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Abstract

This paper introduces Topological Consistency Adaptation
(TCA), a novel approach to Continual Test-time Adapta-
tion (CTTA) that addresses the challenges of domain shifts
and error accumulation in testing scenarios. TCA en-
sures the stability of inter-class relationships by enforc-
ing a class topological consistency constraint, which min-
imizes the distortion of class centroids and preserves the
topological structure during continuous adaptation. Ad-
ditionally, we propose an intra-class compactness loss to
maintain compactness within classes, indirectly support-
ing inter-class stability. To further enhance model adap-
tation, we introduce a batch imbalance topology weighting
mechanism that accounts for class distribution imbalances
within each batch, optimizing centroid distances and sta-
bilizing the inter-class topology. Experiments show that
our method demonstrates improvements in handling con-
tinuous domain shifts, ensuring stable feature distributions
and boosting predictive performance. Our code is available
at: https://github.com/Successybbdwm/TCA.

1. Introduction

Test-time adaptation (TTA) [1, 16, 40] aims to adapt a
source pre-trained model by learning from the unlabeled
test (target) data during inference time, where the training
data cannot be disclosed due to data privacy concerns. Re-
cently, considering that the data distribution may change
continuously, Continual Test-Time Adaptation (CTTA) [35]
is proposed as an online continuous form of TTA. CTTA
aims to continuously adapt models to the evolving data
distribution of target domains without relying on source
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Figure 1. Feature distribution in CTTA. In other methods, as do-
main shifts occur continuously, the latent inter-class topological
relationships learned by the model in the source domain are pro-
gressively distorted. Throughout the adaptation process, Topolog-
ical Consistency Adaptation (TCA) maintains a stable inter-class
topological structure.

data. A key challenge in the CTTA method within the self-
training framework is the accumulation of errors, which
arises from pseudo-labels generated by the model’s predic-
tions on unlabeled data. To solve the problem, existing
methods such as [8, 21, 35, 42] focus on optimizing the self-
training framework to prevent error accumulation.
However, the existing methods cannot maintain stable
inter-class topological structures in the feature space. As
shown in Fig. 1, unsupervised self-training can lead to an
accumulation of errors due to unstable feature representa-
tions. This instability causes the model to produce erro-
neous pseudo-labels [6, 9, 32, 39], which, in turn, mis-
guide the model into biased updates. This cycle perpetuates,
progressively impairing model performance and resulting
in error accumulation. There are two primary causes for
this phenomenon. On one hand, the balance of inter-class
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features is disrupted, breaking down the stable topological
structures between classes initially learned in the source do-
main. On the other hand, the uniformity of intra-class fea-
ture distribution deteriorates, leading to increasingly indis-
tinct classification boundaries. As this process continues,
the accumulation of errors within the model intensifies, fur-
ther compromising its performance.

To break the vicious cycle, in this paper, we propose to
achieve sustained and stable representational capacity by
encouraging the output of more stable and uniform feature
distributions. Specifically, we propose Topological Consis-
tency Adaptation (TCA). We propose the class topological
consistency constraint to maintain inter-class topology sta-
bility from both inter-class and intra-class perspectives. For
inter-class relationships, we introduce the inter-class uni-
formity loss, which uses class centroids to prevent topology
collapse during continuous domain shifts [3, 13, 28]. For
intra-class relationships, we ensure reasonable compactness
of intra-class features, indirectly supporting inter-class sta-
bility. Additionally, we design a batch imbalance topology
weighting that accounts for class distribution imbalances
within each batch, further optimizing centroid distances and
ensuring inter-class topology stability. Extensive experi-
ments demonstrate that our method effectively reduces error
accumulation and improves the generalization performance
in the CTTA tasks.

Our contributions are as follows:

e We propose a class topological consistency constraint
that ensures stable inter-class topology by maintaining
uniformity in class centroids, preventing topology col-
lapse during continual domain shifts.

e We introduce an intra-class compactness loss to indi-
rectly support inter-class stability, ensuring reasonable
compactness of features within each class while stabiliz-
ing class boundaries.

e We design a batch imbalance topology weighting that ac-
counts for class distribution imbalances in each batch, op-
timizing centroid distances to preserve inter-class topol-
ogy stability in the face of imbalanced data.

2. Related Work

2.1. Continual Test-Time Adaptation

The goal of Continual Test-Time Adaptation (CTTA) [17,
19, 22, 32, 35] is to enable a pre-trained source model to
continuously adapt to evolving target domains [11, 14, 24]
using unlabeled data from these new environments, thereby
alleviating the performance degradation that typically arises
from domain shifts [20, 31]. CoTTA [35] was the first to in-
troduce continuous domain variation into Test-Time Adap-
tation (TTA), establishing a weighted-averaged teacher-
student framework to address the challenge of error accu-
mulation caused by ongoing domain shifts. Building on

this foundation, PETAL [2] further develops a data-driven
parameter recovery technique to better align the model
with its original source configuration in the parameter
space, thereby enhancing adaptation robustness. AdaCon-
trast [5] leverages contrastive learning with online pseudo-
label refinement to improve feature representations, reduc-
ing the impact of noisy pseudo-labels on adaptation quality.
RMT [8] introduces a robust mean teacher framework that
addresses the issue of repeated domain shifts by maintain-
ing stability across multiple adaptation phases, while GTTA
[23] uses techniques like mixup and style-transfer to arti-
ficially create intermediate domains, smoothing the tran-
sition between domains. Additionally, CRG [45] restruc-
tures the online data buffering and organization mechanisms
for CTTA, designing a class relationship graph to preserve
intra-class semantic relationships during domain changes.

2.2. Feature Uniformity and Alignment

Unsupervised contrastive representation learning has seen
remarkable success in learning representations for image
and sequential data [10, 12, 18, 29], with [37] identifying
two key properties related to the contrastive loss:alignment
and uniformity, the latter of which motivated us to ex-
ploit the rich intra-class information preserved by self-
supervised learning to enhance generalization performance.
[37] demonstrated that directly optimizing these two met-
rics in unsupervised comparison learning leads to better
representational capabilities. SEAT [44] aligns pixel em-
beddings with semantic embeddings, aggregates local and
global features dynamically, and combines orthogonality
and uniformity constraints to achieve uniform semantic em-
beddings. In the TTA scenario, [36] draws on this idea by
designing a memory bank to assist the model in aligning
the prior distributions, indirectly maintaining a more ho-
mogeneous feature distribution by constraining the predic-
tive consistency of both the prototype and linear classifiers.
In contrast, our approach directly optimizes the distribution
of the feature space by maintaining inter-class feature dis-
tances and intra-class compactness, thus maintaining a uni-
form distribution of features in the space.

3. Methodology

3.1. Problem definition and Overall Architecture

Given a pre-trained model gy that parameterized on the
source data (XS, VS), CTTA aims to make the model in re-
sponse to the continually changing target domain X'” dur-
ing the test phase, without accessing any source data, here
we simplify X to X. Let the testing model be g = f o h,
where f denotes the backbone and h denotes the linear clas-
sification head. With the model, given a batch of unlabeled
samples, we can generate the corresponding image embed-
dings z = f(x), logits p = h(z). Following [35], we build
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Figure 2. Framework overview. TCA first enhances the uniformity of inter-class feature distribution by leveraging improved pseudo-label
prediction to compute pseudo-centroid proxies, thereby promoting inter-class feature alignment. Next, TCA ensures a compact intra-
class feature distribution, mitigating imbalances within class representations. Finally, TCA dynamically adjusts the weights of inter-class
centroids based on historical prediction distributions, preserving the latent topological relationships between classes.

our method on the MT framework and initialize two mod-
els, i.e., the teacher model g; and the student model g;.

The overall framework of TCA, illustrated in Fig. 2, con-
sists of two key components: the class topological con-
sistency constraint and the batch imbalance topology
weighting strategy. The class topological consistency con-
straint enforces inter-class uniformity and intra-class com-
pactness through dedicated loss functions, ensuring a sta-
ble and coherent inter-class topology across the evolving
target domain. Furthermore, due to the highly imbalanced
class distributions within each batch, the constructed inter-
class topology tends to be unstable. To address this issue,
we propose a batch imbalance topology weighting strategy
that preserves the consistency of inter-class distribution, en-
hancing the robustness of the overall framework.

3.2. Constructing Inter-Class Topological Graph

Class topological relationships refer to the relative posi-
tions and distances between different classes within the fea-
ture space. In the CTTA scenario, models tend to accumu-
late errors, leading to semantic confusion between different
classes and resulting in incorrect pseudo-labels. As illus-
trated in Fig. 1, this phenomenon exacerbates with domain
shifts. To mitigate this issue, we propose to maintain the sta-
ble and uniform inter-class topological relationships learned
in the source domain during testing.

Specifically, we utilize class centroids as proxies for
the classes and centroid distances as proxies for inter-class

topological distances, defining the inter-class topological
graph G = (V, E), where V = {vq,Va,..., vk} is the set
of centroids and E' = {(vi,v;) | wi; = [|vi — vjl|2, Vi,j €
{1,...,k}, ¢ # j} represents the edges capturing the
neighborhood relationships between these centroids. Each
edge e;; is assigned a weight w;;, which corresponds to the
L, distance between centroids v; and v;. At time ¢, we
use random augmented features [30] of the current batch
to improve the reliability of class centroids. This alleviates
the instability of class centroids caused by limited samples
or distribution shifts, resulting in more stable and reliable
pseudo-labels [8]. The class centroid can be computed as:

y; = argmax(g,(Aug(w;))), 9]

W |I|Z

where Aug(-) denotes data augmentation, for which we ad-
here to the unified augmentation procedures outlined. B
denotes the batch size. 1(-) is an indicator function. Zj
denotes the set of samples belonging to class k, and |Zy|
represents the number of samples in class k.

In each batch, the inter-class topology encompasses all
classes and is continuously updated throughout the testing
process. Specifically, we initialize the topological graph G
as an empty structure, which is iteratively populated and
refined with class centroids as new batches are processed.
The centroid update mechanism considers not only the cur-
rent batch but also integrates centroid information from the

) - fs(Aug(z:)), )
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previous batch, ensuring a more stable and consistent repre-
sentation over time. The detailed calculation is as follows:

v](:) =« v,(ffl) +(1—a)- v, 3)

where o is a weighting parameter that controls the influ-
ence of previous batch centroids. Eq. (3) allows the model
to adapt to the distribution shift in each batch gradually
and progressively cover information from all classes. This
strategy ensures a stable inter-class topology across vary-
ing batch sizes and imbalanced data distributions, leverag-
ing historical information when some classes are absent.
For incomplete initial class coverage, the weighted updates
gradually build a complete topology. Even in single-sample
(batch size = 1) online scenarios, we can use the current
sample’s feature as a proxy for the class centroid update.
At time ¢, given the G; = (V, E;), when the do-
main changes, the topological structure of G; may be dis-
torted, and the distribution in the feature space becomes
non-uniform. Thus, inter-class features become less sepa-
rable, causing decision boundaries to blur, while intra-class
distributions become imbalanced, resulting in outliers and
feature clustering. These distortions drive the model to gen-
erate incorrect pseudo-labels due to unstable feature repre-
sentations, ultimately leading to an accumulation of errors.

3.3. Class Topological Consistency Constraint

To solve the unstable problem of the topology, we design a
class topological consistency constraint method. Our goal
is to maintain a uniform topological relationship across all
classes. We define the inter-class uniformity loss as the log-
arithm of the average Gaussian potential of node pairs:

2 2
Ein er — 1 o r—— 7twij , 4
e ST E @

vi, Vi€V, i<j

where |V| denotes the number of nodes in the graph G and
t = 21is a fixed parameter. L;, ., promotes a uniform distri-
bution of centroids by minimizing the average exponential
decay of their pairwise distances. By pushing centroids of
different classes apart, it effectively reduces inter-class er-
ror propagation and stabilizes inter-class distances, thereby
preserving a coherent and consistent topological structure.
The stability of inter-class topology depends on both
inter-class distribution and intra-class feature concentration.
Overly concentrated features can ignore subclass variations
and noise, while dispersed features hinder stable intra-class
learning, as shown in Fig. 1. Therefore, to further maintain
a stable inter-class topological structure, we suggest further
compacting and uniformizing intra-class features. Specif-
ically, we apply pairwise uniformization to the intra-class
feature pairs within ) to achieve a more compact and uni-
form inter-class feature distribution. The intra-class com-

pactness loss is defined as:
—tEz, 2 v =217
Linra = 0g By, ey [e”Pomma (55D s

where ¢ is a fixed parameter set to 2. Unlike traditional
contrastive learning like [37], which directly applies uni-
formization to all features, our approach separately consid-
ers inter-class and intra-class features, making it more suit-
able for dynamic domain adaptation scenarios. Without this
separation, uniformizing all features together could lead to
a distortion of the inter-class topological structure, as inter-
class boundaries may become less distinct. This could re-
sult in degraded performance, especially in dynamic envi-
ronments where class distributions shift over time.

Then, by combining Egs. (4) and (5), we obtain the uni-
formity loss that maintains a stable inter-class topology:

‘Ctopology = ['inter + ['intra~ (6)

Our method encourages uniform feature distributions, min-
imizing distortion in the inter-class topology. This sharp-
ens class boundaries, stabilizes topological weights, and en-
hances centroid accuracy, improving the precision of topo-
logical vertices. The effectiveness of the intra-class com-
pactness loss relies on a stable inter-class topology. Without
Eq. (4), directly optimizing Eq. (5) could further disrupt the
inter-class structure.

3.4. Batch Imbalance Topology Weighting

However, the proposed method overlooks the batch imbal-
ance in inter-class distribution present in real testing scenar-
ios. Different batches may contain different classes, and the
sample sizes of these classes can vary. Without labels, this
imbalance can gradually disrupt the inter-class topology,
leading to a feature distribution that appears uniform but
is actually highly imbalanced, thereby affecting the model’s
predictive performance.

To avoid this, we combine the inter-class topological
distances with the true class distribution information from
the model output to design a batch imbalance topology
weighting (BTW) matrix. Specifically, we design a dy-
namic weighting matrix for the nodes in G, applying the
weights to the edges between nodes. These weights are de-
termined by the frequency of each category in the current
batch, enabling the edge distances in G to be adaptively ad-
justed based on the true category distribution. In the current
batch, the frequency py, of class k is calculated by normal-
izing the corresponding number of instances:

_Vm
S (VT +e)

where € is a small constant used to avoid division by zero.
We define the weighting term p,; for the edge (v, v;) as:

i+ M
py = ®)

ik 7
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To ensure that the weights reflect the model’s most recent
representational capabilities, we continuously maintain the
weighting matrix using EMA [25] to preserve the diversity
information of the prior distribution:

u = Bul 4 (1 - B)my. ©)

We apply a gradient stopping operation to y and integrate
the weighting factor p;; to Lineer to recalculate inter-class
uniformity loss:

2
ZV'V‘ i '/1‘1”'67 g
Ll = log | S @r<s 7Y (10)

Zvi,vj- eV, i<j Hij

Eq. (10) fully considers the class imbalance in each batch by
dynamically adjusting inter-class weights, effectively main-
taining the stability of the inter-class topological structure.
In imbalanced scenarios, BTW calculates weights based on
the frequency of each class in the current batch. On the
one hand, this allows the model to more accurately preserve
inter-class relative distances when adapting to new data dis-
tributions. On the other hand, as previously mentioned,
BTW can handle extreme cases, such as when batch size
equals 1 or when all samples in the current batch belong to
the same class.

3.5. Optimization Objective and the Algorithm

At time step ¢, the teacher model g, generates pseudo-labels
to help the learning of the student model gs. Specifically,
we compute the symmetric cross-entropy loss (SCE) [8]
between the outputs of the student model and the pseudo-
labels. The self-training loss can be formulated as follows:

Z gs(x) log gy ().

(1)
Following [37], we align the feature distributions between
positives while maintaining feature uniformity:

Latign(f; ) £ |f(x) = Fl3],  (12)

where = and y represent features obtained from inputs sub-
jected to different forms of data augmentation. Finally, the
total loss function £ can be formulated as follows:

Lsce = th ) log gs(x

_E(xvy)’“ppos [

L= ESCE + /\1 : Ealign + >\2 : Ltopology- (13)

As shown in the Algorithm 1, given a batch of testing
data, we first propose the class topological consistency con-
straint, which maintains the stability of inter-class topology
from both inter-class and intra-class perspectives. Specif-
ically, for inter-class relationships, we establish the inter-
class uniformity loss by calculating class centroids to en-
sure that the inter-class topology does not collapse during

Algorithm 1 Topological Consistency Adaptation (TCA).

Input: Pre-trained model g = f o h, self-training loss
Lscr, Alignment Loss weight A;, Uniformity Loss
weight Ao.

1: for Batch data X’ do
2:  Augment X" to construct the class topological graph
G using Eq. (3)

3 if First Batch then

4 Compute inter-class uniformity Linte,r via Eq. (4)

5: Compute intra-class compactness Linta Via
Eq. (5)

6: return ﬁtopology = »Cintcr + »Cintra

7:  else

8 Compute category weights ;; via Eq. (8)

9: Update Lipger to £, via Eq. (10)

10: return Liopology = Lipter + Lintra

11:  endif

12: Compute £ = Lscg + A1 - Lalign + A2 * Liopology
13:  Model g is updated using £
14: end for

continuous changes in the target domain. For intra-class re-
lationships, we ensure the reasonable compactness of intra-
class features to indirectly support the stability of inter-class
relationships. Next, we design batch imbalance topology
weighting, which comprehensively considers the class dis-
tribution imbalance in each batch to further optimize the
distances between class centroids, ensuring the stability of
the inter-class topology.

4. Experiments

4.1. Dataset and Settings

We conduct extensive experiments to demonstrate the ef-
fectiveness of our approach. We evaluate TCA on four
benchmark tasks for continual test-time adaptation in im-
age processing: CIFAR-10-C, CIFAR-100-C, ImageNet-C
and CCC-benchmark. These tasks are designed to assess
the robustness of machine learning models to corruptions
and disturbances in the input data.

CIFAR10-C extends CIFAR10, comprising 32 x 32 color
images from 10 classes. It includes 15 different corruptions,
each at five severity levels, applied to the test images of
CIFAR-10 [15], resulting in a total of 10,000 images.
CIFAR100-C extends CIFAR-100 [15], containing 32 x 32
color images from 100 classes. It includes 15 different cor-
ruptions, each at five severity levels, applied to the test im-
ages of CIFAR-100, resulting in 10,000 images in total.
ImageNet-C extends the ImageNet [15] dataset, which
comprises over 14 million images across more than 20,000
categories. ImageNet-C includes 15 different corruptions,
with each corruption having five severity levels. These cor-
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Method Gau. shot imp. def. glass mot. zoom snow fro. fog bri. con. ela. pix. jpeg Mean
Source only 723 657 729 469 543 348 420 251 413 260 93 467 266 585 303 435
TENT [34] 248 20.6 286 144 31.1 165 141 191 186 18.6 122 203 257 208 249 207
g Ada [5] 29.1 225 300 140 327 141 120 166 149 144 81 100 219 177 200 185
=2 CoTTA [35] 243 213 266 11.6 276 122 103 148 141 124 176 106 183 134 173 162
= RMT [8] 240 204 256 126 254 142 122 154 151 141 103 137 17.1 135 160 16.7
T DSS[38] 241 213 254 117 269 122 105 145 141 125 7.8 108 180 131 173 16.0
BeCoTTA[17] 229 191 269 102 275 127 104 147 143 124 72 94 209 152 202 163
TCA 224 192 23.0 108 232 116 99 131 131 118 76 107 164 120 155 147
Source only 73.0 680 394 293 541 308 288 395 458 503 295 551 372 747 412 464
o) TENT [34] 372 358 417 379 512 483 485 584 637 71.1 704 823 880 885 904 609
4 Adal[5] 423 368 386 277 40.1 291 275 329 307 382 259 283 339 333 362 334
S COTTA [35] 40.1 377 397 269 380 279 264 328 31.8 403 247 269 325 283 335 325
Eﬁ RMT [8] 405 361 363 277 339 285 264 290 290 325 251 274 282 263 293 304
E  DSS[38] 397 360 372 263 356 275 252 314 300 37.8 242 260 300 263 313 309
©  BeCoTTA [17] 42.1 38.0 422 302 429 317 298 351 339 385 279 320 367 31.6 399 355
TCA 385 360 366 258 346 272 251 305 27.0 301 241 257 273 266 303 297
Source only 978 97.1 982 81.7 898 852 780 835 77.1 759 413 945 825 793 686 820
TENT [34] 816 746 727 776 738 655 553 61.6 630 517 382 721 508 474 533 62.6
a Ada [5] 829 809 784 814 787 729 640 635 645 535 384 667 546 494 530 655
7 CoTTA [35] 84.7 821 80.6 813 790 686 575 603 605 483 366 66.1 473 412 460 627
go RMT [8] 802 764 745 771 744 662 576 570 591 480 39.1 606 473 425 434 602
£ DSS[38] 823 784 767 819 778 669 609 508 609 477 354 690 475 409 462 622
BeCoTTA [17] 84.1 743 722 774 719 634 551 572 612 507 364 66.1 492 456 484 609
TCA 783 718 735 744 735 633 565 569 594 481 396 59.6 472 429 447 593

Table 1. Classification error rate (%) on CIFAR10-to-CIFAR10-C, CIFAR100-to-CIFAR100-C, and ImageNet-to-ImageNet-C. All results
are evaluated with the largest corruption severity level 5 in an online manner. We report the performance of our method averaged over 5

runs. Bold text indicates the best.

ruptions are applied to the validation sets.

4.2. Baseline and Implementation details

We strictly adhere to the CTTA setup, where no source data
is accessed. All models, including CoTTA, TENT con-
tinual, AdaContrast, and DSS, are evaluated online, based
on a maximum corruption severity level of five across all
datasets. Model predictions are first generated before adapt-
ing to the current test stream. Similar to CoTTA, we em-
ploy standard pre-trained WideResNet [43], ResNeXt-29
[41], and ResNet-50 [7] as the source models for CIFAR10-
C, CIFAR100-C, ImageNet-C and CCC-benchmark. We
weight the losses using A\; = 0.025 and A\, = 0.15.

4.3. Main Results

Tab. | shows the classification task results of various meth-
ods, including entropy regularization, unsupervised con-
trastive learning, self-training, and pseudo-label filtering,
across three standard datasets. Directly testing the source
model on target domains in sequence yields high aver-
age errors of 43.5%, 46.4%, and 77.2% on CIFAR10-C,
CIFAR100-C, and ImageNet-C respectively. Although the
TENT-based method aids in sequential adaptation to the
target domain, it may suffer from the accumulation of er-
rors over time. The TENT-based method results in a sub-
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stantially higher error rate of 60.9% in the long run on
CIFAR100-C. CoTTA [35] significantly improves the qual-
ity of pseudo-labels by employing averaged augmentation
outputs, establishing a standard baseline for the CTTA
method. RMT[8] employs a symmetric cross-entropy opti-
mization self-training framework with better gradient prop-
erties, achieving some progress on CTTA. DSS [38] notes
the existence of high- and low-quality samples in the data
stream, but it still does not consider the model’s varying
trends in representing data of different qualities. BeCoTTA
[17] considers the challenges of practical model deploy-
ment, improving computational efficiency at the cost of
some performance loss. In contrast, our method outper-
forms all previous competing methods and reduces the av-
erage error rate to 14.7%, 29.7% and 59.3%, respectively.
This indicates that maintaining a balanced and stable inter-
class topology and uniformity of intra-class features effec-
tively mitigates the issue of error accumulation in CTTA.

4.4. Comparisons on Long-Sequence Tasks

To verify that TCA remains effective in long-sequence
CTTA tasks, we evaluate its performance on the CCC [27]
dataset, which is a much larger dataset that first features
smooth transitions from one domain to another, mimicking
how environments change in reality. Tab. 2 presents the



Method CCC-Easy CCC-Medium CCC-Hard Average
CoTTA [35] 14.9+0.88 7.74£0.43 1.1+0.16 7.9
ETA [26] 41.4+£0.95 1.1+0.43 0.2+0.05 14.2
EATA [26] 48.2+0.60 35.4+1.02 8.7+0.80 30.8
SANTA [4] 47.8+0.46 32.7+0.80 9.1+0.60 29.9
RDumb [27]  49.3+0.88 38.9+1.40 9.6+1.60 32.6
TCA 49.1£0.35 39.5+0.53 10.1+0.22 329

Table 2. Classification accuracy (%) on CCC-benchmark, which is
a long-sequence tasks. We report the performance of all methods
averaged over 5 runs. Bold text indicates the best.

comparisons of the accuracy of TCA with other methods
in long-sequence tasks. TCA achieves impressive perfor-
mance with accuracies of 49.1%, 39.5%, and 10.1% across
three difficulty settings. This demonstrates that TCA ef-
fectively addresses complex and challenging long-sequence
tasks by maintaining the latent topological relationships be-
tween classes.

4.5. Batch size influence on TCA

As shown in Tab. 3, we demonstrate that our method re-
mains effective even with a small batch size. Specifically,
when the batch size is 1, and the nodes in the class topolog-
ical graph are not fully updated, the feature of the current
test sample serves as the proxy for the class centroid. In
this case, the intra-class loss Lintra = 0, and the inter-class
loss Linter is calculated based on the centroids updated af-
ter each iteration. This aligns with the logic of the test-
ing scenario. Similarly, this approach can also address the
class imbalance caused by a small batch size. The design
of BTW further considers inter-class imbalance, assigning
lower weights to classes with fewer samples to prevent the
occurrence of excessive outliers.

4.6. Uniformity Analysis

4.6.1. Inter-class Uniformity

We compare the representational capabilities of TCA and
CoTTA during the CTTA process on CIFARIO-C. To
demonstrate the effectiveness, we visualize the features of
ten random batches from three domain distributions at the
beginning, middle, and end of the model testing phase. In
accordance with the UA [37] evaluation criteria, We plot
feature distributions with Gaussian kernel density estima-
tion (KDE) in R2 and von Mises-Fisher (vMF) KDE on an-
gles (i.e., arctan2(y, z) for each point (z,y) € S!). As
illustrated in Fig. 3, compared to CoTTA, TCA exhibits a
more uniform inter-class feature distribution, maintaining a
stable and even inter-class topological relationship.

4.6.2. Intra-class Uniformity

We further compare the intra-class representational capa-
bilities of the two methods. We randomly select features

CoTTA
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Features Features Features.

Figure 3. Feature visualizations from ten randomly selected
batches of CIFAR10-C under three noise distributions: Gaussian,
Snow, and JPEG. The upper panel illustrates the results of CoTTA,
while the lower panel showcases those of TCA.
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Figure 4. Visualization of intra-class feature distribution in

CIFAR-10 under elastic noise conditions involved selecting class
0, class 3, and class 6 (from left to right) and randomly visualizing
10 batches for each. The upper figure illustrates CoTTA, whereas
the lower figure depicts TCA.

from three classes in a specific domain during the testing
phase, visualizing the middle ten batches. As shown in
Fig. 4, TCA further maintains the compactness and balance
of intra-class features, alleviating the blurring of decision
boundaries caused by uneven feature distribution.

4.7. t-SNE Analysis

We employ t-SNE [33] for dimensionality reduction to vi-
sually illustrate the model representations of different meth-
ods during the testing phase. As shown in Fig. 5, We com-
pare the feature distributions of three methods on CIFAR10-
C and the feature distribution of the model on the source
domain. In CoTTA and RMT, the feature groups exhibit
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RMT-Gaussian T . | TCA-Gaussian

Figure 5. Visualization of t-SNE for four methods on CIFAR10-
C. We select a random batch of features from the Gaussian domain
for comparative visualization.

Batchsize CIFAR10-C CIFAR100-C ImageNet-C

~ 1 81.6 85.3 91.2
% 50 18.1 38.5 65.3
S 100 16.8 35.2 64.9
1 61.5 66.2 75.4

50 152 32.6 65.2

< 100 14.9 30.2 61.4
2 150 14.8 30.1 60.1
200 14.7 29.7 593

300 14.8 29.8 59.4

Table 3. Analysis of batch size

highly uneven distributions, with some class features lo-
cated outside the main feature clusters, while others are
densely concentrated in certain areas of the feature space.
This distribution is almost entirely inconsistent with the po-
tential inter-class topology of the model in the source do-
main, leading to deteriorating representation quality and er-
ror accumulation. In contrast, the TCA method achieves a
more uniform distribution of inter-class features in the fea-
ture space, with intra-class features remaining compact and
avoiding excessive overlap, ultimately preserving a similar
inter-class topology to that of the source domain. This alle-
viates the error accumulation caused by misrepresentation.

4.8. Ablation Study

We perform ablation studies across three classification task
scenarios, as shown in Tab. 4. The results reveal that
optimizing L.+ alone already improves model perfor-
mance, highlighting the role of inter-class feature unifor-
mity in refining decision boundaries. Further optimization
with L;,,1q leads to significant performance gains, demon-
strating that preserving latent inter-class topological con-

BTW  Linira  Linter Latign  CIFAR10-C  CIFAR100-C  ImageNet-C

16.05 32.11 63.14

v 15.92 31.66 62.83

- v - 15.57 31.38 62.08

v - - 15.68 31.44 62.41

- v v - 15.41 31.01 60.95
v v v - 14.85 29.83 59.51
v v v v 14.70 29.72 59.31

Table 4. Ablation studies on four components (BTW, Lintra, Linters
Laiign ) across CIFAR10-C, CIFAR100-C, and ImageNet-C datasets.

sistency—when combined with inter-class uniformity and
intra-class compactness—not only smooths and naturalizes
decision boundaries but also mitigates the influence of out-
liers. Additionally, incorporating BTW into L;,,se, further
integrates class distribution information, reinforcing the la-
tent geometric topological structure among classes. In con-
trast, using only Lg4;¢, yields minimal improvements, as it
primarily functions as redundant data augmentation with-
out stabilizing inter-class or intra-class topological relation-
ships. Similarly, while £;,+., alone enhances intra-class
compactness, it fails to prevent inter-class topology col-
lapse, limiting its overall effectiveness. It is worth noting
that BTW operates as a weighted matrix and, therefore, can-
not be ablated independently.

5. Conclusion

In this paper, we propose Topological Consistency Adapta-
tion (TCA), a novel approach for Continual Test-time Adap-
tation (CTTA) that addresses key challenges such as domain
shifts, feature instability, and class imbalance. By introduc-
ing a class topological consistency constraint, we ensure the
stability of inter-class relationships and prevent topology
collapse during continuous adaptation. The incorporation
of an intra-class compactness loss further stabilizes feature
distributions, supporting consistent class boundaries. Ad-
ditionally, the batch imbalance topology weighting mecha-
nism optimizes centroid distances, adapting to imbalances
within each batch to maintain a coherent topological struc-
ture. Experimental results show that TCA significantly im-
proves the model’s adaptability to continuously changing
domains while maintaining high accuracy and stability.
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