.9 433 434 69.7 78.0 59.3 689 40.1 442 382 262 49.3 67.1 60.7 43.0 51.7£0.02

ResNet-50 88.4 832 83.3 922 85.7 74.7 60.6 669 66.0 539 355 772 56.0 50.5 554 68.6£0.16

ROTTA Vi'_T‘ 65.8 67.1 64.9 68.9 733 62.8 652 556 441 457 279 80.3 54.5 60.0 49.8  591x0.05
Swin 71.0 69.3 73.8 732 80.4 62.7 672 569 487 429 29.1 59.0 69.2 88.7 59.0 63.4+0.01

D2V 439 433 433 69.7 77.8 59.4 687 39.8 425 358 262 49.7 66.6 60.1 433 51.3x0.01

ResNet-50 82.6 75.8 72.9 717 74.2 65.5 557 614 624 503 367 69.3 49.4 45.8 514 62.10.18

SAR Vi'_l' 61.3 557 54.4 62.0 61.4 53.8 570 539 451 459 29.1 55.1 515 49.2 403 51.7+0.14

Swin 63.5 574 58.0 77.1 73.8 68.0 71.7 655 67.8 633 32.0 70.2 71.8 84.8 63.0 65.9+1.27

D2v 442 43.8 43.7 69.7 1.5 57.1 66.8 412 414 419 263 48.2 64.3 57.1 419  51.0£0.12

ResNet-50 77.1 672 65.6 73.6 69.1 62.1 536 588 59.6 482 358 63.5 47.6 44.0 47.7  58.2+0.15

EATA ViT 61.6 553 53.8 60.0 58.8 52.7 549 513 435 429 291 49.2 48.7 46.4 39.8  49.9+0.06
Swin 63.2 55.6 549 67.6 64.3 542 543 519 472 435 263 46.6 54.6 615 473 5294025

D2v 47.2 48.1 59.2 78.0 84.6 71.6 773 552 59.0 579 469 739 76.7 71.6 59.2 64.4£15.84

ResNet-50 73.0 62.8 62.7 69.6 66.8 572 49.1 522 577 435 333 593 453 41.7 459  54.7+0.04

ROID Vi’_T‘ 57.6 515 522 55.1 524 46.5 472 456 395 360 260 45.0 43.8 39.7 36.3  45.0£0.09
Swin 58.0 51.6 514 62.9 57.6 49.9 475 442 399 362 242 439 44.5 50.4 425 47.0£0.26

D2V 42.8 40.5 40.1 64.0 64.6 50.6 576 370 36.6 317 245 39.7 573 47.8 37.1  44.8+0.01

ResNet-50 73.0 62.6 61.8 69.9 66.1 57.8 500 535 57.6 446 344 582 45.7 42.0 45.6  54.9+0.16

CMF ViT 57.6 50.3 50.9 55.6 51.0 46.7 46.9 46.1 406 379 267 443 413 39.6 36.1  44.8+0.12

Swin 58.4 50.8 49.9 64.7 58.1 50.7 47.1 443 394 367 246 42.4 43.2 47.9 403 46.6x0.12

D2v 429 40.3 39.8 64.0 63.4 495 551 367 349 324 234 384 52.0 449 35.6  43.5+0.04
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Table 15: Average error rate (%) and their corresponding standard deviations on ImageNet-C in the
scenario of TC-LS (§ = 0.0) over TC-CS. We choose ¢ = 0.00025.

Adaptation Order (—)

Method Model Avg.

gaussian  shot impulse defocus glass motion zoom snow frost fog bright contrast elastic pixelate jpeg

ViT 58.7 539 54.3 58.4 58.7 52.7 740 994 998 999 999 99.9 99.9 99.9 99.9  80.6+0.07
TENT  Swin 61.4 575 59.8 76.4 75.5 74.9 880 910 987 998 98.8 99.8 99.8 99.8 99.8  85.4+1.26
D2v 43.6 41.4 40.6 65.4 70.6 54.5 626 388 428 393 251 429 58.6 51.9 39.4  47.8+0.06

ViT 65.8 65.5 64.1 66.6 71.4 62.6 669 586 450 420 305 90.5 56.9 60.5 49.8  59.8+0.16
CoTTA  Swin 70.3 69.3 74.4 72.8 81.0 65.6 702 595 512 529 307 623 73.0 89.6 59.8  65.5£0.07
D2v 43.8 42.3 42.0 69.5 772 574 66.8 405 415 440 252 45.6 65.6 595 414 50.840.04

ViT 66.6 68.1 71.0 69.6 71.0 58.7 648 593 522 508 332 83.9 60.0 84.9 76.5 64.7+0.16
RoTTA  Swin 69.8 67.9 72.0 77.6 77.9 70.2 729 596 558 669 421 833 75.6 97.4 88.5 71.8+0.15
D2v 43.8 42.0 42.0 69.8 74.5 593 674 402 395 401 290 74.1 723 72.8 514  54.5%0.03

ViT 55.9 519 56.2 56.4 56.4 56.0 56.7 61.8 43.0 358 264 43.9 50.6 37.7 36.3  48.3x0.28
SAR Swin 62.3 61.1 62.1 78.9 78.5 66.9 676 669 60.1 497 274 46.9 68.3 57.6 47.3  60.1£0.74
D2v 442 41.8 41.0 67.8 72.0 54.8 63.6 392 39.1 383 256 43.7 63.6 512 38.0 48.3x0.15

ViT 59.5 64.0 70.7 77.1 73.7 75.2 727 718 676 735 56.6 98.9 77.4 71.9 66.6  71.8+1.22
EATA Swin 66.4 72.8 76.6 81.8 79.3 75.9 735 723 682 693 559 81.4 68.8 783 69.8  72.7£0.67
D2v 52.0 49.2 49.6 72.1 81.3 64.7 716 425 504 512 328 73.8 70.8 63.6 47.6 5824221

ViT 40.1 39.0 39.2 48.6 58.6 432 484 396 341 422 238 84.7 44.5 40.2 35.8  44.1+0.02
LAME  Swin 43.1 42.1 46.2 52.8 69.8 43.4 512 446 365 339 204 41.3 64.5 727 439  47.1£0.09
D2v 30.5 29.8 30.2 49.4 62.4 39.9 503 313 343 314 227 39.9 559 41.5 345 38.9+0.07

ViT 25.7 229 238 24.0 22.0 15.8 182 149 123 103 6.4 14.9 12.2 9.9 10.1  16.2+0.06
ROID Swin 25.8 222 22.0 33.0 29.7 18.0 205 139 122 109 68 14.7 13.7 14.3 143 18.120.03
D2v 12.2 11.8 11.5 33.6 35.7 18.3 302 126 116 96 73 11.8 26.4 15.8 129 17.4+0.21
ViT 25.1 21.9 233 24.6 21.2 15.5 160 150 128 103 6.5 14.6 11.4 9.8 10.0  15.9+0.04
CMF Swin 24.9 20.6 20.8 332 277 17.1 17.1 121 114 100 64 13.6 11.8 12.4 120  16.7+0.10
D2v 12.4 12.0 11.9 28.8 239 15.6 224 11.2 102 89 6.3 11.3 17.9 13.0 9.7 14.4+0.24

Table 16: Average error rate (%) and their corresponding standard deviations on ImageNet-C in the
scenario of TC-LS (§ = 0.01) over TC-CS. We choose ¢ = 0.00025.

Adaptation Order (—)

Method  Model Avg.

gaussian  shot impulse defocus glass motion zoom snow frost fog bright contrast elastic pixelate jpeg

ViT 58.2 53.7 54.4 59.0 59.0 52.4 66.6 984 99.8 999 999 99.9 99.9 99.9 99.9  80.1x0.11
TENT  Swin 60.7 573 58.8 76.5 77.2 71.3 836 936 996 99.8 99.0 99.9 99.8 99.9 99.8  85.1x1.25
D2v 433 414 40.6 65.8 70.3 54.5 62.7 388 41.7 397 250 42.7 583 523 39.3  47.840.13

ViT 65.6 65.2 63.6 66.7 714 628 67.0 587 452 41.7 308 91.2 56.5 61.8 50.8  59.9+0.17
CoTTA  Swin 70.3 69.3 74.5 72.8 81.1 65.6 700 594 511 53.6 305 61.2 73.1 90.6 602  65.5+0.43
D2V 43.7 422 42.0 69.4 770 574 66.7 406 413 450 253 46.9 65.6 599 41,6 51.0+0.06

ViT 65.3 64.7 65.6 67.7 68.5 56.0 61.5 552 48.6 467 30.6 74.5 54.7 76.4 66.3  60.2x0.17
RoTTA  Swin 68.3 64.8 66.6 71.7 75.7 67.7 70.1 563 523 619 382 77.8 71.3 96.2 843  68.6x0.15
D2v 435 41.3 41.0 68.7 71.6 56.7 65.0 393 384 387 283 66.7 67.9 68.0 49.2 52.3x0.04

ViT 55.0 50.9 53.6 57.7 64.6 53.7 544 607 409 355 268 443 54.9 40.9 36.0 48.7x0.29
SAR Swin 57.0 56.3 57.0 78.2 75.8 64.3 63.1 695 594 517 263 44.6 72.1 54.5 46.0  58.4+0.86
D2v 439 41.7 40.9 68.2 71.7 54.9 635 393 39.1 385 252 44.5 58.2 50.0 39.3  47.9£0.05

ViT 54.6 504 525 572 536 499 49.8 503 458 434 303 51.1 44.5 41.0  40.7  47.7%0.12
EATA  Swin 54.1 50.5 54.6 65.2 61.3 532 49.6 489 46.1 422 278 50.6 47.6 529 457 50.0+0.35
D2v 522 590 593 77.2 84.5 70.3 76.7 553 593 57.0 457 73.9 76.5 71.0 577 65.0£18.58

ViT 88.0 80.9 90.0 81.3 89.9 91.4 903 894 71.1 984 514 99.6 82.5 76.1 68.2  83.2x0.23
LAME  Swin 84.6 80.0 86.8 86.8 95.4 84.1 843 962 927 84.6 456 84.1 97.4 93.6 73.8  84.7x0.12
D2v 70.0 68.2 68.4 81.2 88.9 76.8 88.0 797 863 895 649 89.6 91.3 78.1 71.7  79.5+0.20

ViT 49.2 46.0 473 46.3 43.7 37.2 380 346 322 273 193 359 30.2 28.2 28.8  36.3x0.08
ROID Swin 48.5 44.7 452 525 47.0 39.3 394 326 298 265 185 34.8 31.6 34.6 329 37.2+0.06
D2v 34.8 332 33.1 522 52.1 41.4 50.1  30.0 294 244 181 29.6 44.7 36.1 292 35.9+0.08

ViT 47.4 433 44.6 45.6 419  35.6 345 338 327 268 198 349 28.5 272 281  35.0+0.04
CMF Swin 46.6 41.7 424 52.1 454 374 351 300 293 252 182 328 29.2 315 294 35.1%0.16
D2v 345 326 326 48.5 45.1 36.6 415 282 271 232 169 28.7 372 32,6 255  32.7x0.04
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Table 17: Average error rate (%) and their corresponding standard deviations on ImageNet-C in the
scenario of TC-LS (§ = 0.1) over TC-CS.

Adaptation Order (—)

Method  Model Avg.

gaussian  shot impulse defocus glass motion zoom snow frost fog bright contrast elastic pixelate jpeg

ViT 58.2 53.7 54.6 59.1 58.9 52.4 66.6 985 99.8 999 999 99.9 99.9 99.9 99.9  80.1x0.14
TENT  Swin 60.8 57.0 58.6 76.4 76.4 68.9 76.5 89.1 993 99.7 988 99.9 99.8 99.9 99.8  84.1x0.72
D2v 433 414 40.5 65.6 70.3 54.5 62.8 387 413 392 250 428 58.2 52.0 394 47.7£0.03

ViT 65.6 65.2 63.6 66.6 714 62.6 669 583 452 415 308 91.4 56.3 62.1 51.0  59.9+0.09
CoTTA  Swin 70.3 69.3 74.6 72.8 81.1 65.5 69.9 594 512 548 307 62.7 733 89.7 60.6  65.7£0.25
D2V 43.7 422 42.0 69.4 770 574 66.7 406 414 441 253 47.2 65.6 59.8 41.6  50.9£0.11

ViT 65.1 64.0 64.4 67.5 68.1 552 60.6 547 479 454 30.1 72.9 54.0 74.5 64.1  59.240.07
RoTTA  Swin 68.0 64.0 65.2 71.9 75.0 66.9 69.5 56.1 517 609 374 76.4 70.8 96.0 83.6  68.0+0.02
D2v 435 41.2 40.9 68.4 71.1 56.4 645 39.1 383 385 283 65.5 67.5 67.2 49.1  52.0+0.01

ViT 549 50.5 53.4 57.6 60.8 52.4 588 597 430 355 267 44.2 53.0 40.1 36.0 48.4+0.30
SAR Swin 56.7 55.8 56.5 77.4 76.4 66.7 647 672 59.0 475 263 45.1 75.1 54.6 475 58.4x0.75
D2v 439 41.7 409 68.7 71.7 54.8 633 393 394 388 253 44.7 58.1 49.8 39.2  48.0+0.04

ViT 54.3 49.9 515 56.2 522 485 47.8 485 436 40.1 29.0 49.0 41.8 39.6 392 46.1x0.17
EATA  Swin 53.8 49.4 52.6 64.0 58.9 519 480 471 436 39.7 273 48.7 45.2 50.2 435  48.3+0.09
D2V 57.6 59.0 59.4 77.4 84.6 70.6 769 553 593 57.0 46.0 73.4 76.5 71.1 579  65.5+19.11

ViT 93.4 79.4 97.2 72.4 90.9 96.8 93.8 965 492 999 289 99.9 84.4 66.0 504 79.9+0.06
LAME  Swin 86.5 76.6 87.8 84.8 97.6 84.4 819 998 993 96.1 294 87.8 99.8 95.3 60.8  84.5x0.09
D2v 45.7 43.7 45.2 72.4 88.0 60.2 875 894 950 99.7 27.1 95.9 95.0 63.2 442 70.1x0.04

ViT 53.1 50.3 51.5 50.7 48.3 424 43.0 399 377 328 249 41.0 355 339 345 41.320.05
ROID Swin 52.6 49.5 50.0 55.9 50.6 44.3 439 377 351 319 238 39.6 37.0 40.3 38.7  42.1x0.04
D2v 40.8 393 394 55.8 56.1 46.9 543 358 351 301 236 35.7 49.1 422 35.1  41.3+0.03

ViT 514 474 487 49.5 458 403 392 38,6 375 319 249 39.5 335 324 334 39.6+0.03
CMF Swin 50.5 46.3 46.9 54.7 488 419 393 349 346 301 231 37.8 34.0 36.5 348 39.6+0.02
D2V 40.3 385 384 52.7 499 425 464 340 328 28.6 222 344 42.1 38.6 31.6  38.2+0.05

Table 18: Average error rate (%) and their corresponding standard deviations on ImageNet-C in the
scenario of TC-LS (6 = 1.0) over TC-CS.

Adaptation Order (—)

Method  Model Avg.

gaussian  shot impulse defocus glass motion zoom snow frost fog bright contrast elastic pixelate jpeg

ViT 582 537 55.8 59.1 67.4 64.2 73.7 957 998 99.9 99.8 99.9 99.9 99.9 99.9  81.843.68
TENT  Swin 60.8 574 60.3 773 79.9 84.8 91.6 937 992 998 988 99.8 99.8 99.9 99.7  86.9+2.27
D2v 433 41.4 40.6 65.6 70.4 54.6 62.8 388 411 395 251 42.6 58.6 522 393 47.7x0.27

ViT 65.6 65.2 63.5 66.6 71.5 62.6 669 584 452 416 308 91.3 56.9 62.1 509  59.9+0.17
CoTTA  Swin 70.3 69.3 74.6 72.8 81.2 65.5 70.0 594 510 550 308 63.3 73.4 90.1 60.8  65.8+0.24
D2v 43.7 422 420 69.4 77.0 57.4 66.7 40.6 414 441 253 46.9 65.6 59.8 41.6  50.9+0.08

ViT 65.0 63.9 64.1 67.2 67.9 55.1 60.7 547 478 454 300 729 539 74.7 64.0  59.2+0.11
RoTTA  Swin 68.1 64.2 65.4 77.8 75.1 67.1 69.6 559 517 60.6 374 76.1 70.6 96.0 838  67.9+0.10
D2V 435 41.2 40.8 68.3 71.1 56.4 645 391 383 385 283 65.5 67.4 67.2 49.1  51.9+0.04

ViT 54.8 50.6 53.0 589 61.9 537 543 610 398 356 267 44.2 514 42.8 359 483025
SAR Swin 56.5 56.5 57.5 78.9 75.7 63.1 693  69.1 599 450 265 46.4 71.8 55.0 47.0  58.5+0.41
D2v 439 41.7 40.9 68.3 71.7 54.8 634 393 393 387 252 44.6 58.1 49.6 39.1  47.9+0.09

ViT 542 49.7 51.1 55.6 51.9 48.1 473 481 433 403 287 48.1 41.5 39.1 38.7 45.7%0.15
EATA Swin 533 49.0 52.1 63.0 58.0 51.0 47.1 467 423 383 267 48.0 43.7 48.8 435 47.4+039
D2v 78.0 84.6 84.8 91.8 94.6 89.7 914 83.0 83.6 844 807 91.3 91.7 89.6 85.1 87.0£18.44
ViT 93.8 79.1 97.1 72.6 91.1 96.8 940 96.1 492 999 292 99.9 84.7 65.9 50.7  80.0+£0.03

LAME  Swin 86.1 76.7 87.8 84.9 97.9 85.1 822 998 993 960 299 87.7 99.8 95.4 60.9  84.6+0.06
D2V 45.9 43.8 453 722 88.2 60.2 874 902 952 997 269 96.0 95.5 62.8 440  70.2+0.07

ViT 532 50.3 514 50.6 482 423 428 397 377 328 250 41.0 354 338 344 41.2+0.03
ROID  Swin 52.6 49.5 50.0 55.8 50.1 44.2 439 376 347 31.7 238 393 36.8 40.0 384  41.9+0.03
D2v 40.8 394 394 55.8 557 468 542 358 349 301 235 355 48.7 41.9 350 41.2+0.01

ViT 513 472 48.3 49.3 45.5 40.1 388 386 376 31.7 249 394 333 32.1 333 39.4+0.03
CMF Swin 50.3 459 46.4 549 48.8 41.7 393 348 341 297 229 373 335 36.5 345 39.4+0.11
D2v 40.3 384 383 529 50.2 423 462 339 327 285 222 345 41.8 382 314 38.1+0.03
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Table 19: Average error rate (%) and their corresponding standard deviations on ImageNet-C in the
scenario of TC-LS (§ = 5.0) over TC-CS.

Adaptation Order (—)

Method  Model Avg.

gaussian  shot impulse defocus glass motion zoom snow frost fog bright contrast elastic pixelate jpeg

ViT 58.2 53.7 54.4 59.1 58.9 522 682 982 99.8 999 999 99.9 99.9 99.9 99.9  80.2+0.31
TENT  Swin 61.0 57.7 59.2 76.7 77.0 74.0 836 919 991 99.8 99.1 99.9 99.8 99.9 99.8  85.2%1.19
D2v 434 413 40.5 65.6 70.4 54.5 628 387 41.6 396 250 42.7 58.3 523 39.5  47.8+0.14

ViT 65.6 65.2 63.6 66.5 714 625 66.8 585 453 414 308 91.6 56.7 61.9 50.5  59.9+0.17
CoTTA  Swin 70.3 69.3 74.6 72.7 81.1 65.5 700 594 513 557 307 62.2 734 90.0 609 65.8+0.17
D2V 43.8 422 42.0 69.4 770 574 66.7 406 414 441 253 46.8 65.7 59.8 41.6  50.9+0.10

ViT 65.1 63.9 64.2 67.2 67.9 552 60.7 545 475 452 300 72.7 538 73.7 634 59.0£0.04
RoTTA  Swin 68.1 64.1 65.1 71.9 75.2 67.1 69.6 560 518 612 375 76.1 70.7 96.0 835 68.0+0.16
D2v 435 41.2 40.8 68.3 71.1 56.3 645 39.1 382 385 283 65.1 67.3 67.1 49.0  51.9%0.05

ViT 55.0 50.7 549 56.6 60.1 48.1 619 63.1 57.1 515 450 579 64.2 54.1 52.0 55.5+12.62
SAR Swin 56.6 559 56.9 80.7 73.7 65.3 69.0 709 60.6 542 258 44.7 73.6 553 452 59.2+0.68
D2v 44.0 41.7 409 68.4 71.7 54.8 635 392 39.1 386 252 443 58.1 50.1 39.3  47.9+0.08

ViT 54.2 49.7 511 55.6 515 47.9 472 478 433 400 287 47.5 41.8 39.3 388  45.6+0.17
EATA  Swin 535 49.5 52.0 63.7 58.2 515 469 458 425 38.6 266 48.0 44.4 49.3 435  47.6£0.25
D2V 589 59.3 59.7 77.4 84.8 70.8 77.1 554 598 58.1 463 75.3 76.7 71.2 58.1  65.9+18.92

ViT 93.4 79.6 97.2 73.6 91.1 96.5 939 966 493 999 293 99.9 85.1 66.2 51.2 80.2+0.09
LAME  Swin 86.3 71.3 88.0 855 97.8 85.0 822 996 995 964 30.1 88.1 99.8 95.6 61.8  84.9x0.04
D2v 45.7 44.0 45.7 73.3 88.7 60.4 87.7 899 951 99.8 27.0 96.0 95.9 63.5 448  70.5%0.12

ViT 532 50.2 51.5 50.5 48.1 423 429 397 378 327 250 412 353 339 345 41.320.03
ROID Swin 52.6 49.4 49.9 55.9 50.6 44.2 439 377 349 318 237 395 36.6 39.9 384  41.9£0.03
D2v 40.7 393 394 55.9 55.9 46.8 542 357 349 299 235 35.6 48.6 419 350 41.240.03

ViT 514 473 48.4 49.4 457 403 388 38.6 375 318 249 39.2 334 322 333 39.5+0.03
CMF Swin 50.5 46.0  46.7 54.7 488 415 392 349 343 299 230 372 335 36.3 343 39.4+0.08
D2V 40.3 384 38.3 529 500 425 46.1 338 325 284 221 343 41.7 38.1 313 38.0+0.05

Table 20: Average error rate (%) and their corresponding standard deviations on ImageNet-C in the
scenario of TC-LS (§ = 0.01) over CS. We choose ¢ = 0.00025.

Adaptation Order (—)

Method  Model Avg.

gaussian  shot impulse defocus glass motion zoom snow frost fog bright contrast elastic pixelate jpeg

ViT 86.3 854 858 83.3 85.5 80.1 833 81.1 793 780 70.1 82.7 81.5 79.5 75.8  81.242.69
TENT  Swin 90.3 89.5 90.5 90.4 90.7 84.7 859 849 849 828 726 85.6 90.6 92.8 822  86.6+2.62
D2v 43.1 42.0 42.1 61.4 67.2 52.1 62.1 395 400 368 244 42.8 60.1 52.9 40.5  47.1£0.09

ViT 60.7 60.9 59.6 72.5 73.7 64.2 68.1 58.6 475 463 325 95.3 57.6 61.5 548  60.9+0.24
CoTTA  Swin 65.9 65.6 70.6 71.5 81.4 69.7 729 59.1 523 470 324 64.8 75.8 87.7 658  65.9+0.09
D2v 42.6 41.6 41.8 66.3 73.4 553 65.6 398 403 339 249 443 64.7 55.1 412 48.7x0.05

ViT 86.1 85.6 86.0 75.3 75.0 66.3 715 58,6 552 647 334 92.8 62.1 88.4 80.5 72.1+0.14
RoTTA  Swin 81.3 80.3 833 84.6 83.1 78.9 81.7 639 659 736 49.6 84.6 82.6 96.4 874  78.5+0.22
D2V 44.7 43.8 44.0 77.7 78.6 64.7 721 398 419 385 278 68.9 68.5 67.6 44.8  54.9+0.07

ViT 64.2 62.4 62.9 59.0 64.0 527 60.8 549 495 473 304 589 533 48.7 42.8  54.1+0.40
SAR Swin 71.8 70.0 722 74.0 76.6 61.4 66.1 667 616 578 32.6 62.3 73.0 79.8 556  65.4+0.53
D2v 432 42.0 423 62.7 68.7 52.4 62.5 393 393 355 243 43.0 60.2 52.4 40.5  47.2x0.08

ViT 79.5 78.6 79.1 79.8 78.1 73.9 754 68.1 62.1 657 407 90.5 63.7 68.5 543 70.5x0.67
EATA Swin 84.6 83.1 85.4 86.7 85.8 76.7 76.0 72.1 714 698 432 86.1 743 89.2 715  77.1x0.93
D2v 83.2 829 829 90.9 93.8 88.3 902 814 815 817 785 88.8 90.7 88.5 834 85.8£18.90

ViT 36.3 36.1 36.2 36.3 36.4 36.2 364 361 359 362 356 36.7 36.0 36.1 35.8  36.1+0.09
LAME  Swin 375 373 37.5 375 37.8 374 377 372 371 373 366 375 375 379 373 37.4%0.12
D2V 36.1 359 359 36.5 36.6 36.4 36.6  36.1 363 363 359 36.5 36.4 36.3 36.1  36.30.11

ViT 27.0 26.2 26.1 26.1 32,0 234 292 234 194 186 108 26.6 255 21.5 17.7  23.6+0.05
ROID Swin 309 30.1 31.0 34.8 372 264 31,1 268 228 232 123 27.0 33.6 36.4 252  28.6+0.16
D2v 14.7 14.4 14.4 27.0 31.7 20.4 269 145 144 138 9.0 16.4 27.2 21.2 152 18.8+0.01

ViT 27.1 26.2 26.2 25.6 30.5 22.6 289 227 195 187 110 253 24.4 21.1 17.5  23.2+0.05
CMF Swin 29.2 283 29.0 35.7 355 253 300 247 222 228 124 25.0 31.4 31.2 244 27.1x0.08
D2v 144 14.0 14.1 243 26.0 18.2 253 134 134 132 86 15.7 22.7 183 144 17.1x0.09
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Table 21: Average error rate (%) and their corresponding standard deviations on D109 in the scenario
of CS.

Method Model clipart infograph painting real sketch Avg.

ResNet-50  56.0 80.8 50.2 254 644  55.6+0.08

TENT ViT 81.8 90.9 74.2 487 88.4  76.840.36
Swin 66.1 83.9 55.8 254 765  61.5+041

D2V 60.6 83.0 523 255 68.0 57.9+0.42

ResNet-50  56.4 78.3 50.8 254 654  55.3+0.04

CoTTA ViT 56.6 76.4 44.6 219 67.1 53.3+0.04
Swin 525 73.8 44.1 205 649  51.2+0.03

D2v 48.6 73.0 40.8 202 56.6  47.8+0.01

ResNet-50  57.2 78.1 48.5 241 659  54.8+0.04

RoTTA Vi"_l" 532 73.4 42.9 21.6 632  50.9+0.05
Swin 49.1 71.4 41.4 20.1 609  48.6+0.05

D2V 46.8 71.9 40.3 20.1 551  46.8+0.03

ResNet-50  54.4 71.3 49.2 249 623  53.6+0.07

SAR ViT 66.2 82.9 54.1 26.1 764  61.2+0.36
Swin 55.8 78.4 46.7 21.6  67.3  53.9+0.08

D2V 48.8 74.0 40.6 20.1 569  48.1+0.08

ResNet-50  53.0 78.0 494 243  60.8 53.1+0.09

EATA ViT 50.1 71.5 41.7 20.7 584  48.5+0.11
Swin 49.3 71.8 42.0 199 61.1 48.8+0.12

D2v 46.3 71.6 394 194 545  46.2+0.05

ResNet-50  51.0 75.8 46.7 2377 573  50.9+0.04

ROID ViT 48.6 69.7 40.6 205 552  46.9+0.02
Swin 48.2 69.9 40.6 19.6 577  47.2+0.07

D2V 44.6 70.0 38.0 193 532  45.0+0.01

ResNet-50  47.6 75.8 46.3 240 535 49.4+0.21

CMF ViT 44.0 67.8 39.6 20.6 502  44.5+0.08
Swin 43.9 67.8 39.3 19.7 533  44.8+0.04

D2V 41.7 67.4 36.4 18.7  49.8  42.8+0.05
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Table 22: Average error rate (%) and their corresponding standard deviations on D109 in the scenario
of TC-CS. We choose ¢ = 0.00025 for ResNet-50.

Method Model Adaptation Order (—) Ave.
clipart infograph painting real sketch
ResNet-50  53.0 78.1 48.0 2477 602 52.8+0.04
TENT ViT 57.3 86.1 80.9 93.1 99.2 83.3+0.13
Swin 52.6 80.1 59.9 4377 95.6  66.4+0.33
D2V 49.1 78.8 56.6 404  89.5 62.9+0.21
ResNet-50  54.7 79.7 49.5 246 625  54.2+0.07
CoTTA ViT 56.8 76.0 45.0 21.8  66.8  53.3x0.03
Swin 52.6 73.7 44.2 20.5 64.8 51.2+0.01
D2V 48.7 72.9 41.0 20.1  56.5  47.8+0.02
ResNet-50  55.1 78.3 48.5 240 59.3  53.0+0.03
ROTTA ViT 56.3 74.6 43.5 21.5 614  51.4+0.03
Swin 52.1 72.8 42.1 20.0 58.5 49.1x0.03
D2V 48.6 72.6 40.7 20.0 539 47.2+0.03
ResNet-50  53.3 77.9 47.5 245 587  52.6+0.01
SAR ViT 55.7 82.6 53.0 215 735  57.3+0.41
Swin 51.2 78.4 48.6 20.8 68.6  53.5+1.05
D2V 48.3 74.4 42.9 203 565  48.5+0.10
ResNet-50  51.1 76.6 47.1 240 57.6  51.3x0.25
EATA ViT 524 70.1 40.8 20.6 524  47.2+0.10
Swin 50.3 70.3 41.2 19.5 554  47.4+0.18
D2V 47.3 71.0 39.2 19.2 522  45.840.06
ResNet-50  45.6 74.3 44.8 23.1 527  48.1+0.07
ROID ViT 46.2 68.2 39.9 20.5 502  45.0+0.04
Swin 46.1 67.7 39.8 19.7 522  45.1x0.10
D2V 44.0 69.0 37.7 19.3  51.2  44.2+0.06
ResNet-50  45.2 74.3 44.9 229 519  47.8+0.06
CMF ViT 43.9 66.4 39.4 200 474  43.4+0.07
Swin 44.2 66.6 39.0 19.2  48.8  43.6x0.12
D2V 43.0 66.5 36.3 185 473  42.3+0.11
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Table 23: Average error rate (%) and their corresponding standard deviations on D109 in the scenario
of TC-LS (6 = 0.0) over TC-CS. We choose ¢ = 0.00025.

Method Model Adaptation Order (—) Ave.
clipart infograph painting real sketc
ViT 58.2 86.1 82.2 942 99.2 84.0+0.01
TENT  Swin 52.9 79.9 60.5 51.0 98.4 68.5+0.17
D2V 49.2 78.3 56.3 40.7 883 62.6+0.01
ViT 56.8 76.1 45.0 22.1 66.8 53.3+x0.04
CoTTA  Swin 52.6 73.7 44.2 206 649 51.2+0.01
D2V 48.7 72.9 41.0 20.1 56.6 47.8+0.01
ViT 56.7 75.5 44.9 2277 68.3 53.6+0.08
RoTTA  Swin 52.5 73.3 43.2 203 637 50.6+0.03
D2V 48.7 72.8 41.1 20.5 56.6 48.0+0.02
ViT 64.5 80.9 51.8 21.8 73,5 58.5+0.40
SAR Swin 60.3 77.7 50.0 20.7 683 55.4+0.17
D2V 48.7 75.4 46.8 20.1 56.6 49.5+0.04
ViT 53.5 71.1 52.8 346 80.8 58.6x1.45
EATA  Swin 51.2 71.3 45.7 29.8 732  54.2+0.99
D2V 47.3 70.5 40.3 20.0 52.6 46.1+0.37
ViT 29.5 75.6 18.7 9.7 426 35.2+0.55
LAME  Swin 24.7 62.9 18.6 83 362 30.1+0.16
D2V 26.0 68.8 19.2 80 267 29.7+0.15
ViT 28.9 55.8 249 11.1 363 31.4+0.07
ROID Swin 26.6 54.0 242 10.6 36.2 30.3x0.25
D2V 254 56.0 21.2 10.5 333 29.3x0.03
ViT 28.5 54.8 25.5 11.0 354 31.0+0.10
CMF Swin 26.6 52.8 23.8 10.5 345 29.6+0.21

D2V 24.9 52.8 20.4 10.2 309 27.840.12
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Table 24: Average error rate (%) and their corresponding standard deviations on D109 in the scenario
of TC-LS (6 = 0.01) over TC-CS. We choose ¢ = 0.00025.

Method Model Adaptation Order (—) Avg.
clipart infograph painting real sketc

ViT 57.5 86.1 80.8 93,5 99.2 83.4+0.30
TENT  Swin 52.7 79.9 59.5 48.6 96.8 67.5+1.86
D2V 49.1 78.7 56.5 409 893 62.9+0.35
ViT 56.8 76.1 45.0 220 669 53.4+0.01
CoTTA  Swin 52.6 73.7 44.2 206 649 51.2+0.02
D2V 48.7 72.9 41.0 20.1 56.5 47.9+0.00
ViT 56.7 75.4 44.6 225 673 53.3+0.08
RoTTA  Swin 52.5 73.3 43.1 203  62.8 50.4+0.03
D2V 48.7 72.8 41.1 204 56.2 47.8+0.00
ViT 62.8 82.2 51.1 21.8 74.8 58.6+0.80
SAR Swin 52.5 78.9 46.8 20.7 69.5 53.7+0.53
D2V 48.3 75.2 45.1 204 564 49.1+0.14
ViT 53.3 70.3 42.1 26.7 613 50.7+1.20
EATA  Swin 50.5 70.6 43.4 22.1 61.6 49.6x0.41
D2V 47.3 70.9 41.5 227 529 47.1x1.08
ViT 43.2 82.9 294 147 540 44.8+0.69
LAME  Swin 38.8 73.4 29.2 114 46.8 39.9+0.77
D2V 39.8 79.2 29.6 125 38.1 39.9+0.56
ViT 31.0 56.9 25.5 11.5 358 32.2+0.10
ROID Swin 28.6 55.0 24.5 112 364 31.1+0.11
D2V 27.9 57.6 22.3 10.9 347 30.7+0.09
ViT 30.7 56.1 25.5 11.4 352 31.8+0.10
CMF Swin 28.3 53.6 23.8 11.0 350 30.3+0.24
D2V 27.0 53.7 21.2 104 305 28.6x0.11
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Table 25: Average error rate (%) and their corresponding standard deviations on D109 in the scenario
of TC-LS (6 = 0.1) over TC-CS.

Method Model Adaptation Order (—) Ave.
clipart infograph painting real sketc
ViT 57.3 86.3 81.0 939 99.2 83.5+0.08
TENT Swin 52.7 80.0 59.4 446 953 66.4+0.38
D2V 49.1 78.9 56.5 40.5 89.3 62.9+0.29
ViT 56.8 76.0 45.0 21.8 66.8 53.3+0.04
CoTTA  Swin 52.6 73.7 44.2 205 64.8 51.2+0.03
D2V 48.7 72.9 41.0 20.1 56.5 47.940.00
ViT 56.5 75.1 44.1 22.1  65.1 52.6+0.06
RoTTA  Swin 52.3 73.0 42.6 20.2 61.1 49.840.05
D2V 48.7 72.7 40.9 20.2 553 47.6+x0.01
ViT 59.0 83.2 50.5 21.6 744 57.7+0.56
SAR Swin 51.6 78.8 47.8 20.8 68.0 53.4+0.70
D2V 48.4 74.6 43.5 20.3 564 48.6+0.04
ViT 52.2 69.9 41.2 21.0 527 47.4+0.16
EATA Swin 50.2 70.0 41.2 19.8 559 47.4+0.21
D2V 473 70.7 39.2 194 519 45.7+0.08
ViT 74.0 95.3 57.6 372 80.5 68.9+0.24
LAME Swin 70.3 92.2 57.7 279 749 64.6+x0.25
D2V 69.8 94.5 57.6 32.8 68.2 64.6x0.25
ViT 37.9 63.2 30.9 13.6 41.3 37.3%0.12
ROID Swin 36.8 62.1 30.2 13.2 423 36.9+0.11
D2V 35.5 63.7 28.0 12.8 41.7 36.3+0.06
ViT 36.6 61.2 30.5 13.7 384 36.1+0.11
CMF Swin 35.7 59.8 28.8 12.5 384 35.0+0.05
D2V 34.4 60.3 26.6 12.1  36.8 34.1+0.13
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Table 26: Average error rate (%) and their corresponding standard deviations on D109 in the scenario
of TC-LS (6 = 1.0) over TC-CS.

Method Model Adaptation Order (—) Avg.
clipart infograph painting real sketc
ViT 57.2 86.1 81.1 93.6 99.2 83.4+0.07
TENT  Swin 52.6 79.9 59.3 432 954 66.1+0.23
D2V 49.1 78.8 56.5 40.0 89.3 62.7+0.17
ViT 56.8 76.0 45.0 21.8  66.7 53.3%x0.01
CoTTA  Swin 52.6 73.7 44.2 205 649 51.2+0.02
D2V 48.7 72.9 41.0 20.1 56.5 47.8+0.01
ViT 56.4 74.8 43.7 21.7 629 51.9+0.06
RoTTA  Swin 52.1 72.8 42.1 20.0 593 49.3+0.04
D2V 48.6 72.7 40.7 20.0 544 47.3+0.02
ViT 544 82.6 53.7 21,5 74.6 57.4+0.12
SAR Swin 51.6 78.6 52.0 207  69.6  54.5+0.68
D2V 48.3 74.4 43.1 203 564  48.5+0.09
ViT 52.5 70.1 40.6 20.5 523 47.2+0.04
EATA  Swin 50.4 70.1 41.0 19.5 558 47.4+0.10
D2V 47.3 71.1 39.1 19.2  52.0 45.7£0.04
ViT 96.6 99.6 85.1 71.1  97.8  90.0+0.09
LAME  Swin 94.1 99.5 85.0 59.1 96.8 86.9+0.24
D2V 94.8 99.6 84.7 68.5 94.1 88.3x0.13
ViT 44.1 67.5 37.6 17.0 482 42.9+0.03
ROID Swin 44.1 67.0 37.3 16.5 503 43.0+0.06
D2V 42.4 68.2 35.0 15.8 493 42.2+0.04
ViT 42.4 65.7 36.9 163 454 41.3x0.06
CMF Swin 42.8 65.4 359 15.5 46.7 41.3+0.04

D2V 41.3 65.5 33.5 15.0 45.1 40.1+0.10
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Table 27: Average error rate (%) and their corresponding standard deviations on D109 in the scenario
of TC-LS (6 = 5.0) over TC-CS.

Method Model Adaptation Order (—) Ave.
clipart infograph painting real sketc
ViT 57.3 86.0 80.5 92.8 99.2 83.1+0.26
TENT  Swin 52.6 79.9 59.3 43.0 953 66.0+0.07
D2V 49.1 78.8 56.5 40.1 89.6 62.8+0.06
ViT 56.8 76.0 44.9 21.8  66.8 53.3+0.02
CoTTA  Swin 52.6 73.7 44.2 205 64.8 51.2+0.01
D2V 48.7 72.8 41.0 20.1 56.5 47.8+0.01
ViT 56.3 74.7 43.6 21.7 625 51.7+0.05
RoTTA  Swin 52.1 72.7 42.0 20.0 59.1 49.2+0.03
D2V 48.6 72.6 40.7 20.0 542 47.24¢0.01
ViT 55.2 82.8 53.7 215 73.6 57.3x0.22
SAR Swin 51.8 78.5 49.2 20.7  69.7  54.0+0.72
D2V 48.3 74.3 43.0 203 564  48.4+0.12
ViT 52.3 70.0 40.7 20.5 524 47.2+0.08
EATA  Swin 50.6 70.4 41.1 195 55.1 47.3%0.05
D2V 47.3 71.0 39.0 192 519 45.7+0.06
ViT 98.8 99.6 92.1 769 99.1 93.3x0.17
LAME  Swin 98.0 99.6 91.9 643 993 90.6x0.23
D2V 98.4 99.6 91.7 757 983 92.8+0.16
ViT 45.3 67.8 38.9 183 492 43.9+0.09
ROID Swin 45.0 67.8 38.9 17.6 513 44.1+0.06
D2V 43.5 68.7 36.4 17.0 503 43.2+0.04
ViT 43.6 66.1 38.5 17.6 465 42.5+0.08
CMF Swin 43.8 66.3 37.9 16.7 477 42.5+0.07

D2V 42.4 66.0 34.9 16.1 46.0 41.1+0.06
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Table 28: Average error rate (%) and their corresponding standard deviations on D109 in the scenario
of TC-LS (§ = 0.1) over CS. We choose ¢ = 0.00025.

Method Model Adaptation Order (—) Avg.
clipart infograph painting real sketc
ViT 82.1 91.1 73.5 474 88.6 76.5+0.52
TENT  Swin 66.5 84.0 55.6 25.1 76,5 61.5+0.31
D2V 60.4 83.0 51.8 252 677 57.6+0.46
ViT 56.8 76.4 44.7 219  67.3 53.4+0.02
CoTTA  Swin 524 73.9 441 205 65.0 51.2+0.03
D2V 48.6 72.9 40.8 20.2 565 47.8+0.03
ViT 56.8 75.2 44.9 225 675 53.4+0.05
RoTTA  Swin 51.5 72.8 42.9 204 64.1 50.4+0.07
D2V 48.5 72.8 41.1 205 56.6 47.9+0.05
ViT 66.1 82.5 54.0 26.0 764 61.0+0.51
SAR Swin 55.6 77.7 46.4 21.5 67.1 53.6+0.24
D2V 49.6 74.7 41.1 202 575 48.6x0.35
ViT 55.3 73.6 45.9 249 64.6 52.9+2.98
EATA  Swin 51.0 71.9 44.3 21.1  63.2 50.3+x0.25
D2V 45.5 70.7 394 19.7  54.1 45.9+0.13
ViT 28.7 27.9 322 30.5 30.2 29.9+0.18
LAME  Swin 27.4 26.6 31.0 29.0 28.8 28.6+0.23
D2V 27.7 27.2 31.6 29.6  29.1 29.1+0.19
ViT 27.1 47.4 24.8 13.1 333 29.1+£0.09
ROID Swin 24.7 47.0 24.0 127 324  28.2+0.05
D2V 22.3 46.0 21.9 123 29.1 26.3x0.07
ViT 26.7 47.1 24.4 13.0 323 28.7+0.19
CMF Swin 23.8 46.4 234 12.6  30.7 27.3+0.05

D2V 20.1 45.1 20.9 12.0 264 24.9+0.10
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