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Abstract

Test-Time Adaptation (TTA) aims to reconcile
model generalization in the presence of distribu-
tion shifts. Current TTA methods usually lever-
age sample uncertainty to select reliable samples
for model adjustment via entropy minimization
(EM). However, sample uncertainty often relies
on a plausible metric and leaves many unreliable
samples in the EM process, potentially leading to
model collapse. Importantly, these excluded sam-
ples incur biased data features of the shifted dis-
tribution in TTA. This paper introduces SaTeen,
a Structural Alignment-based Test-Time Adap-
tation method that performs two-fold alignment
the structures of test samples with the reliable
reference structures. Specifically, the two-fold
alignments are 1) Intra-sample structure align-
ment, where SaTeen maximizes cross-entropy dis-
crepancy between a sample (reference) and its
structure-disrupted counterpart, with the assump-
tion of stable dominant features; 2) Inter-sample
structure alignment, where SaTeen minimizes the
reconstruction error of test samples in the refer-
ence subspace spanned by the Incremental PCA
on reliable samples, with the assumption of sta-
ble intrinsic data manifold. Our extensive experi-
ments demonstrate that SaTeen achieves the state-
of-the-art performance across various scenarios
for both TTA and continual TTA.

1. Introduction

Deep neural networks have achieved great success across
various tasks (LeCun et al., 2015; He et al., 2016). How-
ever, such success relies on the assumption that data are
independent and identically distributed (i.i.d.), which is
often violated in real-world scenarios where inputs follow
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Figure 1. (a) Illustration of intra-sample structure, such as shapes,
which is usually held in TTA. (b) Illustration of inter-sample struc-
ture, i.e. intrinsic manifold, to which test data is generally close.
Considering both priors can boost model adaptation smoothly.

distributions different from the training data, leading to com-
promised performance (Yang et al., 2022; Wu et al., 2024;
Wang et al., 2025; Koh et al., 2021; Hu et al., 2024). Test-
time adaptation (TTA) (Sun et al., 2020; Ma et al., 2025a;
Hu et al., 2025) has emerged as a practical paradigm that
enables models trained on a source domain to adapt online
to unlabeled test data, addressing non-stationary environ-
mental changes by leveraging each test sample only once
for immediate adaptation (Bartler et al., 2022).

A primary cause of performance degradation under distri-
bution shift is that the pre-trained model may over-attend
to noisy features while down-weighted core structural fea-
tures (Zhou et al., 2021; Shi et al., 2022). Observing
that model precision decreases on high-entropy samples,
Tent (Wang et al., 2021) uses predictive entropy as a proxy
for distribution shift and applies entropy minimization
(EM) (Zhang et al., 2025a) to reduce noisy-feature effects.
However, many test samples still rely heavily on noisy fea-
tures, potentially degrading model adaptation (Malinin &
Gales, 2018; Chan et al., 2020). Subsequently, SAR (Niu
et al., 2023) filters out samples that induce large gradients,
and DeYO (Lee et al., 2024) removes samples whose pre-
dictions rely heavily on noisy features. However, EM-based
adaptation methods are prone to model collapse (Han et al.,
2025; Chen et al., 2026). Under distribution shifts, the pre-
trained model may exhibit imbalanced predictions (Su et al.,
2023; Tejero-de Pablos et al., 2024), i.e., assigning a large
fraction of samples to a single class. Since the gradient of
entropy minimization tends to increase the logit of the most
probable class (Agarwal et al., 2026), such gradients accu-
mulate under imbalanced predictions, driving the model to
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predict the same class for most inputs and eventually leading
to model collapse (Ma et al., 2025b).

To mitigate model collapse and further encourage attention
to structural features, we propose an intra-sample struc-
tural alignment objective by maximizing the predictive
cross-entropy between an input and its structure-disrupted
counterpart, as shown in Fig. 1. Our theoretical analysis and
empirical results demonstrate that this objective 1) promotes
learning structural features while suppressing noisy features,
and 2) structurally prevents the trivial solution of collapsing
all predictions to a single class.

On the other hand, intra-sample alignment TTA is essen-
tially a form of local posterior update that relies solely on the
current test data. This local reliance can 1) lead to overfitting
to local samples and make the model prone to forgetting
previously seen samples (Liang et al., 2025), and 2) en-
courage learning domain-specific rather than domain-shared
features, making the model fragile in continual distribution-
shift scenarios (Arjovsky et al., 2019; Zhao et al., 2019;
Geirhos et al., 2020). Hence, an effective TTA method
should go beyond local prediction-level alignment and ex-
plicitly preserve the structural consistency across domains.
For example, ViDA (Liu et al., 2024b) preserves consistency
by explicitly decomposing representation learning into a
low-rank, domain-shared subspace and a high-rank, domain-
specific subspace, while a homeostatic gating mechanism
prevents instance-wise updates from distorting long-term
structure but introduces additional trainable parameters at
test time, which slows inference and reduces deployment
efficiency. LinearTCA (You et al., 2025) preserves consis-
tency by aligning statistics of test embeddings to source
domain via a global linear transformation. However, Lin-
earTCA assumes access to global test statistics, which is
incompatible with realistic TTA scenarios where samples
arrive sequentially.

To mitigate catastrophic forgetting and local overfitting with-
out introducing additional trainable parameters or disrupting
the TTA setup, we propose to perform inter-sample struc-
tural alignment using Incremental PCA (IPCA) (Ross et al.,
2008), as shown in Fig. 1. Specifically, we employ reliable
samples to build a PCA (Mackiewicz & Ratajczak, 1993)
subspace, and align all test samples toward this subspace by
reducing their reconstruction errors. Our theoretical analy-
sis and empirical results demonstrate that this objective can
preserve the structural consistency across evolving target
domains.

2. Preliminaries

2.1. Continual Test-Time Adaptation

Considering the classification question, let X represent the
sample space and Y = {1,2,...,C} be the set of labels,
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Figure 2. Framework of SaTeen. SaTeen uses the intra-sample
structural loss (L1(A1, x) in Eq. (6)) to classify samples into reli-
able and unreliable samples. Reliable samples participate in both
intra-sample and inter-sample alignment, while unreliable samples
only participate in Inter-sample alignment.

where C is the number of classes. The training samples
are assumed to be independently and identically distributed
(i.i.d.) from a joint distribution Ps(x,y) over X x Y, ak.a.
the Source-domain distribution. Besides, denote by Ps(z)
the marginal distribution over X'. Under covariate shift in
TTA, the marginal distribution over the input space changes
from source to the Target domain, while the conditional
distribution of each label y remains invariant, i.e., Ps(x) #
Pr(x) while Ps(y | x) = Pr(y | x).

TTA aims to adapt the model Py(y|x) pretrained on the
source-domain distribution Ps(x, y) to multiple test target-
domain distributions{Pr, (x)}?_,, where n indicates the
scale of target-domain distributions. Continual TTA (Wang
et al., 2022) follows an online learning paradigm: At time
step ¢, only a mini-batch of unlabeled samples B; =
{xt; f\;bl is available, where NN,¢ denotes the scale of a
mini-batch and xy; is drawn from {Pr, (x)}7-;.

Notice: The intractable conditions of continual TTA are two-
fold. The model cannot access any source-domain samples
and can only exploit unlabeled target-domain samples once.
And the target-domain distributions continue to change over
time.

2.2. Entropy Minimization & Model Collapse

Shannon entropy (Shannon, 1948) is a common metric that
measures the uncertainty of an information source, where
higher entropy indicates greater uncertainty in its underlying
probability distribution. For a specific sample x € X, the
Shannon entropy is defined as,

C
H(p(x)) ==Y pi(x)logpi(x), (D
=1

where p(x) represents the probability distribution of the
model’s output, p;(x) is the probability that the model as-
signs the sample to class 4, i.e., p;(x) = pg(y =i | x). In
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practice, H(p(x)) can be decoupled into (Ma et al., 2025b):

C C

— Zpi (x)u; + log Z e, )]
i=1

=1

where u; indicates the logit corresponding to class . When
it serves as the objective function of model adaptation, the
first term of Eq. (2) acts as a reward that reinforces the logit
of the currently most probable class, while the second term
serves as a penalty that globally regularizes and suppresses
the magnitudes of all class logits.

Definition 2.1. (Imbalanced Prediction Rate) Let § de-
note the imbalanced prediction rate of a pre-trained model
when applied to a different target domain. The imbalance
prediction rate is defined as

§ = Pr (j= 3
I?eafxw%(y c|x), 3)

where 7 is the predicted label and § € £, 1].

Intuitively, when the § is sufficiently large, for most sam-
ples, the predicted vectors p(x) = {p;(x)}$_, concentrate
in a single direction, which disrupts the balance between
the reward and penalty in Eq. (2). In this case, the gradi-
ents of EM induced by these samples can drive the model
toward collapse. Empirically, as shown in Fig. 3(a), when
distribution shift occurs, the pre-trained model exhibits a
high imbalanced prediction rate. Meanwhile, the pseudo
intra-class variance of that class is significantly smaller than
that in the source domain, shown in Fig. 3(b), indicating that
these misclassified samples rely on highly similar features.

Theorem 2.2. (Imbalanced Prediction Induces Model Col-
lapse) With specific assumptions, if the J is sufficiently large,
then there exists a parameter-update direction v € RI®,
where ® denotes the model parameter space. The following
properties hold:

(1) For a sample x, its likelihood on ¢, i.e, p.(X), increases
monotonically along v;

(2) For a sample x, when p. becomes sufficiently large, the
Hessian of the entropy H (p(x)) attains its minimum
eigenvalue along the collapse direction v, namely

Amin (VZH(p(x))) = v V2H(p(x)) v < 0. (4)
(3) On the target-domain distribution, the EM gradient

and the parameter update have a positive projection
ontov, ie.,

Expr o (VH(P(), V)] > 0. ()

Proof: The proofs can be found in Appendix A.

(a) Imbalance Prediction Rate (b) Intra-class Variance under Model Collapse
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Figure 3. (a) The imbalance prediction rate J under the single
TTA scenario on ImageNet-C for different methods, as defined in
Eq. (3). When ¢ approaches 1, it indicates model collapse, which
is marked with *. (b) The pseudo intra-class variance change
of the imbalanced predicted class ¢ under the test flow during
model collapse on *fog’ corruption. It is observed that, as model
collapse occurs, a large number of samples from other classes are
predicted as class ¢ and the pseudo intra-class variance rapidly
decreases, falling significantly below the pre-trained model’s intra-
class variance for that class.

Takeaway: Let us consider the type of noisy features that
pollute most test samples. When the model is trained to
overfit the noisy features, implying error accumulation,
there exists a parameter direction v that is coupled with
the weights of noisy features. From Theorem 2.2, increas-
ing these weights monotonically increases the predicted
probability p. as well as ¢, leading to model collapse.

3. Method

3.1. Intra-Sample Structure Alignment

To address the high prediction imbalance in EM-based TTA
methods caused by its over-reliance on noisy features, this
study encourages the model to focus on the kernel structural
features of the samples. Inspired by contrastive learning
(CL) (Chen et al., 2020; Chen & He, 2021), we leverage a
negative sample that disrupts structural features of the given
sample to reduce similarity between the two versions.

To highlight the intra-sample structure, we adopt the strategy
of patch shuffling (Geirhos et al., 2018), which segments
the given sample x into many tokens and then randomly re-
assigns them. For image classification, we divide an image
into patches and randomly shuffling them to disrupt object’s
shapes. Then, using the structure-disrupted counterpart sam-
ple x as the negative sample, our CL objective is formulated
as:

L1(A1,%) = H(p(x)) — A1 CE(sg[p()] [ (%)), (6)

where X denotes the negative sample, CE(-) represents the
cross-entropy loss, A; is the balance parameter of the cross-
entropy term, and sg[-] denotes the stop-gradient operator.
Similarly, we can decouple the £1 (A1, x)loss into the fol-
lowing form:

c c
- Z (pi(x) = A1 pi(%)) wi + (1 = Ay) logZe“i. @)
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(a) Grad CAM: Tent on Fog (b) Grad CAM: SaTeen on Fog

(c¢) t-SNE: Origin vs Fog under Tent

(d) t-SNE: Origin vs Fog under SaTeen

Figure 4. Visualizations of structure alignment. (a) and (b) show the Grad-CAM visualizations of a *fog’ image from ImageNet-C after
Tent (Wang et al., 2021) and SaTeen adaptation, respectively. The results indicate that under severe distribution shift, after Tent adaptation,
the model incorrectly attends to the background rather than the structural features of the object, whereas after SaTeen adaptation, the
model focuses more on the structural features of the object. (c) and (d) present the t-SNE visualizations of ImageNet-val and ImageNet-C
after Tent (Wang et al., 2021) and SaTeen adaptation, respectively. The results show that after Tent adaptation, samples from the target
and source domains can be clearly separated in low-dimensional space, while after SaTeen adaptation, samples from the two domains
become difficult to distinguish, indicating that SaTeen preserves structural consistency across domains.

The detailed derivation can be found in the Appendix A.
Intuitively, this loss introduces a dynamic suppression effect
on the reward term in Eq. (2). When the predictions of a
sample and the negative are similar, the reward is effectively
attenuated.

Theorem 3.1. (The L1()\1,x) Loss Mitigates Model Col-
lapse) For the target-domain distribution that the imbal-
ance prediction rate is d, if A1 is sufficiently large, then the
L1(M\1,x)-loss gradient and the parameter update has a
non-positive projection onto v, i.e.,

IEx~73T(X) [(VLi(A1, (%)), v)] <0. ®)

Proof: The proofs can be found in Appendix A.

Takeaway: Theorem 3.1 implies that, when \; is suffi-
ciently large, the £ (A1, x) loss prevents the accumulation
of updates along the direction v even under imbalanced
prediction, thereby avoiding model collapse. A detailed
proof, as well as an explanation of why we do not adopt
CE(p(x) || sg[p(X])), is provided in the Appendix A.

3.2. Inter-Sample Structure Alignment

Intra-sample structural alignment encourages the model to
pay attention to the kernel features within a sample, while
the entire distribution of test samples is more important
for model adaptation. This study assumes that the intrin-
sic subspace of embedded samples is generally maintained
between two continuous time steps in TTA.

Hence, we employ the Incremental Principal Component
Analysis (IPCA) (Ross et al., 2008) to identify the low-
dimensional PCA subspace from the reliable samples of low
gradients, where both the model and test samples inhabit and
which is warmly shifted along the data stream in continual
TTA. Note that IPCA can update this subspace in an online-
learning manner to model such warm data shifts.

Specifically, we first accumulate a set of reliable target sam-
ples’ features, denoted as Bj, = {z; fi)l to capture the
IPCA subspace, the set of reliable samples is defined as
follows:

F:{X|£1()\1,X)<T}, &)

where 7 is a threshold for data belief. The empirical mean is
computed as g, = B = Nio ngl z;, where [ represents
the initial mean estimated from B{. Given the mean, we
center the initial samples as BS = B{ — py. The initial
orthogonal basis is then obtained by performing the singular
value decomposition (SVD) on ]:3)5:

B, = UyXo Vo, (10)

where Uy € R¥¥4, 5 € RYNo_and Vi € RNoxNo de-
note the left singular value matrix, the diagonal matrix of
singular values, and the right singular value matrix, respec-
tively, d is the dimension of the penultimate layer.

As reliable test samples B! = {z;;} ", at time step t—1, we
update the IPCA statistics in an online manner. Specifically,
the running mean is updated as follows:

_ Neipeoy + N BY
Ky Nt—l +Nt ’

Y

where g, is the overall mean feature at time step £ — 1,
and BY{ is the incoming mean feature at time step ¢. The
total number of reliable samples at time ¢ is Ny—1 + V.

Considering that the mean estimation error is large under
small batch size, we centralize the incoming samples with
the overall mean B; = B} — p,. We project B; onto the
current subspace by:

P,=U/ B, Q=B'-U,_,U] B. (12

For online learning, the subspace is updated by constructing
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a matrix from the projected components:

_ (¥ P
Mt‘( 0 orth(Q»Qt)’ (13)

where M, € RN X (k+N:) “the [ is the number of singu-
lar values in 3;_1, and orth(-) denotes the orthogonalization
operation.

Then we perform the SVD on M, := ﬂ't thVt, and update
the orthogonal basis by:

U; = [U,_4, orth(Q;)]U;. (14)

Finally, all incoming samples can be aligned to the reliable
PCA-feature subspace where the model potentially lies in,
by minimizing the following reconstruction error,

LQ(X) = ’|Zt+1 - UtU:zt+1H2 . (15)

Theorem 3.2 (Upper-Bounded Source-Domain Orthogo-
nal Basis Estimated from Reliable Target Samples). Let
Q = Upwp, Bz, 1) be the set of balls near the test
data, where B(x,1*) = {x0 : ||xo — x|| < r*}. We sample
Ny source samples from Ps N2 and Ny target samples from
Pr. Let Ug and Up denote the orthogonal bases. When
Assumptions A.1, A.2, and A.3 hold, with a probability of
1 — €, we have :

HS]H@(US,UT)”F S €u, (16)

where €, denotes an upper bound on the source-domain
covariance estimated from reliable target samples, which is
related to the prediction confidence and the prediction error
of the sampled samples.

Based on Theorems 3.2, we can reduce the estimation error
of orthogonal basis by selecting reliable samples with low
entropy and a high likelihood of being correctly predicted.
IPCA (Ross et al., 2008) proves that the orthogonal basis of
the target-domain covariance matrix can be computed via
the incremental procedure described above. This enables
aligning newly arriving target-domain samples to the source
domain in an online manner, which helps preserve structural
consistency as the target domain evolves.

3.3. The Proposed SaTeen

Based on the above intra- and inter-sample structure align-
ments, we propose a Structural Alignment-based Test-Time
Adaptation method, dubbed SaTeen for short. The frame-
work of SaTeen can be found in Fig. 2.

SaTeen performs sample selection and weighting based
on £1(A\,x) in Eq. (6) . Considering that H(p(x)) €
[0, log C] while CE(sg[p(X)] || p(x)) € [0, 4+00), to avoid

Table 1. Comparisons with baselines on ColoredMNIST and Wa-
terBirds regarding accuracy (%).

ColoredMNIST Avg Worst-Group
ResNet18-BN 65.3+0.1 20.140.1
Tent (Wang et al., 2021) 59.8410.2 13.040.7
SENTRY (Prabhu et al., 2021) 63.2+0.4 13.0+0.8
EATA (Niu et al., 2022) 63.4+0.2 20.840.2
SAR (Niu et al., 2023) 61.34+0.2 15.610.5
DeYO (Lee et al., 2024) 76.4, 4 52.7 ¢4
SaTeen (Ours) 793103 672103
Waterbirds Avg Worst-Group
ResNet50-BN 84.340.1 67.040.1
Tent (Wang et al., 2021) 83.2+0.6 54.542.0
SENTRY (Prabhu et al., 2021)  85.7+0.6 61.041.4
EATA (Niu et al., 2022) 83.040.4 54.041.3
SAR (Niu et al., 2023) 83.1410.5 53.841.4
DeYO (Lee et al., 2024) 88.2, 07 746, 5
SaTeen (Ours) 89.040.6 76.3+15

Table 2. Comparisons with baselines on ImageNet-C at severity
levels under a mixture of 15 corruptions over accuracy (%).

Mixed Shifts Lev. 5 Lev. 3 Avg.

ResNet50-GN 30.6+0.1 54.0401 423101
Tent (Wang et al., 2021)  34.241.0 33.1401 33.7+0s6
EATA (Niu et al., 2022) 382404 56.1301 472403
SAR (Niu et al., 2023) 38.3+0.5 H7.4+01 4794103
DeYO (Lee et al., 2024)  38.6+13 59.2,,,; 48.9+0.7
ReCAP (Huetal,2025) 41.7.,, 59.0x01 504,
SaTeen (Ours) 437106 605101 521404
VitBase-LN 29.9401 53.8+01 419101
Tent (Wang et al., 2021)  24.140.1  70.2401 472401
EATA (Niu et al., 2022)  56.440.1  69.640.1 63.040.1
SAR (Niu et al., 2023) 571401 70.7401 63.9+0.1
DeYO (Leeetal., 2024) 59.4,,, 721,,, 658,
ReCAP (Hu et al., 2025) 59.4,,; 71.840.1 65.6+0.1
SaTeen (Ours) 603101 723101 663101

excessively large weights for certain samples, we assign
each sample a weight

a(x) = exp(min (—£1 (A1, %), A1 logC)).  (17)

Finally, our overall sample-weighted loss is given by
Lsateon (%) = a(x) (Tcer) £1(A1, %)+ XoLa(x) ), (18)

where I(+) is the indicator function, I" is defined in Eq. (9),
and A9 is a balance parameter.

4. Experiment
4.1. Experimental Settings

Datasets and Methods For test datasets, we employ: 1)
ImageNet-C (Hendrycks & Dietterich, 2019), a widely used
TTA benchmark comprising 15 corruption types, each with
5 severity levels; and 2) ColoredMNIST and WaterBirds,
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Table 3. Accuracy (%) under single TTA on ImageNet-C across corruption types at severity level 5.

Single TTA | Noise | Blur | Weather | Digital | Ave
| Gauss. Shot Impl. | Defoc. Glass Motion Zoom | Snow Frost Fog Brit. | Contr. Elastic Pixel JPEG |
ResNet50-GN 15 198 179 19.7 11.3 21.4 249 404 473 336 693 | 363 18.6 284 522 30.6
Tent (Wang et al., 2021) 5.4 6.1 5.8 14.8 6.5 21.8 222 258 336 37 705 | 424 11.7 482 543 335
EATA (Niu et al., 2022) 28.9 309 312 19.7 19.0 31.0 32.1 41.6 424 203 70.1 43.7 16.9 49.7 56.2 36.9
SAR (Niu et al., 2023) 28.4 316 299 18.5 18.1 30.8 30.4 420 43.6 52 707 44.0 17.0 48.7 552 343
DeYO (Lee et al., 2024) 39.0 419 409 219 23.7 38.7 37.6 50.8 49.3 35 731 50.1 42.0 56.1 57.7 424
ReCAP (Hu et al., 2025) 40.5 427 418 214 2.7 40.1 41.1 16.8 486 562 729 50.5 35 56.3 57.8 39.5
SaTeen (Intra-only) 411 440 429 | 253 257 @ 4l2 375 | 535 516 577 732 | 523 46.1  58.6 58.8 | 47.1,,,
SaTeen (Intra and Inter) 42.2 454 443 324 29.9 44.0 41.1 56.6 539 603 737 | 54.0 49.9 604 598 | 49.9.0-
VitBase-LN 9.4 6.7 8.3 29.1 234 34.0 27.1 15.8 264 474 547 44.0 30.5 44.5 47.6 299
Tent (Wang et al., 2021) 423 1.7 434 51.9 479 55.1 50.1 19.3 205 664 747 64.7 52.1 66.7 64.1 48.1
EATA (Niu et al., 2022) 44.1 150 46.1 532 49.7 549 52.6 55.3 554 671 737 64.6 55.4 66.9 64.3 54.5
SAR (Niu et al., 2023) 443 13.0 455 529 50.0 55.7 514 56.4 552 664 747 64.4 55.1 66.7 64.0 544
DeYO (Lee etal., 2024) 53.0 532 538 58.1 58.5 63.2 58.5 67.0 658 734 782 | 68.1 67.7 732 70.0 64.1
ReCAP (Hu et al., 2025) 47.6 457  46.0 56.2 553 60.8 57.0 63.7 635 720 773 67.3 63.8 71.6 68.6 61.5
SaTeen (Intra-only) 543 550 555 | 588 594  64.6 60.3 | 683 664 73.6 782 | 68.3 689 739 706 | 65.1,,,
SaTeen (Intra and Inter) 54.7 554 55.6 59.2 59.9 64.9 61.9 68.5 66.6 736 784 | 68.1 69.1 74.1 70.7 | 65.4+0.1
Table 4. Accuracy (%) of continual TTA on ImageNet-C across corruption types at severity level 5.
Continual TTA | Noise | Blur | Weather | Digital | Avg.
| Gauss. Shot Impl. | Defoc. Glass Motion Zoom | Smow Frost Fog Brit. | Contr. Elastic Pixel JPEG |

ResNet50-GN 18.0 198 179 19.8 11.3 21.4 249 404 473 336 693 | 363 18.6 284 523 30.6
Tent (Wang et al., 2021) 16.2 5.5 0.9 12.6 8.1 10.2 7.5 15.0 44 1.8 16.6 2.5 0.2 1.7 8.2 8.2
EATA (Niu et al., 2022) 22.1 327 369 18.9 209 23.1 26.3 39.9 446 457 67.6 423 24.1 42.6 549 36.2
SAR (Niu et al., 2023) 23.1 335 373 18.6 19.9 229 26.0 39.4 43.6 447 67.1 41.5 23.7 42.0 53.6 35.8
DeYO (Lee et al., 2024) 28.0 41.1 436 17.2 21.2 24.7 31.7 42.0 47.1 510 70.0 | 482 272 51.6 56.8 40.1
ReCAP (Hu et al., 2025) 19.1 247 273 20.4 159 26.5 29.6 42.8 443 485 70.0 | 443 22.0 45.0 559 36.4
SaTeen (Intra-only) 37.1 398  39.0 20.6 22.6 36.8 354 473 471 539 725 48.8 36.6 541 569 | 43.2,,,
SaTeen (Intra and Inter) 35.0 478 479 27.1 30.1 38.8 38.8 48.9 535 579 70.1 | 517 41.1 58.3 594 | 471410
VitBase-LN 47.0 482 479 315 21.2 41.5 36.7 50.1 458 423 736 8.6 42.5 62.0 63.8 442
Tent (Wang et al., 2021) 47.8 51.1 508 342 27.0 45.5 41.6 56.0 523 497 76.1 272 45.3 65.6 66.1 49.0
CoTTA (Wang et al., 2022) 47.1 484  48.6 31.7 21.9 429 38.0 51.8 473 447 741 10.0 43.6 63.6 64.8 452
EATA (Niu et al., 2022) 50.3 55.8 553 425 40.2 54.6 492 59.1 562 59.0 759 42.9 51.1 67.5 67.9 55.1
SAR (Niu et al., 2023) 50.7 562 55.1 41.8 39.1 539 482 58.7 559 582 762 42.8 50.1 67.1 67.3 54.8
DeYO (Lee et al., 2024) 53.0 577 584 54.1 58.1 61.6 355 62.4 632 704 76.8 64.7 67.2 71.7 69.3 61.6
ViDA (Liu et al., 2024b) 52.3 575 571 47.8 43.1 54.5 51.1 61.1 573 593 757 47.2 50.9 66.5 66.9 56.6
CMAE (Liu et al., 2024a) 53.7 58.1 575 48.6 45.1 56.7 593 658 642 357 766 39.7 62.5 70.8 68.6 57.5
ReCAP (Hu et al., 2025) 379 478 529 49.1 50.9 56.3 53.1 58.4 615 658 763 62.8 579 67.3 67.2 57.7
REM (Han et al., 2025) 56.5 619 60.8 46.8 51.0 56.5 572 62.5 648 646 768 532 58.4 71.1 69.8 60.8
SaTeen (Intra-only) 51.1 56.8 58.0 545 58.1 61.3 54.1 62.7 642 70.5 769 | 654 66.0 71.4 692 | 62.7,44
SaTeen (Intra and Inter) 53.6 53.8 544 58.7 59.2 63.9 60.5 67.5 66.1 73.0 78.1 68.6 67.9 735 70.1 | 64.610.5

two benchmarks with extreme spurious correlation shifts.
We conduct single TTA and continual TTA experiments
on ImageNet-C under mild and wild (e.g. imbalance la-
bels) scenarios. Besides, we include spurious correlation
benchmarks on ColoredMNIST and Waterbirds to evaluate
robustness under shortcut features. We select Tent (Wang
et al., 2021), SENTRY (Prabhu et al., 2021), EATA (Niu
et al., 2022), CoTTA (Wang et al., 2022), SAR (Niu et al.,
2023), CMAE (Liu et al., 2024a), DeYO (Lee et al., 2024),
ViDA (Liu et al., 2024b), REM (Han et al., 2025), Re-
CAP (Hu et al., 2025) as the baseline for comparison.

Models and Implementation Details We conduct exper-
iments on ResNet18-BN, ResNet50-GN and VitBase-LN
that are widely used in TTA studies. For our SaTeen, we
use SGD with a momentum of 0.9, and a batch size of 64
(except for the experiments of batch size = 1), and learning
rate of 0.00025/0.001 for ResNet/ViT models under single
TTA scenario and 0.001/0.001 for continual TTA scenario.
A1 and As in Eq. (18) are set to 0.4 and 0.05, respectively;
the threshold 7 is set to 0.2 x logC'; k is set to 64. For

trainable parameters of SaTeen during TTA, we adapt the
affine parameters of batch/group/layer normalization layers
in ResNet18-BN/ResNet50-GN/VitBase-LN, similar to the
Tent (Wang et al., 2021). More details and parameter set-
tings can be found in Appendix D. The code is available at
https://github.com/scienceliuc/SaTeen.

4.2. Main Results

Biased Scenario We present the evaluation of SaTeen un-
der a biased scenario characterized by spurious correlations,
conducted on the ColoredMNIST and Waterbirds bench-
mark datasets. As shown in Table 1, SaTeen achieves the
SOTA performance, surpassing DeYO (Lee et al., 2024) by
2.9% and 0.8% in average accuracy, and by 14.5% and 1.7%
in worst-group accuracy on the two datasets, respectively.
The proposed SaTeen benefits from intra-sample structure
alignment, effectively enhancing dominant-features learning
from reliable samples.

Mixed Shifts This is a more realistic and complex scenario
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Figure 5. Accuracy (%) of single and continual TTA on ImageNet-C across corruption types under imbalance labels at severity 5.

involving mixed shifts, where the model must adapt to a
sequence that mixes all 15 ImageNet-C corruption types at
varying severity levels. Table 2 reports the average accu-
racy. We can see that SaTeen achieves the highest accuracy
at both severity levels for ResNet50-GN and VitBase-LN
backbones, establishing a new SOTA with an average accu-
racy of 52.1% and 66.3%, respectively. Besides, our method
consistently outperforms all strong baselines, including Re-
CAP (Hu et al., 2025) and DeYO (Lee et al., 2024). These
results demonstrate that the structural alignment in SaTeen
provides a generalized and robust adaptation strategy, ef-
fectively handling the compounded challenge of diverse
corruption types and severity levels.

Single TTA We evaluate the proposed method on the stan-
dard single TTA task, where a model must adapt to a single,
persistently shifted target domain. The experiment is con-
ducted using the ImageNet-C benchmark, which applies 15
distinct corruption types spanning noise, blur, weather, and
digital categories to the ImageNet validation set, serving
as the target domains for adaptation. As shown in Table 3,
SaTeen consistently achieves the highest average accuracy
across all corruption types for both backbones. Specifically,
it surpasses DeYO (Lee et al., 2024) by a significant margin
of 7.5% for ResNet50-GN and 1.3% for VitBase-LN. Fur-
thermore, the ablation study within the table demonstrates a
clear gain when employing both structural alignments over
only intra-sample alignment. Benefiting from the two align-

ments, SaTeen achieves the SOTA performance to handle
diverse and challenging in single TTA.

Continual TTA This is a more challenging scenario, where
the model must sequentially adapt to a stream of different
distribution shifts over time. The evaluation is performed
on the same ImageNet-C benchmark, with the model adapt-
ing to each of the 15 corruption types in sequence. As
shown in Table 4, SaTeen establishes a new SOTA perfor-
mance, achieving the highest average accuracy of 47.1%
for ResNet50-GN and 64.6% for VitBase-LN. Our method
delivers a significant improvement compared to strong base-
lines, including DeYO (Lee et al., 2024) and REM (Han
et al., 2025). Besides, SaTeen (Intra and Inter) is better than
SaTeen (Intra-only), implying that the combination of both
alignments leads to more improvements. On the other hand,
the inter-sample structure alignment under continual TTA
yields larger improvements than under single TTA scenario.
It shows IPCA provides effective subspace transformation
for continues model adaption.

Imbalance Label Scenario Besides, we assess the robust-
ness of SaTeen under imbalance label scenario (Niu et al.,
2023), where a large number of samples belonging to the
same class arrives in a concentrated manner, through ex-
periments on both single and continual TTA. As shown in
Fig. 5, SaTeen maintains consistently strong and stable per-
formance across nearly all corruption types in both adapta-
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Figure 6. Hyperparameter experiments of SaTeen on ImageNet-C under single and continual TTA at severity 5.

Table 5. Ablation study of different components on ResNet50-GN
under continual TTA. (2)- - - (15) indicate different cases.

Al A2 T o Avg

DeYO - - - = 401
Tent 8.2
) v 34.2
3) v 23.4
@) v 27.3
5) v v 36.8
(6) v v 38.5
@) v v 31.5
®) v vV 42.3
©)] v 82
(10) v v 135
(11) v v 324
(12) v v 403
(13) v v v 370
(14) v v v 432
(15) v Y v 348
SaTeen v v Vv v 471

tion modes, significantly outperforming established baseline
methods. Notably, it demonstrates a remarkable ability to
preserve high accuracy under extreme shifts and effectively
mitigates catastrophic forgetting during sequential adapta-
tion. These findings confirm the exceptional robustness of
SaTeen in imbalance label scenarios, attributable to the ef-
ficacy of the structural alignment mechanism in managing
complex and varied real-world distribution shifts. Detailed
results for the imbalanced label setting, severity level 3, and
batch size I are provided in the Appendix B.

4.3. Hyperparameter and Ablation Study

We conduct hyperparameter sensitivity studies on k, Aq,
A2, and the definition of the negative sample. As shown in
Fig. 6, the results indicate that both intra-sample structural
alignment and inter-sample structural alignment lead to clear
performance improvements, while being insensitive to the
choice of hyperparameters. In particular, even the negative
sample definition that randomly samples another instance
from the current batch outperforms DeYO (Lee et al., 2024)
in both single TTA and continual TTA under mild scenarios.

Table 6. Comparison of different methods in terms of the number
of parameters on VitBase under continual TTA, time taken for
processing, and accuracy (%) on the test set.

Method Parameters Time Acc
VitBase-LN 0 - 442
Tent (Wang et al., 2021) 0.04M 8m35s  49.0
SAR (Niu et al., 2023) 0.04M 17m21s  54.8
DeYO (Lee et al., 2024) 0.04M 10m17s 61.6
ViDA (Liu et al., 2024b) 93.7M 54m48s  56.6
CMAE (Liu et al., 2024a) 86.5M 59m56s  57.5
REM (Han et al., 2025) 0.03M 17m21s  60.8
ReCAP (Hu et al., 2025) 0.04M 13md5s  57.7
SaTeen (Ours) 0.04M 12m21s  64.6

However, this definition becomes ineffective in imbalance
label and batch size 1 scenarios.

To assess the contribution of each component, we further
conducted ablation studies: Table 5 shows that the intra-
sample structural alignment is the most critical component
in SaTeen. Notably, even without sample selection, it still
outperforms the SOTA DeYO (Lee et al., 2024). Moreover,
using intra-sample structural alignment alone achieves per-
formance comparable to using sample selection alone. We
also observe that combining intra-sample structural align-
ment and inter-sample structural alignment further boosts
the model performance. More ablation studies are provided
in the Appendix C.

4.4. Efficiency Comparison

We conduct an efficiency comparison of different methods,
as shown in Table 6. In terms of trainable parameters, our
SaTeen only requires training 0.04M parameters, which is
comparable to Tent (Wang et al., 2021), SAR (Niu et al.,
2023), and DeYO (Lee et al., 2024), and is second only to
REM (Han et al., 2025). Regarding training time, SaTeen
achieves competitive efficiency, being slightly slower than
Tent (Wang et al., 2021) and DeYO (Lee et al., 2024). De-
spite its lightweight design, SaTeen attains the best accuracy
among all compared methods.
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5. Conclusion

In this paper, we propose SaTeen for Test-Time Adaptation
(TTA) by combining intra- and inter-sample structural align-
ments. The theoretical analysis and extensive experimental
results demonstrate that SaTeen outperforms existing meth-
ods, including ReCAP and DeYO, under both single-domain
and continual TTA scenarios. The integration of structural
alignment helps the model adapt effectively while can miti-
gate model collapse and catastrophic forgetting, achieving
state-of-the-art results across various benchmarks.
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Appendix

The appendix is organized as follows:

* Appendix A contains all missing proofs in the main manuscript.

* Appendix B presents additional experimental results on supplementary datasets.
* Appendix C provides further ablation studies and visualizations.

* Appendix D details the datasets and the methods used for comparison.

* Appendix E expands on related work in relevant fields.

A. Theoretical Proof

Assumption A.1 (Strong Density Condition). Given the parameters p~, ™, ¢, ¢f, ¢ > 0, we assume that the distributions
Ps and Pr are absolutely continuous with respect to the Lebesgue measure A[-] in Euclidean space. Let B(x,7) = {x’ :
||[x" — x|| < r} denote the closed ball center at point x with radius . We further assume that Va; ~ Pr and r € (0, 1], the

following conditions hold:
A[Ps N B(xg, )] > et A\[B(x, 1))

AMPr N B(zy, )] > ¢ A[B(x,7)]

- .- +
o<y SHOR S T S K

Assumption A.2 (L-Lipschitz Continuity). Let f(-;60) = g(h(-;0)) be an estimated hypothesis on H. We assume that there
exists a constant L such that Vx1,xs € Pg U Pr and V01, 05, the encoder h(-) satisfies the following condition:

[A(x150) — hix2;0)| < Lllx1 — x|

and
[A(x;01) — h(x; 02)|| < L[[61 — 0o

Assumption A.3 (Taylor Approximation). Let f(-;6) = g(h(-;0)) be a L-Lipschitz Continuous hypothesis on H. Let
z = h(x;60) and f(x;0) = g(z). We assume that there exists a constant 7* such that Va1, 29 € PgUPr, if |21 — 22| < r*,
then f(x2;6) = g(z2) can be approximated using the first-order Taylor expansion at z; as follows:

f(x2;0) = f(x1;0) + Jg(21)(22 — 21) + o(||z1 — 22||)

where f(x1;6) = g(z1), J4(2z1) is the Jacobian matrix of ¢ evaluated at z1, and o(]|z; — z2||) represents the higher-order
terms in the expansion.

Proof of Theorem (2.2).

Theorem A.4. (Imbalanced Prediction Induces Model Collapse) With specific assumptions, if the § is sufficiently large,
then there exists a parameter-update direction v € RI®!, where ® denotes the model parameter space. The following
properties hold:

(1) For a sample x, its likelihood on c, i.e, p.(X), increases monotonically along v;

(2) For a sample x, when p. becomes sufficiently large, the Hessian of the entropy H (p(x)) attains its minimum eigenvalue
along the collapse direction v, namely

Amin (V2H(p(x))) = v VZH(p(x)) v < 0.

(3) On the target-domain distribution, the EM gradient and the parameter update have a positive projection onto v, i.e.,
Exnpro [(VH(P(X)), V)] > 0.

12
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Proof. (1) Let H(-) denote the entropy function. Let h(+; ;) and ¢(-) denote the encoder and the classifier, respectively.
Given an input z, let

z = h(x;0),) € R?

be the encoder output, and
u = g(z) € Rl

be the logits. Let W denote the weight matrix of g, and W the weight vector corresponding to class c.

As in the Tent (Wang et al., 2021) setting, we only update the parameters of the normalization layers, we construct a feature
direction v = vy, such that

vy =V, (r—r ) .

where r is a feature direction satisfying r " z # 0, that is, for samples containing noisy features. Here, v}, is the direction in
the normalization-layer parameters that amplifies the feature component along r.

This direction v = v;, induces a change in logits:
Au = Wr.

By choosing Wcr > 0 and Wjr < 0. Since d > C, the direction r is attainable. We ensure
Au, > 0, Au; <0 forj #c.

Thus, moving along v increases ., and hence p. = softmax(u). monotonically. This proof is inspired by (Chen et al.,
2026). O

Proof. (2) Let p = softmax(u) , we have

2
[ViH] = O°H

= pi(6i; — p;) (H — log p; — 1).
ij aulauj p(63 pj)( ogp )

Asp. — 1,let p =1 —p. — 0T, and for p; ~ ML:[ for j # c. Then in the Hessian matrix,
0*H
92 pe(1—pc)(H —logp. — 1), Diagonal for c,
uC
0*’H
2 = p;(1 —p;)(H —logp; — 1), Diagonal for j # c,
u“
J
0*’H
du; Ou; = —pip;(H —logp; —logp; — 1), Off-diagonal.

we obtain the following approximation:

IC]—1
~ (1= u(H + = 1) = u(p1 ~1) ~ -,
ou2 (1= p)p(H +p—1) = p(plog P Iz
’H [ €| — 1 1 ICl—1
~ 1 —1 _ 1) ~ 1 >0,
ou? \C|71(Mog 0 ®lel—1 cl—1% 4
02H
pi(—1 0
Fus 0w pipj(—logp;) >
That is, as p. — 1, we have
VIViHV — Anin(V5H).
This proof is inspired by (Jin et al., 2017; Chen et al., 2026). O

13
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Proof. (3)

The entropy of the softmax distribution induced by logits u = {uk}g:1 is

Uk

e ws
H(p)z—zpk x)logpr(x),  pr(x) = =g——,  logpi(x) =up —log) e
Zj:le / j
C Wk ¢ Uk ¢
D L) MR L o)
k= 123 167 j=1 D1 €Y j=1

Taking the derivative of H (p(x)) with respect to u;, we obtain

PH(P() __ 0 (Z) log3" e

Ou; u; Z](.’;l el
Uj . WUq c Uj __ C Uk Uy u;
_ (e“iui +e )Zj:le (yoq et up)e e
- 2 C .
(Zle e“f) 2 €
Ui . c Uj c Uk Uy C U
eviluiy e D=1 €M Uk ey e i (ui — uy)

= — o 3 = — _C 3 B 7::172’...70-
(Z]:l euj) (zg:l euj)

The entropy has a negative gradient with respect to the largest logit, a positive gradient with respect to the smallest logit,

while the sign for the remaining logits is generally indeterminate. From (1), we know that . is monotonic along the

direction v. Therefore, when the predicted class of x is ¢, we have <8géx) , v> > 0. When the imbalance predicate rate §

is sufficiently large, we assume that the collapse direction is consistent across all samples, i.e., aligned with v. We partition
the target-domain distribution into two sets, A and B, where A contains samples whose predicted class is ¢, and B contains
samples whose predicted class is not c¢. Thus, we have:

Ex~prx) (VH(p(X)), v)] = 0 Exea (VH(p(x)), v)] + (1 = 0) Exes (VH(p(x)), V)]

Taking the derivative of H (x) with respect to 6 and applying the chain rule, we obtain

VoH (x) = <8h((;; 9)) WLV, H (x).

By Assumption A.2, h(x; ) is L-Lipschitz in 6, and W is constant, which implies || Vgh(x;6)||op < L. Moreover,
1
VB )|, < f<1ogc+z+ )

then, we have

HVOH ||2 <L|W|op\@<10g6+2+i> )

H2 is bounded. Consequently, its projection onto any direction v is also bounded. We denote an upper
bound by
[(VeH (x), v)| < M

Moreover, we assume
Exeal(VH(p(x)), V)] > my > 0,  Exep[(VH(p(x)), V)] > —M,

14
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where m . indicates that the expected directional derivative over set A is bounded away from zero. Let § = P(x € A) so
that P(x € B) =1 — 4. Then

]EXGPT[<VH(p(X))’ V>] = 6]EXEA[<VH(I)(X)) ) V>] + (1 - 6) EXEBKVH(I)(X)) ) V>] > 6m+ - (1 - 6)M

Hence, whenever
M
M —|— m+ ’
Theorem (2.2)(3) holds. O

o >

Proof of Theorem (3.1).

Theorem A.5. (The L()\1,x) Loss Mitigates Model Collapse) For a batch of samples {x;}~": that the imbalance
prediction rate is 0, even though 0 is large, if A\ is sufficiently large, then after a L1(\1,%)-loss gradient update, the
parameter update has a non-positive projection onto v, i.e.,

Expr 0 (VL1 (M, (x)), ¥)] < 0.

Proof: The following gives the derivative of the entropy H (x) with respect to u;:
ICE(sglp(x)] [p(x)) _ 0(=> pi(X)logpi(x))

aui aui

9% p(x) (uL —log3_; eﬂj)
- 8“1'
== > (%) — PR i)

As can be seen, when X is also predicted as class ¢, the derivative of CE(sg[p(X)] || p(x)) w.r.t. the target logit u, is
negative. Hence, along the direction v we have

(Vo — CE(sglp()) | p(x)) ), v) < 0.

Since x is the structure-disrupted counterpart augmentation of x and retains only noisy features, we further assume

Exery | (Vo — CE(sglp(®)] [ p() ). v)] <m- <0,

where m_ indicates that the expected directional derivative over Pr is bounded away from zero (in the negative direction).

Therefore, the expected directional derivative of £; over the target distribution Py satisfies
Exnpr[(VoLi(A1; %), V)] = 6 Exea[(VoH(P(x)) , V)] + (1 = 6) Exe[(VoH (P(x)), V)] = A1 Expr (Vo H (P(x)) , V)]
<dmy—(1—=06)M+ I\ m_.

Hence, whenever
dmy —(1—-0)M

m_

AL > —

Theorem (3.1) holds.

Proof of Theorem (3.2)

Lemma A.6 (Upper-Bounded Source-Domain Covariance Estimated from Reliable Target Samples). Let 2 :=
Uy~p, B(x,7*) be the set of balls near the test data, where B(x,r*) = {xo : [[xo — x[| < r*}. We sample N,
source samples from Pg N Q and Ny target samples from Pp. Let Vg and V denote the covariance matrices. When
Assumptions A.1, A.2, and A.3 hold, with probability at least 1 — €, we have:

Vs — Vr|r < e. (19)

Here, e, denotes an upper bound on the source-domain variance estimated from reliable target samples, which is related to
the prediction confidence and the prediction error of the sampled instances.
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Lemma A.6 is taken from (You et al., 2025).

Lemma A.7 (Davis-Kahan). For real symmetric matrices, given spectral gap 5, we have

Jsin6(Us, Up) < 2 =YlE,
where Ug and Ur are the orthogonal bases.
Combining Lemma A.6 and Lemma A.7, we have:
Isin ©(Us, Ur)p < eu = %, (20)

which yields Theorem 3.2.

Why CE(sg[p(X)] || p(x)) not CE(sg[p(x)] || p(X)) The following gives the derivative of the entropy H (x) with respect
to 0:

OH(x) _ 0(= 3 pi(x)logpi(x))

B Opi(x)
= =3 (logpi(x) + 1) L,

The following gives the derivative of the cross-entropy CE(sg[p(X)] || p(x)) with respect to 6:
ICE(sglp(X)] [ p(x)) _ 0 (= pi(X)logpi(x))

00 B 00
L pi(X) Opi(x)
B Z pi(x) 00 >’

pi(X)
where the i) > 0.
The following gives the derivative of the cross-entropy CE(p(x) || sg[p(X)]) with respect to 6:

ICE(p() [[sglp(X)]) _ 9 (=2 pi(x)log pi(x))
00 00

== <10g pi(X) apgéx)> :

where the log p;(X) < 0.

When we mainly focus on the influence of op 5(x) for reliable samples, i.e., low-entropy samples where c is the predicted

class, we have 1 + log p.(x) > 0. In this case, the gradient direction of CE(sg[p(X)] || p(x)) is consistent with that of
H (x). Therefore, applying a negative sign suppresses the EM gradient contributed by this term, but CE(sg[p(x)] || p(X))
cannot.

Derivation of Entropy Decouple, Eq. (2).

Proof. By definition, the predictive entropy is

Zpl x) log p; (x
c
=— Z pi(x) | wi — log Z et
:_sz X)u; + IOgZSUJ

This is exactly Eq. (2) 0.
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Derivation of £, (\1, x) Decouple, Eq. (7).

Proof. By definition, the loss in (6) is

c
L1(A,x) = — sz-(X) logpi(x) — A1 ZpL ) log pi(x)

zgl

==Y (Pz‘(x) - Alpi(i)) log pi (x)
i=1
c c

=_ Z (pi(x) - Alpi(i)> U; — logz e"i
i=1 j=1
c c

= — Z (pi<X) — )qu(fc))ul —|— (1 — Al) logz euj.
i=1 j=1

which matches Eq. (7). O

B. Further Experiments
B.1. Wild TTA

Table 7. Accuracy (%) of Single TTA on ImageNet-C across corruption types under label shifts at severity level 5.

Wild TTA | Noise | Blur | Weather | Digital | Avg.
| Gauss. Shot Impl. | Defoc. Glass Motion Zoom | Snow Frost Fog Brit. | Contr. Elastic Pixel JPEG |

ResNet-50-GN 179 197 178 | 199 114 214 247 | 403 472 334 692 | 363 186 283 522 | 310
Tent (Wang etal., 2021) | 162 55 09 | 126 8.1 10.2 75 | 150 44 18 166 | 25 0.2 17 82 | 82
SAR (Niu et al., 2023) 346 365 359 | 189 215 335 329 | 275 447 496 716 | 468 68 519 562 | 379
DeYO (Leeetal., 2024) | 41.1 440 427 | 224 239 414 60 | 527 503 579 731 | 523 456 591 59.1 | 4438
ReCAP (Huetal,2025) | 419 446 428 | 130 145 430 28 | 98 186 587 729 | 528 23  60.1 593 | 358
SaTeen (Ours) 426 453 436 | 352 325 462 329 | 589 552 625 736 | 549 532 629 607 | 507

VitBase-LN 95 68 82 | 290 234 339 270 | 159 265 472 546 | 441 305 445 478 | 285
Tent (Wangetal., 2021) | 380 1.0 367 | 544 521 580 518 | 113 113 69.1 760 | 659 562 69.1 662 | 47.8
SAR (Niu et al., 2023) 507 562 551 | 418  39.01 539 482 | 587 559 582 762 | 428 501 671 673 | 548
DeYO (Leeetal.,2024) | 53.0 577 584 | 541 581  6L6 355 | 624 632 704 768 | 647 672 7L 693 | 616
ReCAP (Huetal,2025) | 379 478 529 | 49.1 509 563  53.1 | 584 6L5 658 763 | 628 579 673 612 | 517
SaTeen (Ours) 535 536 542 | 583 591 641 621 | 683 664 731 780 | 666 691 737 701 | 647

We evaluate the robustness of adaptation methods under a challenging Wild Scenario with significant label shifts. Table 7
presents the wild TTA experimental results for a source model pre-trained on ImageNet, using each corruption on ImageNet-
C as the target domain. The model sequentially adapts to the target domains over time, and we compare the average error for
each domain. SaTeen consistently outperforms all baseline methods across all 15 corruption types in terms of accuracy,
demonstrating the effectiveness of our approach. This advantage holds across both ResNet-50 and Vision Transformer
backbones. Compared with the current state-of-the-art method for mild continual test-time adaptation, DeYO (Lee et al.,
2024), SaTeen achieves a 5.9% absolute accuracy improvement under the ResNet-50 backbone and a 3.1% improvement
under the Vision Transformer backbone.

We evaluate continual test-time adaptation under a wild scenario with severe label shifts, assessing the model’s ability to
sequentially adapt to multiple different corruptions over time. The experiment is conducted on ImageNet-C at severity level
5, and the detailed accuracy for each of the 15 corruption types alongside the final average is presented in Table 8. The
results show that SaTeen achieves the best overall performance, with an average accuracy of 50.4% for ResNet-50 and
61.0% for Vision Transformer. It demonstrates a significant improvement of 10.9% over the prior best method DeYO (Lee
et al., 2024) with ResNet-50 and maintains a consistent advantage across most corruption types, particularly in challenging
ones like defocus and motion blur. This confirms that the dual structural alignment in SaTeen effectively prevents error
accumulation and enables robust long-term adaptation in highly unstable real-world environments.

We examine the performance of adaptation methods under an extreme yet practical condition. The experiment is conducted
on the ImageNet-C benchmark at severity level 5, testing Single TTA performance across all 15 corruption types when only
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Table 8. Accuracy (%) of Continual TTA on ImageNet-C across corruption types under label shifts at severity level 5.

Wild CTTA | Noise | Blur | Weather | Digital | Avg.
| Gauss. Shot Impl. | Defoc. Glass Motion Zoom | Snow Frost Fog Brit. | Contr. Elastic Pixel JPEG |

ResNet50-GN 17.9 19.7 178 199 11.4 21.4 24.7 403 472 334 692 | 363 18.6 283 522 | 31.0
Tent (Wang et al., 2021) 14.9 34 0.6 12.1 6.5 6.1 42 8.4 1.7 0.9 9.4 1.2 0.1 0.8 5.7 5.1

SAR (Niu et al., 2023) 22.8 336 375 18.3 19.9 21.3 24.0 383 428 432 664 | 403 235 409 528 | 350
DeYO (Leeetal.,2024) | 328 455 461 | 152 215 139 241 | 423 482 524 696 | 483 237 528 567 | 395
ReCAP (Hu et al., 2025) 23.4 341 378 18.8 19.9 232 26.1 39.7 435 459 679 | 427 23.0 434 544 | 369
SaTeen (Ours) 37.1 484 48.1 25.7 30.5 39.0 43.0 500 525 586 699 | 517 44.1 581 589 | 504

VitBase-LN 9.5 6.8 8.2 29.0 23.4 339 27.1 159 265 472 546 | 44.1 30.5 445 478 | 285
Tent (Wang et al., 2021) 27.4 389 464 41.8 43.6 51.9 47.8 53.3 573 615 749 | 59.0 50.8 63.5 64.7 | 515
SAR (Niu et al., 2023) 48.2 53.8 562 534 55.6 59.2 55.9 614 634 688 764 | 63.6 62.1 69.9 68.1 | 60.8

DeYO (Lee et al., 2024) 53.3 569 57.1 49.6 46.6 53.5 453 583 589 656 753 | 60.1 61.6 703 674 | 58.6
ReCAP (Hu et al., 2025) | 42.6 514 548 51.9 53.8 58.3 54.4 602 631 679 76.6 | 63.3 60.2 693 67.8 | 59.0
SaTeen (Ours) 484 552 571 54.4 571 60.6 55.6 632 645 704 769 | 65.2 65.4 71.5  68.7 | 61.0

Table 9. Accuracy (%) under Single TTA on ImageNet-C across corruption types under batch size 1 at severity level 5.

Single TTA | Noise | Blur | Weather | Digital | Avg.
| Gauss. Shot Impl. | Defoc. Glass Motion Zoom | Snow Frost Fog Brit. | Contr. Elastic Pixel JPEG |

ResNet-50-GN 18.0 19.8 179 19.8 11.4 21.4 249 404 473 336 693 36.3 18.6 28.4 52.3 | 30.6

Tent (Wang et al., 2021) 2.5 29 25 135 3.6 18.6 17.6 15.3 23.0 1.4 704 | 422 6.2 49.2 53.8 | 21.5

EATA (Niuetal,2022) | 249 280 258 | 183 170 312 298 | 425 441 413 709 | 442 276 468 554 | 365
SAR (Niu et al., 2023) 255 280 249 | 187 163 286 314 | 462 449 334 728 | 443 153 471 561 | 35.6
DeYO (Leeetal., 2024) | 412 443 425 | 224 247 418 219 | 548 516 219 73.1 | 532 485 598 59.6 | 44.1
ReCAP (Huetal,2025) | 41.6 448 423 | 95 196 443 462 | 76 531 351 73.1 | 53.6 236 607 60.5 | 41.0
SaTeen (Ours) 417 452 443 | 323 297 440 367 | 574 544 302 739 | 553 502 610 6L1 | 478

one sample is available per adaptation step. The detailed accuracy for each corruption and the final average are presented
in Table 9. Our analysis shows that SaTeen achieves the highest average accuracy of 47.8%, outperforming all baseline
methods. While performance varies across different corruption types, SaTeen demonstrates superior robustness, especially
in challenging categories like defocus, glass, and motion blur. These results confirm that the dual structural alignment in
SaTeen remains highly effective even under severe data efficiency constraints, making it suitable for real-world scenarios
where adaptation must occur sequentially with minimal memory footprint.

Table 10. Accuracy (%) of Single TTA on ImageNet-C across corruption types under label shifts at severity level 3.

Wild Single TTA | Noise | Blur | Weather | Digital | Avg.
| Gauss. Shot Impl. | Defoc. Glass Motion Zoom | Snow Frost Fog Brit. | Contr. Elastic Pixel JPEG |
ResNet50-GN 54.5 529 531 44.1 21.1 49.5 39.0 54.9 540 558 753 69.8 59.6 59.5 66.2 | 53.3

Tent (Wang etal., 2021) | 58.8 586 587 | 377 273 548 429 | 5.1 410 624 752 | 702 630 636 664 | 56.1
SAR (Niu et al., 2023) 603 600 60.1 | 459 375 580 493 | 578 532 651 762 | 710 670 656 673 | 59.7
DeYO (Leeetal,2024) | 635 637 633 | 547 449 623 550 | 617 582 692 767 | 731 710 698 695 | 63.1
ReCAP (Huetal,2025) | 637 638 632 | 550 452 625 560 | 61.6 580 69.1 768 | 73.0 709 700 695 | 63.5

SaTeen (Ours) 64.6 64.6 64.1 56.5 51.2 64.7 58.4 644 606 712 771 | 74.0 72.4 71.6 709 | 65.7
VitBase-LN 51.5 46.8  50.3 48.6 37.1 54.6 413 352 334 675 690 | 747 65.8 659 635 | 527
Tent (Wang et al., 2021) 68.7 68.0 68.0 67.8 64.1 70.7 63.6 678 384 763 787 | 794 759 76.8  73.6 | 68.4

SAR (Niu et al., 2023) 637 681 682 | 680 645 708 639 | 680 661 764 788 | 794 761 769 7137 | 704
DeYO (Leeetal.,2024) | 717 717 714 | 707 689 738 688 | 726 699 77.6 803 | 796 782 790 767 | 73.1
ReCAP (Huetal,2025) | 715 713 713 | 705 686 733 686 | 720 697 779 802 | 798 780 788 76.5 | 73.0
SaTeen (Ours) 713 714 712 | 698 688 735 692 | 729 702 773 802 | 793 780 787 767 | 732

We evaluate single test-time adaptation under label shifts at severity level 3 to test the method’s performance across a range
of shift intensities. The experiment is conducted on the ImageNet-C benchmark, and the performance across all corruption
types is detailed in Table 10, which reports the final average accuracy for each method. The results show that SaTeen
achieves the highest average accuracy of 65.7% with ResNet-50, demonstrating clear improvements over all baselines.
With Vision Transformer, SaTeen attains a competitive average accuracy of 73.2%, matching or slightly exceeding the
performance of other top methods. These findings indicate that the dual structural alignment in SaTeen provides strong and
reliable adaptation under moderate distribution shifts, with its advantage being particularly pronounced for convolutional
network architectures.

We assess continual test-time adaptation under label shifts at severity level 3 to measure the method’s stability under
moderate sequential distribution changes. The experiment is conducted on the ImageNet-C benchmark, and the results are
summarized in Table 11, which reports the average accuracy across all 15 corruption types. The findings show that SaTeen
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Table 11. Accuracy (%) of Continual TTA on ImageNet-C across corruption types under label shifts at severity level 3.

Wild CTTA | Noise | Blur | Weather | Digital | Avg.
| Gauss. Shot Impl. | Defoc. Glass Motion Zoom | Snow Frost Fog Brit. | Contr. Elastic Pixel JPEG |
ResNet-50-GN 54.5 529 531 44.1 21.1 49.5 39.0 549 540 558 753 69.8 59.6 59.5 66.2 | 533

Tent (Wang etal., 2021) | 582 592 587 | 407 17.1 395 201 | 242 167 173 345 | 216 9.1 53 67 | 305
SAR (Niu et al., 2023) 579 616 631 | 474 331 531 482 | 515 519 632 753 | 724 643 630 689 | 583
DeYO (Leeetal., 2024) | 622 652 643 | 502 442 592 548 | 578 577 668 748 | 71.9 691 682 69.5 | 61.7
ReCAP (Huetal, 2025) | 624 654 645 | 49.8 43.7 59.3 563 | 578 58.0 668 748 | 717 692 682 695 | 618
SaTeen (Ours) 639 659 652 | 545 515 628 573 | 65 595 685 748 | 721  7L0 703 701 | 64.9

VitBase-LN 515 468 503 | 486 37.1 546 413 | 352 334 675 690 | 747 658 659 635 | 527
Tent (Wang etal., 2021) | 60.5 647 675 | 60.7 575  69.1 602 | 623 630 733 792 | 779 761 755 748 | 682
SAR (Niu et al., 2023) 60.1 646 674 | 611 580 695 607 | 628 635 737 797 | 784 766 710 754 | 685
DeYO (Leeetal,2024) | 69.9 704 677 | 632 634 696 605 | 585 648 703 764 | 746 568 733 709 | 674
ReCAP (Huetal,2025) | 666 705 715 | 670 652 723 652 | 67.6 673 745 80.0 | 786 768 774 1765 | 71.8
SaTeen (Ours) 713 720 717 | 684 682 718  68.1 | 708 684 751 786 | 773 7166 713 7156 | 72.8

obtains the highest average accuracy of 64.9% with ResNet-50 and 72.8% with Vision Transformer. It consistently achieves
better overall performance compared to all baselines, demonstrating effective and stable adaptation even when the model
must adjust sequentially to multiple different corruptions over time. These results reinforce that the dual structural alignment
in SaTeen is a reliable strategy for continual adaptation across varying intensities of distribution shift.

B.2. Mild Experiment at Severity 3

Table 12. Accuracy (%) under Single TTA on ImageNet-C across corruption types at severity level 3.

Single TTA | Noise | Blur | Weather | Digital | Avg.
| Gauss. Shot Impl. | Defoc. Glass Motion Zoom | Smow Frost Fog Brit. | Contr. Elastic Pixel JPEG |
ResNet50-GN 545 529 531 444 212 49.8 39.3 549 54.1 558 753 69.7 59.6 59.7 664 | 54.1

Tent (Wang et al., 2021) 59.1 58.6 583 39.0 279 54.7 41.1 513 414 620 752 | 70.1 62.3 637 664 | 554
EATA (Niu et al., 2022) 52.3 529 51.7 35.7 30.1 46.4 39.6 438 398 557 724 | 66.6 54.7 56.0 562 | 50.3
SAR (Niu et al., 2023) 60.8 60.5  60.2 479 36.7 58.2 49.7 579 536 650 764 | 71.0 67.0 658  67.6 | 59.9
DeYO (Leeetal.,2024) | 64.0 639 632 | 540 449 622 551 | 6L2 579 692 769 | 732 712 702 698 | 63.8
ReCAP (Hu et al., 2025) 63.1 62.8 624 53.4 419 60.9 53.6 60.0 562 68.0 769 | 727 69.8 683  68.7 | 62.5
SaTeen (Ours) 646 646 064.1 56.5 51.2 64.7 58.4 644 606 712 771 | 74.0 72.4 71.6 709 | 65.7

VitBase-LN 515 468 504 | 487 371 547 416 | 351 333 680 693 | 749 659 660 63.6 | 538
Tent (Wangetal,, 2021) | 687 680 68.1 | 682 638 709 638 | 67.6 419 763 788 | 795 759 767 737 | 69.5
EATA (Niuetal.,2022) | 653 626 636 | 630 571 663 593 | 645 610 733 769 | 759 742 748 131 | 674
SAR (Niu et al., 2023) 688 682 684 | 683 647 710 642 | 681 660 764 790 | 796 762 771 741 | 713
DeYO (Leeetal,2024) | 717 716 7L4 | 706 689 739 692 | 724 697 77.9 802 | 795 782 787 767 | 74.0
ReCAP (Huetal,2025) | 710 706 706 | 701 677 730 674 | 709 687 778 80.1 | 802 778 785 763 | 73.9
SaTeen (Ours) 727 726 725 | 714 701 745 701 | 733 708 784 809 | 804 788 794 715 | 749

We evaluate the proposed method on the standard Single Test-Time Adaptation task at severity level 3, where a model
must adapt to a single, persistently shifted target domain. The experiment is conducted using the ImageNet-C benchmark,
which applies 15 distinct corruption types spanning noise, blur, weather, and digital categories to the ImageNet validation
set, serving as the target domain for adaptation. As shown in Table 12, SaTeen consistently achieves the highest average
accuracy across all corruption types for both backbones. Specifically, it surpasses the previous state-of-the-art method,
DeYO (Lee et al., 2024), by a significant margin of 4.3% for ResNet-50 and 1.3% for Vision Transformer. Furthermore,
the ablation study within the table demonstrates a clear performance gain when employing the complete dual-alignment
framework over using only intra-sample alignment. The synergistic integration of intra-sample and inter-sample structure
alignment, as instantiated in SaTeen, provides a robust and generalized adaptation strategy that effectively handles diverse
and challenging distribution shifts encountered in Single TTA.

We examine the more challenging Continual Test-Time Adaptation setting severity level 3, where a model must sequentially
adapt to a stream of different distribution shifts over time. The evaluation is performed on the same ImageNet-C benchmark,
with the model adapting to each of the 15 corruption types in sequence. As shown in Table 13, SaTeen establishes a new
state-of-the-art, achieving the highest average accuracy of 47.1% for ResNet-50 and 64.6% for Vision Transformer. The
method demonstrates a significant advantage over strong baselines including DeYO (Lee et al., 2024) and REM (Han
et al., 2025). Notably, the performance improvement conferred by the complete dual-alignment framework, compared to
using only intra-sample alignment, is more substantial in this sequential setting, especially for the ResNet-50 backbone.
This demonstrates that the inter-sample structure alignment, which leverages a stable feature subspace built from reliable
samples, is critically effective in mitigating error accumulation and catastrophic forgetting during continual adaptation to
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Table 13. Accuracy (%) of Continual TTA on ImageNet-C across corruption types at severity level 3.

Continual TTA | Noise | Blur | Weather | Digital | Avg.
| Gauss. Shot Impl. | Defoc. Glass Motion Zoom | Snow Frost Fog Brit. | Contr. Elastic Pixel JPEG |
ResNet50-GN 54.5 529 531 444 21.2 49.8 39.3 549 541 558 753 69.7 59.6 59.7 664 | 54.1

Tent (Wang etal., 2021) | 58.5 589 583 | 400 157 335 135 | 160 92 75 171 | 76 22 20 26 | 255
SAR (Niu et al., 2023) 580 620 634 | 454 344 522 486 | 527 530 636 754 | 726 645 635 69.1 | 589
DeYO (Leeetal., 2024) | 60.8 648 64.6 | 488 373 576 517 | 550 570 653 753 | 728 680 670 697 | 60.4
ReCAP (Huetal,2025) | 60.6 646 64.6 | 483 366 577 533 | 555 572 655 751 | 725 6718 667 696 | 60.7
SaTeen (Ours) 627 660 654 | 529 476 613 566 | 61.0 600 678 755 | 728 704 695 707 | 64.0

VitBase-LN 515 468 504 | 487 371 547 416 | 351 333 680 693 | 749 659 660 63.6 | 538
Tent (Wang etal,, 2021) | 57.8 614 649 | 582 538 678 584 | 595 607 735 792 | 779 758 764 742 | 613
SAR (Niu et al., 2023) 574 609 646 | 583 537 680 585 | 597 609 740 794 | 783 760 767 746 | 66.8
DeYO (Leeetal.,2024) | 653 699 714 | 66.0 643 723 648 | 673 672 748 804 | 790 771 777 765 | 7.6
ReCAP (Huetal,2025) | 638 685 705 | 655 625 716 636 | 66.1 661 740 80.1 | 788 766 772 763 | 715
SaTeen (Ours) 727 726 725 | 714 701 745 701 | 733 708 784 809 | 804 788 794 715 | 749

non-stationary data streams.

B.3. ImageNet-R and VisDA-2021

We conduct additional experiments using the ImageNet-R (Hendrycks et al., 2021) and VisDA-2021 (Bashkirova et al.,
2022) datasets with ResNet and ViT architectures. These datasets are characterized by diverse distributions.

Table 14. Comparisons with state-of-the-art methods on ImageNet-R under mild & imbalanced label single TTA regarding Accuracy (%).
We report mean=std over 3 independent runs. The best results are in bold.

Model+Method Mild Imbalanced Label Average
ResNet50-GN  VitBase-LN Avg ResNet50-GN  VitBase-LN Avg
Noadapt Model 40.8 43.1 42.0 40.8 43.1 42.0 42.0
Tent (Wang et al., 2021) 42.1 42.6 42.4 422 46.7 44.5 43.5
EATA (Niu et al., 2022) 43.7 52.3 48.0 42.0 50.3 46.3 473
SAR (Niu et al., 2023) 45.2 54.1 49.2 444 54.4 494 493
DeYO (Lee et al., 2024) 46.1 58.2 52.2 46.7 58.5 52.6 52.4
ReCAP (Hu et al., 2025) 50.1 59.8 55.5 49.3 60.1 54.7 55.1
SaTeen (Ours) 51.2+0.4 60.9+0.1 56.1+£0.3 50.2+0.2 61.1+0.2  55.24+0.2 | 55.7+£0.3

Table 15. Comparisons with state-of-the-art methods on VisDA-2021 under mild & imbalanced label single TTA regarding Accuracy (%).
We report mean=+std over 3 independent runs. The best results are in bold.

Model+Method Mild Imbalanced Label Average
ResNet50-GN  VitBase-LN Avg ResNet50-GN  VitBase-LN Avg
Noadapt Model 43.5 44.3 43.9 43.5 44.3 43.9 43.9
Tent (Wang et al., 2021) 43.6 50.6 471 43.7 50.1 46.9 47.0
EATA (Niu et al., 2022) 44.0 49.3 46.7 43.5 51.6 47.6 47.0
SAR (Niu et al., 2023) 44.7 52.1 48.3 44.8 54.1 49.5 48.9
DeYO (Lee et al., 2024) 44.8 57.5 51.2 45.2 57.1 51.2 51.2
ReCAP (Hu et al., 2025) 46.2 59.7 53.0 48.6 59.6 54.1 53.6
SaTeen (Ours) 48.3+0.7 59.7+£0.2  5440.5 49.8+0.5 59.3+0.2  54.6+0.4 | 54.34+0.5

For both datasets, we use a mixed-domain test setup that combines mild shifts with imbalanced label distributions. This
stricter protocol is closer to practical deployment settings and provides a stronger stress test of robustness. All experiments
follow the same implementation details described in the main paper.

Table 14 summarizes the ImageNet-R results under these shifts. The conclusions mirror those on ImageNet-C: SaTeen
achieves the strongest performance across multiple architectures and evaluation scenarios.

We also assess SaTeen on VisDA-2021 and benchmark it against prior state-of-the-art test-time adaptation (TTA) methods.
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As reported in Table 15, SaTeen attains the best accuracy in every setting, consistent with the overall trends on the ImageNet
benchmarks.

Beyond aggregate results, we examine SaTeen under a broader range of distribution changes. As discussed in the main
paper, SaTeen uses an efficient approximation of region-level confidence to reduce prediction inconsistency and to improve
optimization stability. Relative to other sample-selection-based TTA baselines, SaTeen yields steady improvements across
architectures and shift types, with average gains of +0.6% on ImageNet-R and +0.7% on VisDA-2021. Together, these
findings highlight the robustness and transferability of our approach in realistic test-time conditions.

B.4. Scene Classification

Table 16. Accuracy (%) under Single TTA on Places365-C across corruption types at severity level 5.

Single TTA | Noise | Blur | Weather | Digital | Avg.
| Gauss. Shot Impl. | Defoc. Glass Motion Zoom | Smow Frost Fog Brit. | Contr. Elastic Pixel JPEG |
ResNet-50-BN 19.2 20.7 18.7 242 20.6 30.9 38.1 26.3 252 422 462 28.6 38.2 42.8 38.6 | 30.7

Tent (Wang et al., 2021) 27.0 285 262 31.0 25.8 359 40.5 302 281 449 47.1 34.8 412 460 424 | 353
EATA (Niu et al., 2022) 30.9 320 30.3 34.1 29.2 39.0 42.0 34.1 31.0 457 476 | 385 42.7 468 436 | 37.8
SAR (Niu et al., 2023) 27.2 28.8  26.2 30.9 25.7 35.9 40.3 30.5 282 447 472 | 355 41.0 458 424 | 353
DeYO (Lee et al., 2024) 31.0 322 30.1 34.1 29.0 389 41.8 339 306 459 477 | 388 42.5 469 437 | 378
SaTeen (Ours) 31.0 323 302 34.3 29.0 38.8 41.8 339 307 46.0 478 | 388 425 469 437 | 378

Table 17. Accuracy (%) under Continual TTA on Places365-C across corruption types at severity level 5.

Continual TTA | Noise | Blur | Weather | Digital | Avg.
| Gauss. Shot Impl. | Defoc. Glass Motion Zoom | Smow Frost Fog Brit. | Contr. Elastic Pixel JPEG |

ResNet-50-BN 19.2 20.7 18.7 242 20.6 30.9 38.1 26.3 252 422 462 28.6 38.2 42.8 38.6 | 30.7

Tent (Wang et al., 2021) 23.7 30.1 29.5 28.4 27.1 33.0 37.2 27.8 267  39.0 427 30.5 37.1 41.6 384 | 328

EATA (Niu et al., 2022) 28.6 340 332 31.8 30.6 37.0 40.6 323 307 434 462 | 374 415 456 425 | 370
SAR (Niu et al., 2023) 23.4 304 30.1 28.6 279 34.0 38.0 29.0 281 41.0 450 | 337 39.9 444 415 | 343
DeYO (Lee et al., 2024) 27.7 341 334 29.6 29.3 34.4 37.8 29.6 287 40.8 444 | 362 39.9 441 417 | 355
SaTeen (Ours) 27.9 343 336 30.3 29.6 349 38.0 30.1 294  41.0 444 | 36.6 39.5 442 416 | 357

Table 18. Imbalance prediction rate () on Places365-C across corruption types at severity level 5.

Imbalance prediction rate(%) | Gauss. Shot Impl. | Defoc. Glass Motion Zoom | Smow Frost Fog Brit. | Contr. Elastic Pixel JPEG
ResNet-50-GN | L1 10 12 ] 08 10 07 06 | 05 LI 10 05| 05 10 06 06

In addition to the image object classification task, we also conduct experiments on a scene classification task. We utilize
Places365 as the training set and ResNet50-BN as the pre-trained model, constructing Places365-C as the test set for the TTA
experiments. All experimental configurations are kept consistent with those used for ImageNet-C. As shown in Tables 16
and 17, it can be observed that under the Single TTA setting, EATA, DeYO, and SaTeen all achieve optimal performance.
However, in the Continual TTA setting, EATA achieves the best results, while SaTeen only ranks second. Upon analyzing
the imbalance prediction rate, as shown in Table 18, we find that in the scene classification task, these corruptions do not
introduce structural noise that causes the model to exhibit an extreme bias toward predicting a specific class. Consequently,
under these circumstances, SaTeen’s strategy of utilizing negative samples to suppress the model’s tendency to concentrate
predictions on a single class has adverse side effects.

C. Additional Ablation Study

C.1. Visualization

From Tables 19 and 20, we observe that the proposed components provide clear complementary benefits. Under single TTA,
the Tent baseline achieves an average of 30.6, while introducing the thresholding module 7 yields consistent gains (e.g.,
32.5in (2)). In contrast, enabling \; alone provides only a modest improvement (31.0 in (4)). As components are combined,
performance increases substantially: A\; with 7 reaches 34.4 (6), and activating A1, A2, and 7 together further boosts the
result to 39.7 (8), indicating strong synergy between the loss terms and the selection mechanism. Adding o can amplify this
effect in certain configurations, e.g., 42.5 in (12) and 47.1 in (14). When all four components are enabled, SaTeen attains
the best performance of 49.9, validating the necessity of the full design.
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Table 19. Ablation study of different components on ResNet50-GN under single TTA.

A A2 T a Avg

Tent 30.6
) v 32.5
3) v 30.9
4) v 31.0
(®)] v v 32.0
(6) N v 34.4
@) v Y 39.5
®) v vV 39.7
9) v 307

(10) v v 340

(11) v v 277

12y v v 45

(13) v v v 345

(14) v v v 471

(15) v v 422

SaTeen v v Vv Vv 499

Table 20. Ablation study of different components on ResNet50-GN under continual TTA. (2)- - - (15) indicate different cases.

A1l A2 T o Avg

Tent 8.2
2) v 34.2
3) v 23.4
) v 27.3
(5) v v 36.8
(6) v v 38.5
@) v 31.5
®) v v 42.3
) v 82

(10) v v 135

(11) v v 324

(12) v v 40.3

(13) v v v 370

(14) v v v 432

(15) v v 348

SaTeen v v v v 471

The continual TTA setting is more challenging: Tent drops to 8.2, yet SaTeen still improves dramatically to 47.1, demon-
strating strong robustness under sustained distribution shifts. Similar to the single-TTA case, partial variants are less stable,
whereas combining A1, 7, and « already yields strong results (e.g., 40.3 in (12) and 43.2 in (14)). Incorporating A2 on top of
these components leads to the overall best performance (SaTeen, 47.1). Overall, the ablations confirm that 7 and « are key
to stable improvements, while A1/\o contribute additional gains and work synergistically with them across both evaluation
protocols.

D. More Implementation Details
D.1. Baseline

Tent (Wang et al., 2021). We follow all hyper-parameters that are set in Tent unless it does not provide. Specifically, we
use SGD as the update rule, with a momentum of 0.9, batch size of 64 (except for the experiments of batch size = 1 and
effects of small test batch sizes), and for single TTA and biased scenario, the learning rate of 0.00025/0.001 for ResNet/ViT
models. The learning rate for batch size = 1 is set to (0.00025/32) for ResNet models. For continual TTA, the learning rate
of 0.0001/0.001 for ResNet/ViT models. The trainable parameters are all affine parameters of normalization layers.

EATA (Niu et al., 2022). We follow all hyper-parameters that are set in EATA unless it does not provide. Specifically, the
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Gaussian Noise Shot Noise Impulse Noise Defocus Blur Glass Blur

Figure 7. Visualizations of different corruption types in ImageNet-C benchmark at severity 2.

entropy constant Ey (for reliable sample identification) is set to 0.1 x log 1000. The e for redundant sample identification is
set to 0.05. The trade-off parameter 3 for entropy loss and regularization loss is set to 2,000. The number of pre-collected
in-distribution test samples for Fisher importance calculation is 2,000. The update rule is SGD, with a momentum of 0.9,
batch size of 64 (except for the experiments of batch size = 1 and effects of small test batch sizes), and for single TTA
and biased scenario, the learning rate of 0.00025/0.001 for ResNet/ViT models. The learning rate for batch size = 1 is set
to (0.00025/32) for ResNet models. For continual TTA, the learning rate of 0.0001/0.001 for ResNet/ViT models. The
trainable parameters are all affine parameters of normalization layers.

SAR (Niu et al., 2023). We follow all hyper-parameters that are set in SAR unless it does not provide. Specifically, the
threshold Ej is set to 0.4 x log 1000, the p is set to 0.05. The update rule is SGD, with a momentum of 0.9, batch size of 64
(except for the experiments of batch size = 1 and effects of small test batch sizes), and for single TTA and biased scenario,
the learning rate of 0.00025/0.001 for ResNet/ViT models. The learning rate for batch size = 1 is set to (0.00025/32) for
ResNet models. For continual TTA, the learning rate of 0.0001/0.001 for ResNet/ViT models. The trainable parameters are
all affine parameters of normalization layers.

DeYO (Lee et al., 2024). We follow all hyper-parameters that are set in DeYO unless it does not provide. Specifically,
The required hyperparameters for DeYO are 7gq, 7pLpp, and Enty. We set Entg and 7§, to 0.4 X log C' and 0.5 x log C,
respectively. ColoredMNIST and Waterbirds are binary benchmarks, and since they mostly produce one-hot predictions
due to their simplicity, we use 0.5 for a threshold of label flip. We do not use entropy filtering and set Enty = log C' for
ColoredMNIST. The update rule is SGD, with a momentum of 0.9, batch size of 64 (except for the experiments of batch size
=1 and effects of small test batch sizes), and for single TTA and biased scenario, the learning rate of 0.00025/0.001 for
ResNet/ViT models. The learning rate for batch size = 1 is set to (0.00025/32) for ResNet models. For continual TTA, the
learning rate of 0.0001/0.001 for ResNet/ViT models. The trainable parameters are all affine parameters of normalization
layers.

ReCAP (Hu et al., 2025). We follow all hyper-parameters that are set in ReCAP unless it does not provide. Specifically, the
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Tissetto 0.8 x log C, the Ly is set to 0.8, the reweight threshold is set to 3.0 for ResNet50-GN, the 7 is set to 1.5, the
Ly is set to 1.5, the reweight threshold is set to 1.5 for VitBase50-LN. The update rule is SGD, with a momentum of 0.9,
batch size of 64 (except for the experiments of batch size = 1 and effects of small test batch sizes), and for single TTA
and biased scenario, the learning rate of 0.00025/0.001 for ResNet/ViT models. The learning rate for batch size = 1 is set
to (0.00025/32) for ResNet models. For continual TTA, the learning rate of 0.0001/0.001 for ResNet/ViT models. The
trainable parameters are all affine parameters of normalization layers.

SaTeen. We follow all hyper-parameters that the 7 is set to 0.4 x log C, the \; is set to 0.4, the A, is set to 0.05, the k is set to
64. the f is set to 1. The update rule is SGD, with a momentum of 0.9, batch size of 64 (except for the experiments of batch
size = 1 and effects of small test batch sizes), and for single TTA and biased scenario, the learning rate of 0.00025/0.001 for
ResNet/ViT models. The learning rate for batch size = 1 is set to (0.00025/32) for ResNet models. For continual TTA, the
learning rate of 0.0001/0.001 for ResNet/ViT models. The trainable parameters are all affine parameters of normalization
layers.

D.2. Dataset

In this paper, we primarily evaluate the out-of-distribution (OOD) generalization capability of all methods using the widely
recognized ImageNet-C, ImageNet-R, VisDA-2021, ColoredMNIST and WaterBirds benchmark (Hendrycks & Dietterich,
2019).

ImageNet-C (Hendrycks & Dietterich, 2019) extends the original ImageNet test set (Deng et al., 2009) by introducing a
variety of distortions to assess model robustness under real-world distribution shifts. It includes 15 types of corruptions,
such as Gaussian noise, defocus blur, motion blur, snow, frost, fog, and various forms of compression and pixelation. Each
corruption is assigned five severity levels, with higher levels indicating more substantial perturbations. These distortions
simulate real-world degradation, making ImageNet-C a crucial tool for evaluating model performance in challenging
scenarios. As shown in Fig. 7, the distortions span a wide range, testing models’ ability to adapt to diverse image
degradation.

ImageNet-R (Hendrycks et al., 2021) consists of 30,000 images representing artistic renditions of 200 ImageNet classes.
These images feature creative transformations like paintings, drawings, and sculptures, sourced from platforms such as
Flickr and curated through Amazon MTurk annotators. The variations in visual style, texture, and color distribution pose
significant challenges, differing substantially from the original ImageNet images.

VisDA-2021 (Bashkirova et al., 2022), on the other hand, offers a more extensive range of domain shifts. It incorporates
images from diverse sources, including ImageNet-O/R/C.

ColoredMNIST is a modified version of the classic MNIST dataset, where the color of the digits is correlated with their
labels, introducing potential bias in the learning process. This setup encourages models to rely on color-based cues rather
than shape-based ones. The task becomes particularly challenging when this correlation is disrupted, making it an ideal
benchmark for testing generalization under distribution shifts.

WaterBirds is a binary classification task involving two types of birds (e.g., waterfowl and land birds), each associated with
a distinct environmental background. The dataset evaluates a model’s ability to handle spurious correlations in the training
data, where the model may incorrectly rely on background cues (e.g., water vs. land) instead of the bird species itself. The
primary challenge is for the model to generalize when the background context changes, forcing it to focus on more invariant,
semantically meaningful features.

E. Related Work

E.1. Incremental Learning

Incremental learning (Van de Ven et al., 2022; Wu et al., 2019; Castro et al., 2018) algorithms are designed to handle
non-stationary data, where the data distribution evolves over time. A widely used method in this domain is the Sequential
Karhunen-Loeve (SKL) algorithm, introduced by Levy and Lindenbaum (Levy & Lindenbaum, 1998). This algorithm
efficiently updates both the eigenbasis and the sample mean as new data arrives, providing a dynamic and computationally
efficient solution for continuously evolving data streams. A more refined variant of SKL was later proposed in (Lim et al.,
2004), enhancing the subspace update mechanism, particularly when the subspace mean plays a crucial role in the learning
task.
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One prominent application of incremental learning is in motion estimation, where systems need to adapt to temporal
variations in visual data. This is particularly relevant in video processing and visual tracking, where observations change
from frame to frame. In such scenarios, the subspace constancy assumption is often employed, suggesting that the low-
dimensional subspace capturing the object’s appearance or motion remains approximately stable over short time intervals.
This assumption allows for incremental updates, avoiding the need for complete retraining, thus improving both the efficiency
and stability of motion tracking across frames.

The incremental PCA algorithm (Ross et al., 2008) builds upon SKL by incorporating a forgetting factor. This factor
gradually down-weights the influence of older observations, ensuring that more recent data has a stronger impact on the
model than outdated samples. This mechanism is crucial for maintaining the model’s relevance in dynamic environments,
particularly when dealing with large-scale, continuously evolving data streams.

E.2. Contrastive Learning

Contrastive learning (Khosla et al., 2020; Wang & Qi, 2022), an unsupervised approach, focuses on learning effective feature
representations by constructing positive and negative sample pairs, enabling the model to distinguish between samples
from different categories. Recent advancements in deep learning have driven significant progress in contrastive learning,
particularly in areas such as computer vision, natural language processing, and speech processing.

MoCo (He et al., 2020) further enhanced the efficiency and stability of contrastive learning by maintaining a dynamic queue
of negative samples. Using a momentum-based update mechanism, MoCo addresses the challenge of selecting negative
samples during training, significantly improving the quality of learned representations. By increasing the distance between
the original sample and its negative counterparts in the feature space, the model can learn more accurate representations.

Beyond its success in unsupervised learning, contrastive learning has also paved the way for new methodologies in
multi-modal learning, transfer learning, and other related fields.

E.3. Test-Time Adaptation

Test-Time Adaptation (TTA) (Lin et al., 2025; Yoo et al., 2025) is an online learning paradigm that adapts deep neural
networks (DNNs) pretrained on a source domain to unseen target distributions at test time, aiming to improve robustness
under distribution shifts. Recent TTA studies mainly focus on self-supervised adaptation, where only a subset of model
parameters is updated without access to source data or its statistics (Lee et al., 2024; Niu et al., 2023; 2022). Tent (Wang
et al., 2021) relates prediction entropy to distribution shift and minimizes entropy to update Batch Normalization (BN) layers
for adaptation. Building on Tent, EATA (Niu et al., 2022) mitigates noisy gradients induced by high-entropy samples by
actively selecting reliable and non-redundant test instances. DeYO (Lee et al., 2024) further argues that entropy alone is an
unreliable confidence indicator, and proposes object-destructive transformations to filter predictions that are more grounded
in object shape. Beyond these BN-based methods, Candidate Pseudolabel Learning (CPL) (Zhang et al., 2024) introduces
a prompt-tuning framework for vision—language models using unlabeled data, where a candidate label set is constructed
via intra- and inter-instance confidence-based selection and optimized under a partial-label learning formulation. To avoid
discarding potentially useful test samples, PTTA (Ma et al., 2025a) proposes a plug-and-play strategy that purifies malicious
samples rather than filtering them out by retrieving benign samples with opposite effects on the adaptation objective and
applying Mixup-based purification, thereby improving test-time data utilization and online adaptation stability.

E.4. Continual Test-Time Adaptation

Continual Test-Time Adaptation (CoTTA) (Wang et al., 2022; Gan et al., 2023; Han et al., 2025; Zhang et al., 2025b) extends
standard TTA to a more realistic setting where the target distribution evolves over time in a non-stationary stream. To cope
with this continual shift, CoTTA (Wang et al., 2022) employs an EMA teacher—student framework to provide more stable
pseudo-labels and enforces consistency under data augmentations, thereby alleviating error accumulation during online
adaptation. It further introduces a stochastic restoration mechanism that randomly resets a small portion of parameters
toward the source model, which helps prevent long-term drift and mitigates catastrophic forgetting.

Motivated by the observation that real-world test streams can be correlated and contaminated by diverse noise while
undergoing continual shifts, STAF (Xiong et al., 2024) pushes TTA towards practical noise scenarios by explicitly stabilizing
the adaptation process. Specifically, STAF introduces multi-stream perturbation consistency to enforce weak-to-strong view
consistency, a reliable memory-based corrector to calibrate predictions using reliable snapshots, and a dynamic parameter
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restoration strategy that adapts the restoration probability based on the shift/adaptation degree, jointly mitigating error
accumulation and catastrophic forgetting.

Beyond pseudo-label based adaptation, CMAE (Liu et al., 2024a) reduces the reliance on noisy supervision by adopting
a masked autoencoder based self-supervised framework for continual adaptation. CMAE performs distribution-aware
masking by selectively masking high-uncertainty tokens and enforcing prediction consistency between original and masked
views, and additionally reconstructs robust features instead of raw pixels to improve invariance against corruptions and
domain shifts. This combination enables more stable adaptation under non-stationary target streams while reducing error
accumulation.

To explicitly balance short-term adaptation and long-term knowledge retention, ViDA (Liu et al., 2024b) proposes a
homeostatic visual domain adapter that decomposes adaptation into a low-rank branch for preserving domain-shared
knowledge and a high-rank branch for capturing domain-specific variations. Moreover, ViDA introduces a homeostatic
knowledge allotment mechanism that dynamically adjusts the contribution of the two branches based on prediction
uncertainty, effectively mitigating both error accumulation and catastrophic forgetting in continual adaptation.

To better balance instantaneous discrimination and long-term generalization under continual shifts, Navigating CTTA (Yang
et al., 2024) proposes a dual-stream framework that learns symbiotic knowledge by tuning only normalization parameters
in one stream while updating all learnable parameters in the other. It further injects source knowledge via weighted soft
parameter alignment and improves supervision quality by calibrating pseudo-labels with source priors, selecting reliable
labels using self-adaptive confidence thresholds, and employing a soft-weighted contrastive module to recover potential
semantics, thereby reducing noisy updates and catastrophic forgetting.
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