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Abstract

Test-time adaptation (TTA) addresses the ma-
chine learning challenge of adapting models to
unlabeled test data from shifting distributions in
dynamic environments. A key issue in this on-
line setting arises from using unsupervised learn-
ing techniques, which introduce explicit gradi-
ent noise that degrades model weights. To invest
in weight degradation, we propose a Bayesian
weight enhancement framework, which gener-
alizes existing weight-based TTA methods that
effectively mitigate the issue. Our framework
enables robust adaptation to distribution shifts
by accounting for diverse weights by modeling
weight distributions. Building on our framework,
we identify a key limitation in existing methods:
their neglect of time-varying covariance reflects
the influence of the gradient noise. To address this
gap, we propose a novel steady-state adaptation
(SSA) algorithm that balances covariance dynam-
ics during adaptation. SSA is derived through the
solution of a stochastic differential equation for
the TTA process and online inference. The re-
sulting algorithm incorporates a covariance-aware
learning rate adjustment mechanism. Through
extensive experiments, we demonstrate that SSA
consistently improves state-of-the-art methods in
various TTA scenarios, datasets, and model archi-
tectures, establishing its effectiveness in instabil-
ity and adaptability.

1. Introduction

Machine learning algorithms have achieved remarkable suc-
cess due to the ability of deep neural networks (DNNs) to
model large-scale data (Krizhevsky et al., 2012; Simonyan
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& Zisserman, 2014; He et al., 2016; Hinton et al., 2012).
This success rests on the critical assumption that the test
data adhere to the same distribution as the train data used to
pre-train the source model (Goodfellow et al., 2016; Mur-
phy, 2023). However, in real-world applications, models
often encounter dynamic environments in which the data
distribution changes over time, making this assumption dif-
ficult to hold (Hendrycks & Dietterich, 2019b; Koh et al.,
2021). For example, autonomous driving systems face ex-
ternal factors such as weather variability and internal is-
sues such as sensor degradation, resulting in substantial
performance degradation. Even models with robust training
pipelines often exhibit high sensitivity to distribution shifts,
with minor deviations causing a significant drop in accuracy
(Quinonero-Candela et al., 2008; Sun et al., 2017). Conse-
quently, robust online adaptation mechanisms are essential,
ensuring reliable performance in dynamic settings.

Test-time adaptation (TTA) is an online adaptation tech-
nique that updates a model using unlabeled test samples
drawn from a new data distribution through unsupervised
learning. TTA methods often rely on the model’s own pre-
dictions to drive adaptation, employing entropy minimiza-
tion loss (Wang et al., 2020). However, in dynamic envi-
ronments with complex, time-varying distribution shifts,
these unsupervised approaches face significant challenges.
One critical issue is weight degradation, where reliance on
explicit gradient noise—caused by inaccurate model pre-
dictions—corrupts the weights over time (Boudiaf et al.,
2022; Chen et al., 2022; Gong et al., 2022; Niu et al., 2023).
Recent research has introduced weight-based TTA methods
that mitigate this issue by enhancing model weights during
adaptation (Wang et al., 2022; Niu et al., 2022; 2023; Mars-
den et al., 2023; Lee & Chang, 2024), typically by averaging
current model weights with the pre-trained source weights.

In this study, we propose a Bayesian weight enhancement
framework that unifies and generalizes existing weight-
based TTA methods by explicitly modeling the enhanced
weight distribution. Our framework, rooted in Bayesian
deep learning (Murphy, 2023), offers a principled approach
to improving robustness to distribution shifts. Under this
framework, existing weight-based methods can be viewed
as special cases that assume time-invariant covariance in
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Figure 1. (Top) Test-time adaptation process. The blue circles
indicate that the weight, Wy, evolves over time. The black ar-
rows denote gradients, gi, emitted at arbitrary discrete time steps
tr € {to,t1,...,tx}. (Bottom) Bayesian weight enhancement
with steady-state adaptation. Bayesian weight enhancement aligns
weights to the source model wq for enhanced weight wy,. Steady-
state adaptation balances the variance oz and adjusts the step size
Aty by calculating vy, from the variance.

the weight distribution. However, the TTA methods in dy-
namic environments introduce the explicit noise arising from
changes in the data distribution, and covariance reflects the
evolution of the noise over time. This covariance repre-
sents the stability and adaptability of the learning process:
excessive covariance destabilizes learning by overshoot-
ing optimal solutions, while insufficient covariance reduces
adaptability, trapping the model in suboptimal states (Jas-
trzebski et al., 2017; Zhu et al., 2018; Wu et al., 2020). These
challenges make balancing covariance a critical aspect of
improving TTA performance.

To address these challenges, we draw on stochastic dif-
ferential equation (SDE) approximations (Li et al., 2019;
2021), which provide a theoretical foundation for modeling

the dynamics of weight distributions in stochastic gradi-
ent descent (SGD). Using this foundation, we propose the
steady-state adaptation (SSA) algorithm, which dynami-
cally regulates covariance during TTA to ensure stability
and adaptability. SSA is derived in three steps: (1) model-
ing the transition weight distribution via the SDE approx-
imation of SGD, (2) performing online inference for the
posterior weight distribution using this transition model,
and (3) adjusting weight updates to maintain steady-state
covariance. Our algorithm introduces a covariance-aware
learning rate adjustment mechanism that increases learn-
ing rates under low noise for enhanced adaptability and
decreases them under high noise for improved stability. We
validate SSA in various TTA scenarios, demonstrating its
consistent improvements over state-of-the-art methods. In
addition, SSA addresses common challenges such as per-
formance degradation in increasing learning rates (Zhao
et al., 2023), providing a robust and principled solution in
dynamic environments.

2. Background

In this section, we summarize previous studies as the basis
for our proposed framework and algorithm. Related works
are provided in Appendix 6.

Weight-Based Test-time Adaptation TTA is an online
learning paradigm designed to adapt a pre-trained source
model to unlabeled test samples drawn from a shifted dis-
tribution. However, traditional TTA methods are prone to
weight degradation in dynamic environments with evolving
diverse distribution shifts (Boudiaf et al., 2022; Gong et al.,
2022; Niu et al., 2022; Lee et al., 2024). This degradation
occurs because explicit gradient noise from unsupervised
learning accumulates damage to the model weights over
time. Weight-based TTA methods provide a complementary
approach by directly addressing weight degradation. Instead
of relying solely on noisy gradient updates, these methods
continually integrate the pre-trained source weights into the
current model during adaptation. At each time step &, the
current weights wy, are adjusted by averaging them with the
pre-trained source weights w as follows:

w = awy + (1 — a)wy, D

where 0 < a < 11is a weighting factor that determines the
balance between the current and source weights. Several
state-of-the-art weight-based TTA methods adopt this prin-
ciple: SAR (Niu et al., 2023) resets the model weights to the
source weights (i.e., a = 0) when the exponential moving
average of the total loss falls below a predefined threshold.
ROID (Marsden et al., 2023) employs a moving average
approach with a small a, anchoring the weights close to the
source weights. CMF (Lee & Chang, 2024) introduces a
“hidden source weight” by averaging the source and model
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weights over time with an additional parameter similar to a.
This hidden weight is then further averaged with the current
model weights to produce w. These methods improve TTA
performance in dynamic environments by mitigating weight
degradation during adaptation.

Approximating SGD with SDEs SGD is a cornerstone of
deep learning optimization, and its behavior can be effec-
tively analyzed by approximating its discrete updates using
SDEs (Li et al., 2019; 2021; Malladi et al., 2022). SDE
approximations offer a theoretical framework for how the
gradient noise of covariance influences optimization dynam-
ics, convergence, and generalization. The introduction of
SDE approximations provided key insights into the average
behavior of SGD, linking covariance to convergence prop-
erties (Li et al., 2019). Subsequent work validated these
approximations for discrete SGD updates, showing how
learning rate adjustments influence covariance and, in turn,
the optimization trajectory (Malladi et al., 2022). Specifi-
cally, increasing learning rates amplify the noise, promoting
exploration of flatter minima, while lower learning rates
suppress the noise, stabilizing optimization but risking con-
vergence to sharp minima. These studies are particularly
relevant for TTA, where shifting data distributions cause
excessive changes in covariance, significantly affecting the
performance of the model. SDE approximations thus serve
as a powerful tool for understanding and addressing these
covariance dynamics, providing a foundation for robust op-
timization in the presence of distribution shifts.

3. Methodology

In this section, we start by introducing the notation and
problem formulation, followed by the Bayesian weight en-
hancement framework and the proposed SSA algorithm.
The framework with our algorithm is presented in Algo-
rithm 1.

3.1. Problem Formulation

We consider a DNN model f : X — ), parameterized
by an arbitrary weight @ € R?, which maps input data
x € X to a predicted label probability p(y|z,w) where
y € Y and d is the dimensionality of the weight space.
Given a well-trained source model f(.; @) pre-trained on
labeled source data {(@,,yn) ~ Do : n = 1: Np}, the
objective of TTA is to adapt the model to unlabeled test data
xi ~ Dy, where Dy represents a dynamically evolving
new distribution. This adaptation is required at each discrete
time step k € {1,2,3,..., K}, under Dy, # Dy.

In the TTA process, the unsupervised objective is the ex-
pected risk G(-) at each time step k, defined as:

G(Wk) = Eay oDy [L(f (@rg1; @), 2)

Algorithm 1 Bayesian Weight Enhancement Framework
with Steady-State Adaptation
Require: Learning rate 7, Source model f(.; W), A =
al, O’i
Initialization my = wo, Py =0, go =0
for k =1to K do
gk < Vo, G(my,)

Steady-state adaptation:
Gk < (g + Jr—1)
o étr((gk — k) (9r — §k)T)

ay + +J/o3/(n?o?) > Eq. (19)
leuc — My — aENgi > Eq. (20)
Pl & Pt ain’Sy >Eq. (21)
gr < (argr + gr—1)

Bayesian weight enhancement:

Moy & My + Ao —my ) >Eq. (17)
P+ (I- A)P,‘:H‘k > Eq. (18)

end for

where £(.) is typically an entropy-based loss function:

((f(Tpg1; W) = — Zp(ylwarhwk)1ng(y|wk:+17wk)-

yey
3
The predictive distribution p(y|xy,wy) represents the
model output for input xj, where the weights are iteratively
optimized via SGD:

Wi1 = argmin G(Wwyg). 4)
Wy

This sequential weight update process produces a time series
of weights {1, Wa, . . ., Wy }. However, due to the absence
of ground-truth labels in the TTA settings, the reliance on
unsupervised learning introduces explicit noise into the gra-
dient estimates. This explicit gradient noise accumulates
over time, leading to weight degradation, which ultimately
compromises model performance, especially in dynamic
environments characterized by significant and evolving dis-
tribution shifts.

The primary goal of this paper is to mitigate the effects of
the explicit noise caused by the unsupervised nature of the
TTA process. To achieve this, we aim to derive an enhanced
weight sequence {1, Uo, ..., U} where @y, represents a
refined weight estimate at the time step k. This enhanced
weight sequence is designed to restore and improve model
performance under dynamic distribution shifts, offering a
robust solution to the challenges of weight degradation.
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3.2. Bayesian Weight Enhancement with Time-Invariant
Covariance

Bayesian deep learning provides a principled approach to
represent model weights as probability distributions rather
than deterministic values (Polson & Sokolov, 2017; Wilson,
2020; Wilson & Izmailov, 2020; Khan, 2019). This rep-
resentation enables the consideration of multiple plausible
weight configurations simultaneously, which enhances the
robustness of distribution shifts and the explicit gradient
noise (Wortsman et al., 2022; Rame et al., 2022). These
properties make Bayesian approach particularly well suited
for the TTA methods, where models adapt to evolving data
distributions in dynamic environments while maintaining
stability against noise.

Using Bayesian model averaging, the posterior predictive
distribution is expressed as:

pylxk, Wi, wit1) = /p(ylwlw w)p(u|wg, wii1)du,
)
where p(u|wy, wit1) < p(wpi1lu)p(ulwy). To com-
pute the posterior weight distribution p(u|wy, wg41), we
approximate both likelihood and prior terms using linear
Gaussian models:

p(wk+1 |U) = N(wk+1 |ﬁ707 R)7p(u|wk) = N(u|ﬁ)k7 Q)7

(6)
where R = 071, Q = ol and I € R%*4 s the identity
matrix. The formulation results in the posterior distribution
that is also Gaussian:

p(u|wi, wii1) = N (ug|m P). ©)
The posterior mean and covariance are given by:
m = (I— A)wy, + Ay, P = AR, ®)

and A = Q(Q + R)~!. Recent weight-based TTA meth-
ods, such as ROID and CMF, have achieved performance
improvements by setting A close to 0. This setting corre-
sponds to the case where O'g < of. Furthermore, for a
well-trained source model with JZ — 0, the covariance P
becomes 0. In the limit where P — 0, the posterior distri-
bution p(u|wy, wy) reduces to a Dirac delta §(uy, — m).
Under these conditions, the posterior predictive distribution
in Eq. (5) is simplified to p(y|xx, m), where m represents
the updated weight that combines information from both the
current and the source weights.

From the perspective of our framework, existing weight-
based TTA methods can be interpreted as specific cases of
the posterior weight distribution under the assumption of
time-invariant covariance. However, dynamic environments
frequently induce variability in model performance due to
data distribution shifts, which result in changes in gradient

noise over time. This evolving noise profile directly affects
the covariance of the weight distribution (Jastrzebski et al.,
2017; Zhu et al., 2018; Wu et al., 2020), capturing the trade-
off between adaptability and stability during training.

3.3. Steady-State Adaptation

In this section, we introduce the SSA algorithm, which
integrates the dynamics of SGD using an SDE approxima-
tion, applies Bayesian filtering to compute the posterior
weight distribution, and ensures steady-state covariance.
The detailed derivations are provided in Appendix A.

Transition Weight Distribution with Time-varying
Covariance In many TTA methods, the SGD optimizer
serves as the backbone to update model weights. We
adopt the SDE approximation to capture the temporal
dynamics of the weight and their covariance during the
TTA process (Li et al., 2019). This approximation provides
a continuous-time stochastic representation of SGD. For a
small learning rate 7, the weight dynamics during TTA can
be expressed as:

duy = —gydt + /75y W, )

where dW, is standard Brownian motion, g; represents the
gradient of the loss function VG(,), and 3y = 071 de-
scribes the covariance matrix derived from the gradient

(Malladi et al., 2022). The time-varying variance o? is com-

t _ _
puted as 07 = étr(% Yorei (9r — 7)) (g7 — 97)T>, where
g = 1/t Zj—:l g- is the mean gradient, tr(-) is the trace
operator. Covariance reflects the variability of the gradient
and serves as an indicator of optimization stability.

The temporal evolution of the weight distribution p(u;) is
governed by the Fokker-Planck-Kolmogorov (FPK) equa-
tion:

d d

Op(ur) o~ Opluy), 1 9%p(uy)
ot _; ow? [gt]”JrQZZawgawin

i=1 j=1 t

[Zt} ij’

(10)
where []; and [-];; represent the i-th element of a vec-
tor [-], and (7, j)-th element of a matrix [-], respectively.
Since g; and ; are generally intractable, we solve the FPK
equation by assuming a Gaussian approximation p(u;) ~
N (u;|my, P;) and applying a Taylor expansion to linearize
the dynamics. As the results, the mean and covariance
evolve as follows:

dm dp

a I a

and Gy is the Jacobian matrix of g; w.r.t. u;. In this situation,
the transition distribution p(u;|us) is derived by solving this

equation for the interval 0 < s < ¢ and the initial conditions
ms = wy, and P, = 0 (Sédrkkd & Solin, 2019). For a small

=PG + GP + 1%y, Y
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interval s = kn and t = (k + 1)n, we can approximate the
gradients and covariance as a constant within each step k,
leading to G; = 0. In this situation, the transition weight
distribution is derived as:

p(wpy1|ur) = N (g1 | Mo Pogape),  (12)
where M1, = Wi — grAL, Prgqi = O'I%At2l with g, =

VG(wg), 0f = %tr((gk — 1) (gr — gk)T), and the step
size is At = n.

This transition distribution aligns the evolution of the mean
with the discrete TTA process, while the covariance reflects
the influence of gradient noise. The covariance serves as a
measure of noise shape in the weight updates, highlighting
the interplay between noise and optimization dynamics
during TTA.

Online Posterior Weight Distribution Inference

To perform an online inference of the posterior weight dis-
tribution in our Bayesian weight enhancement framework,
we adopt a Bayesian filtering approach (Sarkkd & Svensson,
2023). The approach provides a recursive mechanism
for computing the posterior distribution at each discrete
time step by incorporating the prior distribution and the
likelihood of new observations. This mechanism enables
efficient computation of the posterior distributions in online
learning.

Given the posterior weight distribution at the previous
time step, p(ug|wo.x), the one-step-ahead posterior dis-
tribution p(wg1|wo.k) is computed using the Chapman-
Kolmogorov equation (Murphy, 2023):

P(Upt1|wo:k) :/p(uk+1|uk)p(uk|w0:k)duk (13)

_ + +
= N(wrgamy o Prp),
where p(ui11|u) is the transition distribution given in Eq.

(12). Starting from the initial condition my = wg and
Py = 0, the mean and covariance are updated as:

mjﬂ‘k =my, — g At, (14)
Pl = P+ DAL (15)

Using our Bayesian framework, the likelihood
p(Wgy1|urs1) is modeled as p(wii1|u) in Eq. (6),
the posterior weight distribution is derived as:

1
P(Wt1|Woik41) = Zp<wk+1|uk+1)p(uk+1|w0:k)

= N(upq1lmp i1, Prya),
(16)
where Zj, = [ p(wyi1|wpt1)p(wpt1|wo.r)dugs1. The
mean and covariance of this distribution are updated as:

M1 =My + Ar(o —myl ), (U7

| S (IfAk)PLllk, (18)

where Ay, is the Kalman gain (Sérkkd & Svensson, 2023)
defined as A, = P, (P, + R)". The term A;
adjusts the influence of the source weight w( based on the
relative magnitude of the covariance P; 1k and R. This
adjustment ensures that the posterior mean incorporates both
the current weight and the source weight, similar to the exist

weight-based TTA.

In the TTA process, the gradients g; are estimated
from unlabeled test samples, leading to explicitly noisy
covariance estimates ;. This explicit noise introduces
fluctuations in the one-step-ahead covariance PZ‘ 1k and,
consequently, Ax. Such fluctuations destabilize the weight
update process (Kloeden et al., 1992), impairing the ability
to adapt effectively to new data samples, particularly under
significant distribution shifts. These challenges underscore
the need for a robust mechanism to regulate covariance
dynamics.

Balancing Covariance TTA methods are sensitive
to learning rate adjustments. High learning rates exacerbate
covariance, leading to abrupt performance drops due to
instability (Zhao et al., 2023). In contrast, excessively low
learning rates can trap the model in local optima, resulting
in significant performance degradation (Niu et al., 2023;
Lee et al., 2024). To address these competing challenges,
we propose a dynamic algorithm that calculates a step size
Aty to balance covariance based on the posterior weight
distribution.

To achieve this balance, we introduce a scalar o, > 0 to
parameterize the step size as ayn. The dynamic step size
is computed to satisfy the condition Py ~ Py, ensuring
that the covariance remains near its steady-state. Given that
all covariance matrices in Eqgs. (15) and (18) are scalar
multiples of the identity matrix, i.e., Px = p,L, Xy = 071
and R = o2, the steady-state condition is simplified to:

2
)
ay = ; (19)
\/ 207

where o) = \/po./(02 — P, ), and p_ represents p;, in
the steady-state regime. Substituting ayn into At in Egs.
(14) and (15), the enhanced mean and covariance of the
one-step-ahead posterior distribution are derived as follows:

ML = Mk — QNG (20)

P;:H‘k =Py + ain’Sy. 21

These updates are then applied to Egs. (17) and (18) to calcu-
late the posterior weight distribution. Under the steady-state
condition, A in Eq. (17) stabilizes and becomes A = al
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Table 1. Average error rates (%) and standard deviations in covariate shift (v = co) on ImageNet-C. Red fonts indicate performance

degradation with respect to Source.

Adaptation Order (—)

Method NOISE BLUR WEATHER DiGiTAL Avg.
gaussian  shot impulse defocus glass motion zoom snow frost fog bright contrast elastic pixelate jpeg
Source 43.9 433 43.4 69.7 78.3 59.6 69.1 401 443 363 265 50.6 67.6 60.6 434 51.8
TENT 438 429 43.1 70.1 77.9 594 69.3 422 487 459 289 50.4 68.0 63.3 453  53.3+0.22
LAME 454 43.7 44.5 72.1 90.7 60.6 89.3 91.5 965 99.7 26.7 95.9 96.1 63.3 447 70.7+0.14
RoTTA 439 433 433 69.7 77.8 59.4 68.7 398 425 359 262 49.8 66.6 60.2 434 51.4+0.02
SAR 44.2 43.8 437 69.7 71.5 57.1 66.8 412 414 420 264 51.6 64.3 572 421 51.3%0.35
EATA 443 438 435 69.0 74.3 56.8 642 398 442 463 254 453 61.2 54.1 40.7  50.2+0.06
DeYO 43.6 41.9 40.8 66.3 70.7 54.7 634 383 383 368 245 432 55.5 493 39.5 47.1x0.16
ROID 42.8 40.4 39.8 63.0 632 497 56.7 368 362 315 2438 39.7 57.1 473 36.6 44.4+0.13
+SSA 43.0 40.8 39.8 62.8 642 495 555 368 357 311 244 39.8 54.8 45.6 353 43.9+0.11
CMF 429 40.3 39.8 64.0 634 495 55.1 367 349 324 234 384 52.0 449 35.6  43.5+0.04
+SSA 42.7 39.9 394 63.1 60.5 477 519 37.1 339 311 228 379 49.8 43.0 331 42.2+0.16

where a > 0 is a constant scalar. Consequently, the pro-
posed algorithm seamlessly integrates with existing weight-
based methods by inheriting the time-invariant covariance
behavior described in Eq. (8).

By adopting a tiny initial step size 7, the covariance
Py, in Eq. (18) remains sufficiently small, ensuring
that the posterior weight distribution is well-suited for the
Bayesian weight enhancement framework. Within this
framework, the posterior predictive distribution is simplified
to p(y|®k+1, Mit1), enabling efficient inference without
requiring sampling.

4. Experiments
4.1. Experimental Setup

Datasets and Metrics We evaluated our method using
two widely recognized datasets, ImageNet-C (Hendrycks
& Dietterich, 2019a) and D109 (Marsden et al., 2023),
for distribution shifts in dynamic environments (Niu
et al., 2023; Marsden et al., 2023). ImageNet (Deng
et al., 2009) consists of 1,281,167 training samples and
50,000 testing samples. ImageNet-C extends ImageNet
by applying 15 types of corruption at five severity levels.
These corruptions are categorized into four groups: NOISE,
BLUR, WEATHER, and DIGITAL. Consistent with prior
studies (Niu et al., 2022; 2023; Marsden et al., 2023),
we focused on the highest corruption level (level 5) to
evaluate robustness against severe image degradation. The
D109 dataset features five domains representing natural
distribution shifts derived from DomainNet (Peng et al.,
2019). It includes 109 classes that overlap with ImageNet,
enabling cross-domain evaluations. The evaluation metrics
were the mean and standard deviation of error rates
computed across five random seeds to ensure robust
performance measurement.

Scenarios For evolving distribution shifts over time, we
leveraged several dynamic scenarios. In the covariate shift

scenarios, sequentially arranged domains modeled time-
correlated changes, where input samples were streamed
domain by domain (Boudiaf et al., 2022; Wang et al., 2022;
Yuan et al., 2023). The label shift scenarios were conducted
by presenting sequential input samples drawn from specific
label classes over time. Using a Dirichlet distribution
parameter vy, we controlled the concentration of local label
distributions; lower values - formed label-specific clusters,
while v = oo reproduced covariate shifts (Gong et al.,
2022; Niu et al., 2023; Zhou et al., 2023). To evaluate the
long-term stability of adaptation, we introduced periodic
scenarios in which the domains followed a repeating
sequence of covariate shifts. Each sequence was repeated
up to 15 times to assess long-term adaptation behavior. In
addition, we designed various order scenarios in which
groups were presented in various orders to examine
the order dependency of the TTA methods. For these,
we created four group sequences (Order-1 to Order-4)
to evaluate robustness under unpredictable distribution
changes.

Implementation Details For all experiments, we
used the base version of VisionTransformer (ViT) (Dosovit-
skiy et al., 2020) with the self-supervised data2vec (D2V)
model (Baevski et al., 2022) as the backbone, consistent
with previous works (Niu et al., 2023; Marsden et al., 2023;
Lee & Chang, 2024). Source models were pre-trained on the
ImageNet training dataset using publicly available weights
to ensure reproducibility. Following previous studies (Li
et al., 2018; Niu et al., 2022; 2023; Marsden et al., 2023;
Lee & Chang, 2024), we limited the trainable weights to
normalization layers, employing either batch normalization
(Ioffe & Szegedy, 2015) or layer normalization (Ba et al.,
2016), depending on the model architecture. Comparative
methods were implemented using their official codebases
and hyperparameters as described in their respective papers,
ensuring alignment with the standard TTA benchmark
(Marsden & Ddbler, 2022). The models were trained with a
batch size of 64 and a learning rate of 0.00001 using the
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Table 2. Average error rates (%) and standard deviations in label shifts (y = 0.1) on ImageNet-C. Red fonts indicate performance
degradation with respect to Source.

Adaptation Order (—)

Method NOISE BLUR WEATHER DiGiTAL Avg.
gaussian shot impulse defocus glass motion zoom snow frost fog bright contrast elastic pixelate jpeg
Source 439 433 43.4 69.7 78.3 59.6 69.1 40.1 443 363 265 50.6 67.6 60.6 43.4 51.8
TENT 44.0 435 43.8 70.8 78.3 59.9 68.8 424 520 565 302 64.7 68.7 63.2 447  55.4+1.58
LAME 45.7 437 452 72.4 88.0  60.2 875 89.1 950 99.7 27.1 95.7 95.0 63.2 442 70.1+0.04
RoTTA 435 412 40.8 68.4 71.1 56.3 644 39.1 383 386 283 65.4 67.5 67.4 49.4  52.0+0.06
SAR 439 41.7 40.9 68.4 71.8 55.0 634 393 39.1 388 253 44.8 58.0 49.9 39.3  48.0+0.10
EATA 435 40.5 39.6 61.7 62.0  48.1 56.0 367 360 329 23.0 37.1 53.2 44.5 34.7 43.3+0.03
DeYO 41.3 38.8 38.8 60.8 61.0 523 70.6 425 403 408 26.1 64.3 66.4 48.1 429 49.0+2.83
ROID 40.6 39.4 393 54.8 554 464 53.1 355 347 300 237 36.1 48.0 41.4 349 40.9+0.10
+SSA 40.5 38.8 38.7 543 53.8 450 51.9 347 341 295 230 35.7 45.1 39.5 33.2  39.9+0.04
CMF 40.3 38.5 384 52.7 499 425 464 340 328 28.6 222 34.4 42.1 38.6 31.6  38.2+0.05
+SSA 39.8 37.6 37.6 50.4 46.1 399 4.0 321 311 275 211 33.9 36.4 33.7 294 35.9+0.04

Table 3. Average error rates (%) and standard deviations in label shifts (v = 0.0) on ImageNet-C. Red fonts indicate performance

degradation with respect to Source.

Adaptation Order (—)
Method NOISE BLUR WEATHER DiGiTAL Avg.
gaussian  shot impulse defocus glass motion zoom snow frost fog bright contrast elastic pixelate jpeg
Source 439 433 43.4 69.7 78.3 59.6 69.1 40.1 443 363 265 50.6 67.6 60.6 43.4 51.8
TENT 44.1 43.7 44.0 71.1 79.2 61.6 69.8 432 531 559 308 48.7 69.4 69.1 58.9 56.2+0.98
LAME 30.5 29.8 30.2 494 62.4 39.9 503 313 343 314 227 39.9 559 41.4 345 38.9+0.07
RoTTA 43.8 42.0 42.0 69.9 74.5 59.3 674 403 395 402 290 74.5 724 72.8 51.5  54.6x0.04
SAR 442 41.8 41.0 67.6 71.7 54.8 635 392 390 382 256 67.5 66.0 57.9 39.0 50.5+1.38
EATA 44.2 414 40.8 64.7 66.7 52.2 60.5 39.7 40.6 394 248 46.0 55.4 49.7 38.3 47.0+0.11
DeYO 41.5 389 38.9 61.7 61.3 51.8 72.0 422 41.6 397 265 56.4 57.1 473 41.4  47.9+0.57
ROID 12.2 11.8 11.6 325 335 18.4 30.1 124 116 9.8 7.3 12.6 25.1 15.3 13.0 17.1x0.32
+SSA 12.2 11.8 11.5 32.6 29.6 18.3 289 119 113 96 7.1 12.1 232 14.1 11.5 16.4+0.14
CMF 124 12.0 11.9 28.8 239 15.6 224 112 102 89 6.3 11.3 17.9 13.0 9.7 14.4+0.24
+SSA 12.3 114 11.3 29.2 20.5 14.5 194 105 97 83 6.1 10.0 14.6 10.8 8.7 13.1+0.29

Table 4. Average error rates (%) comparison with various methods
in the periodic scenario.

Round Method
OUN¢ “Source  EATA DeYO ROID CMF SSA
1 502 71 44 33 22
2 46.6 456 443 420 40.8
3 45.1 456 443 417 40.6
4 442 457 443 416 404
5 437 472 443 416 402
6 433 474 443 415 402
7 43.1 48.6 443 415 40.4
8 51.8 429 493 443 415 402
9 07 50.9 443 414 403
10 427 54.3 444 414 40.4
11 426 572 443 414 403
12 425 543 443 414 40.4
13 424 552 444 414 402
14 423 57.0 443 414 40.4
15 423 60.0 443 414 403
Avg. SIS  4382.14 51.0+488 44.3x0.03 41.6:0.50 40.5x0.51

SGD optimizer. By default, SSA was integrated with CMF,
setting the hyperparameter a = 0.01, following the ROID
and CMF configurations. The steady-state scale factor o3
was set to 10712,

4.2. Effectiveness

The performance of TTA methods in the covariate shift
scenario on ImageNet-C is summarized in Table 1. Weight-
based TTA methods, particularly ROID and CMF, demon-
strated significantly better performance compared to other

approaches. This result supports our hypothesis that leverag-
ing weight distributions and incorporating multiple weights
with consistent mixing ratios enhances robustness in dy-
namic environments. By incorporating the proposed SSA
algorithm, these methods achieved state-of-the-art perfor-
mance in all domains, except the snow domain. Tables
2 and 3 present the performance of the TTA methods in
the label shift scenario, with the intensities set to v = 0.1
and v = 0.0, respectively. In both cases, SSA consistently
improved the average performance of ROID and CMF, high-
lighting its effectiveness in addressing significant label im-
balances. Similar trends were observed on the D109 dataset
(detailed in Appendix B), where SSA consistently enhanced
the robustness of weight-based methods. These results un-
derscore the generalizability of SSA to different datasets
and adaptation scenarios.

4.3. Stability

Table 4 presents the performance of various TTA methods
in the periodic scenario as the number of rounds increases.
Initially, EATA lags in performance but improves rapidly
over successive rounds, eventually surpassing ROID. How-
ever, CMF consistently outperforms both EATA and ROID
in all rounds, achieving higher average performance. By
integrating SSA, CMF further improves, maintaining supe-
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Figure 2. Average error rates (%) comparison with various meth-
ods in various order scenario.
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Figure 3. Average error rates (%) of different methods as learning
rate increase.

rior performance throughout the adaptation process. These
results highlight the ability of SSA to balance high adapt-
ability with long-term stability, making it a reliable solution
for scenarios that require sustained performance.

4.4. Adaptability

Figure 2 illustrates the performance of TTA methods in four
different group orders. While CMF generally outperforms
ROID, it exhibits vulnerabilities in certain cases. Specifi-
cally, CMF underperforms in the NOISE domain for Order-2
and Order-3 and shows degraded performance in the DIG-
ITAL domain for Order-4, as indicated by the red dotted
boxes. By integrating SSA, these limitations are effectively
mitigated, with SSA achieving the highest performance
across all groups and orders compared to existing methods.
These results demonstrate the adaptability of SSA to unpre-
dictable distribution shifts, reinforcing its robustness and
versatility in handling diverse and dynamic environments.

5. Analysis

We conducted an in-depth analysis of sensitivity to learning
rates, computational efficiency, and the role of covariance
in driving its performance. These analyses provide insights
into the core mechanisms and effectiveness of SSA.

Learning Rate Sensitivity A common challenge
for TTA methods is the instability caused by increasing

Table 5. Average error rates (%) and elapsed time comparison of
methods with and without SSA in covariate shift.
Method Time  Relative Time (%) Avg.

TENT 1565.2 0.0 53.3+x0.22

TENT+SSA  1580.7 1.0 49.3+0.30

ROID 1732.3 0.0 44.4+0.13

ROID+SSA  1790.4 3.4 43.9+0.11

CMF 1751.4 0.0 43.5+0.04

CMF+SSA 18274 4.3 42.2+0.16
~~~~~ TENT —TENT+SSA - CMF —CMF+SSA

1.00E-04

Posterior Variance

Adaptation Time
Figure 4. Comparison of variance evolution with and without SSA.

learning rates (Zhao et al., 2023). As shown in Figure 3,
when the learning rate exceeded 0.00004, both ROID and
CMF experienced significant performance degradation. In
contrast, SSA effectively mitigated this instability, maintain-
ing stable performance even at learning rates up to 15 times
the default value. Beyond this threshold, SSA’s performance
also declined due to violations of the small learning rate
assumption inherent to the SDE approximation. Despite
this limitation, SSA significantly improved the stabil-
ity of existing methods across a wide range of learning rates.

Efficiency Efficiency is a essential consideration
for TTA methods, as they operate in an online learning
setting where computational overhead must be minimized.
Table 5 reports the elapsed time and relative time for
various TTA methods under the covariate shift scenario.
SSA-enhanced methods exhibited minimal relative time
increases of 1.0%, 3.4%, and 4.3% compared to their re-
spective baselines, while delivering significant performance
improvements. Notably, SSA boosted TENT’s performance
by 4.0%, effectively mitigating weight degradation with
minimal additional computational cost. These results
highlight SSA’s efficiency, as it enhances adaptation by
refining the existing trajectory of weight updates without
requiring additional optimization steps.

Covariance Profile The core mechanism of SSA
lies in balancing covariance. Figure 4 illustrates the
evolution of the scalar variance p, of the posterior
covariance Py, over the adaptation process in the covariate
shift scenario on ImageNet-C. Throughout the process,
the variance remained consistently within the range
of 1077 to 1074, demonstrating its consistently small
magnitude. This result supports the theoretical assertion of
our framework that a small variance must be maintained.
For TENT, SSA effectively reduced both the variance and
its fluctuations, leading to a stabilized adaptation process.
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In the case of CMF, SSA slightly increased the variance,
but simultaneously controlled its variability, thereby
enhancing the stability. These results empirically validate
the hypothesis that covariance is a critical factor influencing
TTA performance and demonstrate the effectiveness of SSA
in dynamically balancing covariance.

6. Related Works

Sample-based Test-time Adaptation TTA is an online
learning paradigm that adapts a pre-trained source model to
unlabeled test samples drawn from a different distribution.
Many TTA methods rely on entropy minimization, using
model outputs as target probability to facilitate unsupervised
adaptation (Wang et al., 2020). However, in dynamic
environments characterized by diverse changing distribution
shifts, these methods are prone to model collapse (Boudiaf
et al., 2022; Gong et al., 2022; Niu et al., 2023; Press
et al., 2024). Model collapse typically arises from explicit
gradient noise, which is introduced by unreliable model
predictions, leading to weight degradation over time.
To mitigate these issues, sample-based TTA methods
reduce the influence of test samples associated with poor
predictions (Niu et al., 2022; Lee et al., 2024; Marsden
et al., 2023). These methods attempt to filter out unreliable
samples by selecting high-confidence samples during
adaptation. However, their dependence on unreliable model
output, which becomes increasingly corrupt under extreme
distribution shifts, limits their overall effectiveness. As a
result, these methods remain vulnerable to performance
degradation in highly dynamic or extreme shifts. In
contrast, weight-based TTA methods (Niu et al., 2022;
2023; Marsden et al., 2023; Lee & Chang, 2024) alleviate
this problem by continuously averaging the source weight
with the current weight. This approach addresses weight
degradation and integrates naturally into our proposed
Bayesian weight enhancement framework.

Bayesian Deep Learning Highly flexible models
such as DNNs can represent a wide range of functions,
each with different generalization properties. Considering
these multiple models improves accuracy in new data
distributions. This concept is often implemented through
Bayesian model averaging, where model weights are
treated as samples drawn from a weight distribution (Polson
& Sokolov, 2017; Wilson, 2020; Wilson & Izmailov,
2020; Khan, 2019). The weight distribution is commonly
approximated as a Gaussian distribution centered around
local modes (Chaudhari & Soatto, 2018). Since weights
obtained via SGD tend to cluster around regions with
good generalization properties, averaging multiple SGD
samples collected at regular intervals improves robustness
to distribution shifts (Izmailov et al., 2018; Garipov
et al., 2018; Madry et al., 2017). These approaches have

empirically demonstrated robustness to out-of-distribution
data, particularly in fine-tuning large foundation models
(Wortsman et al., 2022; Rame et al., 2022). However, the
study of time-dependent weight distributions under unsu-
pervised learning, where explicit gradient noise can arise,
remains an underexplored area. Our research addresses this
gap by theoretically deriving the weight distribution using
SDE approximations and Bayesian filtering and further
demonstrating its empirical effectiveness in improving
model performance.

Bayesian Filtering Bayesian filtering is a recursive
Bayesian inference method for predicting and updating
time-evolving observations. Kalman filtering, in particular,
performs exact Bayesian inference under the assumption of
linear Gaussian models (Cheng et al., 2019; Abuduweili
& Liu, 2020). For nonlinear observations, extensions such
as Extended Kalman Filtering (EKF) and Iterated EKF
have been developed (Kloeden et al., 1992; Bell & Cathey,
1993). These techniques have been applied to DNN outputs,
where Kalman filtering is performed with linearized
approximations (Puskorius & Feldkamp, 2001). Our
approach shares this idea by using linearization from Eq.
(24) and substituting local gradient and covariance terms
with observed constants. The validity of this substitution
is confirmed through experiments in various scenarios,
datasets, and models. Another Bayesian inference approach,
particle filtering, can also capture complex weight distri-
butions (Huang et al., 2022). However, particle filtering
requires sampling weights, which introduces significant
computational overhead. In contrast, SSA directly leverages
the mean of the posterior weight distribution, leveraging the
small-variance characteristic of TTA processes. This SSA
behavior ensures computational efficiency, making SSA a
practical and scalable solution for TTA.

7. Conclusion

In this paper, we addressed the weight degradation prob-
lem in the TTA process caused by explicit gradient noise
and introduced the Bayesian weight enhancement frame-
work, which generalizes existing weight-based TTA meth-
ods effective in mitigating the problem. Building on this
probabilistic framework, we identified a key limitation in
weight-based approaches: their neglect of time-varying co-
variance, which captures changes in gradient noise. To
address this, we theoretically derived the covariance using
the SDE approximation and Bayesian inference, leading to
the development of the SSA algorithm. The algorithm con-
sistently improved the performance of the state-of-the-art
TTA method by dynamically balancing covariance across
diverse datasets, scenarios, and model architectures. These
results highlight the covariance dynamics that drive TTA
performance in dynamic environments.
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A. Technical Details and Derivation

In this section, we discuss the integration of SSA and SSA into a unified algorithm. In addition, we examine the validity of
the SDE approximation and provide a detailed derivation of the SSA.

A.1. Continual Momentum Filtering with SSA

Algorithm 2 Continual Momentum Filtering with Steady-State Adaptation

Require: Learning rate 1, Source model f(.; wo)
Require for SSA: 03, A = al
Require for CMF: 3, S = sl
Initialization my — ﬁ)o, PO =0, 90 = 0, ho = ﬁ)o, QO =0
for k =1to K do
Ik < vmkG(mk)

Steady-state adaptation:

gk {9k + Gr-1)

of étr((gk — k) (gr — Qk)T)
oy < /o3 /(n?o})

szrllk — My — aENgg

P'k:_l‘k — Py + ain®Sy
g < (akgk + gr—1)

Continual momentum filtering:

hZ+1|k + Bhy + (1 — B)wg

Qz+1‘k — 3*Q, +S

By = Q:|_t—1(52Qj——1|t—1 +1)7

hii1 < h:+1|k + Bt(mLuk - h;+1\k)
Qi1 — 1= K)Qy,

Bayesian weight enhancement framework :

M1 mz-i-llk + A(hk+1 - mz—&-l\k)

Py (L= AP,
end for

Algorithm 2 details the integration of SSA with CMF forming a unified TTA algorithm. SSA achieves state-of-the-art
performance when combined with CMF in various scenarios by effectively regulating weight dynamics. CMF utilizes
Kalman filtering to update the source model with the current weight, resulting in the hidden source weight distribution
p(Wwg41|wk41)- In contrast, SSA estimates p(wg1|wo.x) using the transition weight distribution derived from SDE and
the Chapman-Kolmogorov equation in Eq. (13). These two distributions are naturally integrated into Eq. (16), where SSA
replaces the fixed source weight @ with the hidden source weight h;, obtained through CMF. This integration seamlessly
combines two different methods, allowing SSA to take advantage of the flexible source weight derived from CMF for
improved adaptability.

A.2. Validity of SDE Approximation in TTA Process

The validity of the SDE approximation for SGD arises from the requirement that the learning rate n be sufficiently small
(Zhu et al., 2018; Li et al., 2021). In the TTA process, the connection between discrete time steps and continuous time is
defined as ¢t = k7, where k denotes the iteration step. This mapping ensures that discrete updates in TTA can reasonably be
modeled as a continuous stochastic process when 7 is small. TTA methods typically update less than 1% of a model’s total
weights (Yuan et al., 2023; Niu et al., 2022; Marsden et al., 2023). This TTA setting indicates that the learning rates for 99%
weight are zero. Furthermore, TTA methods adopt learning rates in the range of 10~5 to 10~%, which are approximately 100
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times smaller than the learning rates commonly used for training source models (i.e., 1072 to 10~%) (Steiner et al., 2021;
Wang et al., 2020; 2022). This nature of low learning rates across TTA methods ensures that the gradient noise introduced
by SGD remains manageable and aligns with the assumptions of the SDE approximation. Consequently, the small learning
rates widely adopted in TTA provide strong empirical and theoretical support for the validity of the SDE approximation in
this context.

A.3. Transition Distribution from SDE Approximation

In this section, we derive the transition weight distribution from the SDE approximation of the TTA process. The
approximation for SGD in the TTA process is expressed as:

duy = —g(u, t)dt + /7% (u, t)/2dW;, (22)
where g(w,t) and X(w, t) are g; and X; = oI in Eq. (9). For this SDE, the evolution of the weight distribution p(u;) is
governed by following the FPK equation:

%ut 4

8 p'u,t
I 23
ZZ 8wz8wt u )]’Lj ( )

=1 11]1

where [-]; and [-];; represent the i-th element of a vector [-], and (i, j)-th element of a matrix [-], respectively. Since
g(u,t) and 3(u,t) are generally intractable, we approximate p(u;) as a Gaussian distribution N (u.|m, P) following the
Gaussian assumed density approximation from (Sérkkéd & Solin, 2019). However, this approximation requires the efficient
computation of an n-dimensional Gaussian integral. Following Theorem 9.2 and Algorithm 9.4 from (Sérkkd & Solin, 2019),
we linearize (via Taylor series) the gradient g(mn, t) and approximate the /7% (u, t)'/? around the mean m as:

g(u,t) = g(m,t) + G(u,t)(u — m), /nS(u,t)V/? = /n8(m, )1/, (24)

where G (u,t) represents the Jacobian matrix of g(wu, t) with respect to w. Thus, the mean and covariance are derived as
follows:

d dp
= = 9w, - =PG] +GP 4 n(u,t). 25)

In this context, the transition weight distribution can be constructed using a linear Gaussian model (Sarkkd & Solin,
2019). For arbitrary intervals 0 < s < ¢ with initial conditions ms = wy, P; = 0, the transition distribution is given by
p(utlug) = N(pq1mys, Pys). For the discrete interval s = k7 and ¢ = (k + 1)), the discrete transition distribution
p(upy1|uy) simplifies to N (w1 1)k, Pry1)x). Over this small interval, g(u, t) and X(u, t) can be constant, denoted

as gr = VG (@) and 07 = étr((gk —gx)(gr — gk)T), where G; is approximated as 0. Consequently, Eq. (25) is reduced
to linear ordinary differential equations, yielding the mean and covariance at discrete time k:

t t
mk+1|k = ’l]]k —/ gkdt = ﬁ)k — gkAt7 Pk+1|k = / nakl =0 At2l, (26)

where At = 7. This transition distribution is combined with Bayesian filtering to derive the posterior weight distribution in
Eq. (16).

A.4. Balancing Covariance

To maintain the covariance of the weight posterior distribution near the steady-state, it is necessary to satisfy Py ~ Pj.
Since all covariance matrices Py41 and Py, in Eqs. (15) and (18) are scalar multiples of the identity matrix, we can consider
only the scalar term (i.e., variance) in P, = p, I, X = O'kI and R = o21. At steady-state, the variance no longer changes
between steps:

Pr = Pi+1 = Poo- 27
Substituting this into the scalar forms of Egs. (15) and (18), we have:

Poo + OEAE
Poo + 02 AL + 02
a;

o+ O2AL? + o2

Poo = (Pso +UkAt2)< -
(28)

= (P + a,fAt2)p
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Rearranging this equation yields:

Poc(Poo + TR AL +07) = 07 (po + TR AL),
P2 + P OrALE +p 02 — P02 — giol A2 =0 (29)
P2 — Ok(07 = Poo) At? =0

From this, the step size At is derived as:

p
At= | Yo (30)
o7 (02 = ps)

where p__ < 2. To define the dynamic step size At = ayn where 7 is the base learning rate, we rewrite vy, as:

D)
ap = . 3D
n*o}
where 0 = /p,,/(02 — p,,)- This result is substituted into A¢ in Egs. (14) and (15), ensuring that the posterior weight

distribution in Eq. (16) maintains the steady-state condition, thus balancing covariance. Importantly, under the steady-state
condition, Ay, converges to A = al with a fixed scalar a > 0, representing time-invariant covariance. Consequently, the
proposed algorithm integrates naturally with weight-based TTA methods described in Eq. (7), maintaining compatibility
while improving stability and adaptability.

B. Experiments Details
B.1. Experimental Setup

Our experiments were conducted using a single NVIDIA GeForce RTX 3090 GPU. This section outlines the specific
experimental settings used in our study. To ensure robustness and reproducibility, the evaluation metrics include the mean
and standard deviation of error rates across five random seeds (1, 2, 3, 4, and 5).

Datasets The datasets used in our experiments were selected to evaluate the effect of diverse classes, corruption types,
and natural distribution shifts commonly encountered in real-world scenarios. ImageNet-C was employed as a standard
benchmark for evaluating robustness against corruption. ImageNet consists of 1,281,167 training samples and 50,000
testing samples, while ImageNet-C extends ImageNet by applying 15 types of corruption (e.g., Gaussian noise, shot noise,
defocus blur, frost, and JPEG compression) at five severity levels. Consistent with previous studies (Boudiaf et al., 2022;
Niu et al., 2022; 2023; Marsden et al., 2023; Lee & Chang, 2024), we used severity level 5, treating each type of corruption
as a distinct domain. To further assess model performance under natural distribution shifts, we utilized D109, derived
from DomainNet. D109 includes five domains (clipart, infograph, painting, real, and sketch) and comprises 109 classes
that overlap with ImageNet. For an additional exploration of natural distribution shifts, we incorporated the Rendition
and Sketch datasets in the covariate shift scenario. Rendition contains 30,000 images of 200 ImageNet classes rendered
in artistic styles, collected from Flickr and curated via Amazon Mechanical Turk. The Sketch dataset consists of 50,000
black-and-white images, with 50 sketches for each of the 1,000 ImageNet classes, constructed using Google image queries.

Compared Methods We compared SSA with several state-of-the-art TTA methods, each employing different
strategies to improve adaptation to distribution shifts. TENT (Wang et al., 2020) updates trainable weights using
entropy minimization loss, allowing the model to adjust its predictions to reduce uncertainty in test samples. LAME
(Boudiaf et al., 2022) adapts to label distribution shifts by modifying model outputs rather than updating the model
weights, ensuring stable adaptation without direct changes of parameters. RoTTA (Yuan et al., 2023) employs a
student-teacher approach with cross-entropy objectives and data augmentation to improve robustness against shifting
distributions. EATA (Niu et al., 2022) follows an entropy-based objective while excluding high-entropy samples based
on a predefined threshold, preventing noisy gradient updates from degrading model performance. SAR (Niu et al.,
2023) integrates sample exclusion with sharpness-aware minimization to avoid sharp local optima. Additionally, SAR
monitors the model loss and resets the model to its source state if the loss exceeds a predefined threshold. DeYO
(Lee et al., 2024) employs a sample selection strategy based on pseudo-label probability differences and entropy. It
identifies high-confidence samples by applying object-destructive transformations and measuring prediction changes.
ROID (Marsden et al., 2023) incorporates an entropy objective that accounts for label distribution diversity, while
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excluding low-confidence samples during training. Additionally, ROID continuously averages the source weight
with the current weight to enhance stability during adaptation. CMF (Lee & Chang, 2024) uses Kalman filtering
to dynamically update the source weight by mixing it with the current weight. The updated source weight is then
further integrated with the target weight, ensuring smooth adaptation while preserving knowledge from the pre-trained model.

Implementation Details Our experiments were implemented using the base version of ViT (Dosovitskiy et al.,
2020) with the self-supervised D2V model (Baevski et al., 2022) as the backbone, following previous work (Niu et al.,
2023; Marsden et al., 2023; Lee & Chang, 2024). In addition, we used SwinTransformer (Liu et al., 2021) as an alternative
architecture. All source models were pre-trained on the ImageNet training dataset using publicly available weights to ensure
reproducibility. For all experiments, we adhered to the hyperparameters specified in the TTA benchmark (Marsden &
Dobler, 2022) and followed the official implementations and values reported in the original papers of each method. If
hyperparameters were unavailable for a specific dataset or model, we adjusted them accordingly. All experiments used the
SGD optimizer with a momentum of 0.9. The learning rates were set as follows: 0.00001 for D2V, 0.00025 for ViT, and
0.000005 for EATA. Swin used the same learning rate as ViT, while SAR employed the SAM optimizer with a learning rate
of 0.001 for both ViT and Swin. For CMF, we used (3, s) = (0.99,0.005). Following ROID and CMF, we set the SSA
hyperparameter a = 0.01. The steady-state scale factor o3 was set to 10712, and SSA was applied once 1?03 reached half
of this factor.

B.2. Additional Experiments

Table 6. Average error rates (%) and standard deviations in covariate  Table 7. Average error rates (%) and standard deviations in label
shift (y = co) on D109. Red fonts indicate performance degrada- shifts (v = 0.1) on D109. Red fonts indicate performance degrada-

tion with respect to Source. tion with respect to Source.
Adaptation Order (—) Adaptation Order (—)
Method clipart infograph painting real sketch Avg. Method clipart infograph painting real sketch Avg.
Source 48.7 72.9 41.2 20.5  56.7 48.0 Source  48.7 72.9 41.2 20.5 56.7 48.0
TENT 49.1 71.5 51.4 312 794  57.7£0.08 TENT 49.1 77.4 51.3 31.7 79.7  57.840.06
LAME 98.7 99.6 96.4 51.3  99.1 89.0+0.14 LAME  69.8 94.5 57.6 327 683  64.6+0.25
RoTTA  48.6 72.6 40.7 19.9 539 47.240.01 RoTTA  48.7 72.7 40.9 20.2 554  47.6%0.03
SAR 48.3 74.4 42.9 20.3  56.5  48.5+0.10 SAR 48.4 74.6 43.5 20.3 564  48.6+0.02
EATA 47.9 71.6 40.0 19.7 541  46.6+0.05 EATA 47.8 71.5 39.9 19.8  53.7  46.5+0.06
DeYo 47.2 74.5 41.3 19.8 51.3  46.8+0.56 DeYo 47.3 74.4 40.6 19.7  51.0  46.6+0.40
ROID 43.5 68.5 37.7 19.3 504 43.9+0.04 ROID 35.0 63.1 28.1 129  41.0 36.0+0.08
+SSA 437 67.0 36.9 18.8° 479  42.940.06 +SSA 353 61.3 27.4 126  38.1 34.9+0.07
CMF 43.0 66.5 36.3 18.5 473  42.3+0.11 CMF 344 60.3 26.6 12.1  36.8  34.1+0.13
+SSA 421 65.3 35.8 18.2 46.0 41.5+0.06 +SSA 337 59.2 26.4 12.0 355 33.4+0.06

Table 8. Average error rates (%) and standard deviations in label — Table 9. Average error rates (%) and standard deviations on Rendi-
shifts (v = 0.0) on D109. Red fonts indicate performance degrada- tion and Sketch. Red fonts indicate performance degradation with

tion with respect to Source. respect to Source.
Method —— __Adaptation Order (=) Ave. Method  Rendition Sketch
clipart infograph painting real sketch Source 46.6 60.4
Source  48.7 72.9 412 205 567 48.0 TENT _ 46.020.03 _ 60.320.06
TENT 49.2 77.1 51.5 326 809  58.2+0.04 LAME 86.7+0.39 86.9+0.37
LAME 26.0 68.8 19.2 8.0 26.7 29.7+0.15 ROTTA  46.5+0.01 60.1+0.03
RoTTA  48.7 72.9 411 205 567  48.0+0.01 SAR  45.940.05 602+0.07
SAR 48.7 75.4 46.8  20.1 56.6  49.5+0.05 o e
+ +
EATA 479 715 396 197 540 46.5x0.14 EDA{{A j;g:g'gg ggg;g'gg
DeYo 489 75.8 451 207 522 48.5+0.39 e Yo AL as0, 0.02
ROID 253 555 206 105 331 292£0.04 ROID  41.4£0.08 55.7+0.0
+SSA 254 52.9 217 105 307  283+0.05 +SSA - 40.30.13  54.5+0.07
CMF 249 52.8 204 102 309 27.8+0.12 CMF  39.7x0.11 53.3+0.06
+SSA 244 51.3 204 100 306 27.4+0.21 +SSA  38.8+0.12  52.5+0.07

Tables 6, 7, and 8 present results omitted from Section 4.2. SSA consistently improved ROID and CMF performance in all
scenarios in the D109 dataset, demonstrating its robustness in handling natural distribution shifts. We further evaluated TTA
methods under a prolonged long one-domain natural shift scenario. Table 9 reports the performance of various methods on
the Rendition and Sketch datasets. In this scenario, SSA significantly improved ROID and CMF performance, achieving
state-of-the-art results. These results provide empirical evidence that SSA is not only effective in addressing data corruption
but also robust in handling natural distribution shifts, reinforcing its reliability in diverse adaptation environments.
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B.3. Additional Experiments: Real-world Scenario

Table 10. Average word error rates (%) and standard deviation in the real-world speech recognition scenario on TED.

Method Source Pseudo Label TENT CMF SSA
Avg. WER  12.4+0.00 12.1+0.03 11.9+0.02 11.8+0.05 11.5+0.01

Table 11 compares the performance of various TTA methods in a real-time speech recognition scenario on TEDLIUM3
(Hernandez et al., 2018), which consists of streamed talk recordings. The TEDLIUM3 test dataset includes speeches by 11
experts, each delivering talks on different topics. We used the speech version of D2V that was pre-trained in LibriSpeech
(Panayotov et al., 2015). Following the CMF setup, we measured the average word error rate (WER) of the model in
an environment where multiple speakers sequentially deliver speech. These results show that SSA achieved the best

performance compared to competing TTA methods, demonstrating its effectiveness in adapting to speaker variations in
real-time speech recognition.

B.4. Additional Analysis: Various Model Architectures

Table 11. Average error rates (%) and standard deviation for various model architectures in covariate shift on ImageNet-C.

Model Source ROID CMF SSA

ViT 60.2  45.0+0.08 44.9+0.08 44.6x+0.05
Swin 64.0 47.2+0.15 46.6+0.12 46.0+0.07
D2V 51.8  44.8+0.04 43.5+0.04 42.2+0.16

Table 11 compares the performance of TTA methods across different model architectures in the covariate shift scenario. The
results show that SSA achieved state-of-the-art performance across all tested architectures, demonstrating its adaptability
and effectiveness. Notably, SSA remained highly effective even for models with lower source model performance, such as

Swin, where it achieved substantial improvements. This suggests that SSA is particularly beneficial where the base model
struggles with adaptation.

B.5. Additional Analysis: Validity of Steady-State Scale Factor
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Figure 5. Average error rates (%) for various the steady-state scale factor.

The steady-state scale factor o5 determines the baseline for covariance regulation in SSA. To analyze its impact, we
varied this factor by multiplying o3 by log(Variance Scale), adjusting the scale accordingly. Figure 5 presents the average
error rates in the covariate shift scenario for different variance scales. The results show that SSA maintained consistent
performance for Variance Scale values ranging from 2 to 10,000, demonstrating its robustness in a wide range of covariance

conditions. These results highlight the reliability and adaptability of SSA, confirming that its performance remains stable
even under significant variations in the steady-state scale factor.
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C. Limitation and Future Works

One limitation of our current approach was the reliance on a linear Gaussian model to represent the weight distribution.
Although this choice provides computational efficiency and analytical tractability, it can limit the flexibility of the model in
capturing more complex weight behaviors. However, our empirical results demonstrated that SSA significantly improves
performance in various scenarios, model architectures, and TTA methods with fixed hyperparameters. For future work, we
aim to explore weight distributions that can model a broader range of weight dynamics. By extending beyond the linear
Gaussian assumption, we seek to enhance the adaptability and robustness of our approach in more complex and rapidly
evolving environments.
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