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Abstract

Deep neural networks (DNNs) have revolutionized a wide range of tasks, yet they
remain vulnerable to distributional shifts between training and test data, which is a com-
mon occurrence in real-world scenarios. These shifts often unfold continually over time,
posing significant challenges for test-time adaptation. A critical issue we identify in this
setting is noisy label memorization, where the model gradually overfits to its own erro-
neous predictions (pseudo-labels), leading to significant performance degradation. This
problem is particularly severe in long-sequence continual test-time adaptation, where
the model must adapt continuously in non-stationary environments. To address this,
we propose a novel methodology that strategically constrains weight updates to prevent
noisy labels from degrading the model, resulting in significant performance improve-
ments, particularly in long-sequence continual test-time adaptation (CoTTA) scenarios.
Extensive experiments on benchmarks such as CIFAR10-C, CIFAR100-C, ImageNet-C,
CCC, and DomainNet demonstrate that our method not only outperforms state-of-the-
art CoTTA techniques but also ensures sustained model reliability and robustness over
time. Furthermore, our method exhibits greater stability across varying sample sizes and
batch sizes, with reduced sensitivity to model selection—all achieved without the need
for source data calibration. For details and code, please visit our GitHub repository.

1 Introduction

Deep neural networks (DNNs) have achieved remarkable success across many tasks. How-
ever, this success relies on the assumption that test data are drawn from the same distri-
bution as training data. In real-world scenarios, this assumption is often violated due to
out-of-distribution (OOD) test data caused by changes in the data or environment, leading to
significant performance degradation.

To address this challenge, test-time adaptation (TTA) has emerged as a promising so-
lution by enabling models to adapt to shifting data distributions during deployment. Its
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Figure 1: Accuracy over adaptation steps for various methods in a long-sequence contin-
ual test-time adaptation task. The Tent model deteriorates over time, ultimately performing
worse than the source model, which does not apply any adaptation. The ETA method shows
strong performance initially but declines in later stages, revealing its limitations. In contrast,
our method consistently outperforms others, maintaining high accuracy throughout the se-
quence and effectively mitigating the negative effects of noisy label memorization.

continual variant, continual test-time adaptation (CoTTA) [21], extends this idea to han-
dle multiple and unpredictable shifts. Yet, in long-sequence continual test-time adaptation
(LoCoTTA) settings, existing methods can struggle. For example, as shown in Figure 1,
methods like TENT [20] quickly degrade, and even dedicated CoTTA approaches [21] offer
only marginal improvements over a non-adapted source model. RDumb [14] may provide
strong initial performance, but its reliance on fixed reset intervals makes it hard to optimize
without prior knowledge of future data size.

In light of these challenges, we revisit entropy minimization (EM)1 from the perspective
of learning with noisy labels [9, 17]. We focus on the early learning phenomenon (ELP) [9],
where a model initially learns intrinsic patterns but eventually starts memorizing label noise,
leading to performance degradation.

Our analysis in Section 3 shows that ELP, previously observed in noisy label settings,
also occurs during test-time adaptation with EM. In Section 3, we demonstrate that the extent
of noisy label memorization correlates with changes in the model parameters, measured via
cosine similarity between their initial and adapted states. Critically, parameters important
for adapting to new environments show larger updates early on than those sensitive to noise.

Building on these insights, we propose a method that dynamically constrains parameter
changes at each layer based on cosine similarity between the current and initial parame-
ters. This strategy preserves essential representations while ensuring effective adaptation,
thereby reducing overfitting to incorrect labels. Unlike EATA [12], our approach does not
require a separate validation set for calibration, and it exhibits strong stability across dif-
ferent batch sizes and model architectures, including ResNet and Vision Transformer. Our
method achieves state-of-the-art performance on extensive benchmarks, including challeng-
ing long-sequence environments, demonstrating its effectiveness and robustness.

1EM is computationally efficient as it updates only the normalization layers, making it well suited for TTA.
Note that our experiments reveal that student-teacher methods underperform on complex datasets like ImageNet-C
in long-sequence scenarios.
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Figure 2: Analysis of noisy label memorization during LoCoTTA. (a) Confidence and accu-
racy plots. (b) Cosine similarity in different ResNet-50 blocks. Transitions between different
corruption types are marked by the alternating grey and white background.

2 Related Workds

Test-time Adaptation (TTA) refers to the process of adapting a pre-trained model to a target
domain distribution using only the test data encountered during inference, without relying on
any source domain data and without access to labelled data. Recent works can be grouped
into two categories: self-training [4, 10, 18] and entropy regularization [12, 13, 20]. For
instance, TENT [20] updates the training parameters in batch normalization layers through
entropy minimization. This method has inspired subsequent research efforts [12, 13, 14],
which further investigate the robustness of normalization layers.

Continual Test-Time Adaptation (CoTTA) extends the concept of TTA to scenarios where
the target domain is dynamically changing, presenting additional challenges for conventional
TTA methods. The initial approach to CoTTA was introduced in [21], where a teacher-
student framework was employed, integrating bi-average pseudo labels and stochastic weight
reset. This approach leverages the insight that mean teacher predictions are often more robust
than those of standard models [19]. Subsequent methods [3, 8] have continued to explore the
teacher-student framework and self-supervised learning within the CoTTA context. How-
ever, the dynamic nature of continually changing environments poses significant challenges,
particularly concerning the accumulation of noisy labels and the stability of model adaptation
over time.

In this work, we demonstrate that existing approaches, including teacher-student frame-
works and entropy minimization techniques, are vulnerable to noisy label memorization,
leading to significant performance degradation in long-sequence CoTTA settings. To ad-
dress this, we propose a novel framework using dynamic weight regularization based on
cosine similarity, specifically designed to mitigate noisy label memorization and maintain
stable performance in dynamically changing environments.

3 Problem Statement and Motivation

Consider a classification model fθ : X → Y pre-trained on domain D, which maps input
x ∈ X to a logit z = fθ (x) ∈ RK , where K is the number of classes. The logit is then
transformed into a probability distribution using the softmax function. Domain D is defined
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as the joint distribution PD(X ,Y ) on the space X ×Y . When deployed in new a domain D̄,
such that PD(X) ̸= PD̄(X), the model faces the challenge of maintaining performance.

In LoCoTTA, the model encounters a long sequence of, T , new domains D̄1,D̄2, . . . ,D̄T ,
where PD(X) ̸= PD̄i

(X) ̸= PD̄ j
(X),∀i ̸= j. Assuming a covariate shift across domains, the

model must continuously adapt during inference without access to the original training data
or labels from the incoming data stream.

Noisy Labels Memorization in Continual Test Time Adaptation. Noisy label mem-
orization is a well-known challenge in the field of learning with noisy labels [9, 11, 17].
Specifically, the work by Liu et al. [9] revealed that models tend to be resilient to noisy la-
bels, focusing on learning the intrinsic patterns in the data during the early stages of training.
However, as training continues, models begin to memorize the noisy labels, which negatively
impacts performance and reduces the ability to generalize to new data. This memorization
effect is detrimental, particularly in scenarios requiring continual adaptation, such as long-
sequence continual test-time adaptation (LoCoTTA)2.

Recent work [7] has shown that memorization by deep neural networks is closely linked
to prediction confidence Conf(x) = maxi p(yi | x), which is defined as the maximum softmax
probability that the model assigns to a predicted class, where p(yi|x) represents the predicted
softmax probability for class i given the input x. When a model’s prediction confidence for
an instance exceeds a certain threshold, it is more likely to memorize that instance, even if
the prediction is incorrect. Thus, the likelihood and strength of memorization increases with
the prediction’s confidence, posing a significant challenge in handling noisy pseudo-labels.

We conducted an experiment to investigate the impact of noisy label memorization in
long-sequence continual learning settings. Our setup involved adapting a ResNet-50 model
from ImageNet to ImageNet-C using entropy minimization (i.e., TENT). The model was
sequentially exposed to three types of corruption shifts: Gaussian noise, impulse noise, and
defocus blur, with 50,000 samples per corruption type. We deliberately selected two noise-
based corruptions followed by a blur corruption to examine how noisy label memorization
evolves as the model transitions from a similar to a significantly different domain. In this
analysis, we used the class labels of the data points (which are typically unavailable in real-
world scenarios) to devise three adaptation strategies: adapting the model using exclusively
1) correct data points, 2) wrong data points (determined by comparing the model’s predic-
tions to the actual labels), and 3) a mixture of both, representing a more realistic scenario.

Figure 2a presents a comparative analysis of the results, which shows that the model
trained with correct data points maintains stable confidence for both correct and wrong pre-
dictions across all corruptions, effectively avoiding noisy label memorization. In contrast,
the model adapted with wrong data points exhibits a gradual increase in confidence for wrong
predictions, signifying the onset of noisy label memorization, which correlates with declin-
ing accuracy over time. The model trained with a mix of correct and incorrect data points
displays intermediate behaviour, maintaining high confidence in correct predictions while
gradually increasing confidence in incorrect ones, ultimately leading to a drop in accuracy.

Impact of Noisy Label Memorization on Weight Update Dynamics. To uncover how
noisy label memorization impacts a model’s ability to adapt and generalize, particularly in
LoCoTTA, we investigated the weight update dynamics3. In our analysis, we use cosine

2The conventional CoTTA benchmark on ImageNet-C uses 5,000 samples, resulting in just 78 adaptation steps
per domain, which appears to be too short for the model to experience the effects of noisy label memorization.
Consequently, this benchmark setting fails to fully demonstrate the challenges posed by memorization.

3Weight update dynamics can be assessed by examining changes in both the angle and magnitude of the weight
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similarities between the initial and adapted weights to measure these dynamics. Given that
entropy minimization methods typically optimize only the trainable parameters of batch nor-
malization layers, our analysis focuses specifically on these parameters. Let W0

l denote the
initial ImageNet-pretrained weights of a layer l, and Wl denote the weights after adapting
for t steps. The cosine similarity for that layer is then computed as:

ψl = cos(Wl ,W0
l ) =

Wl ·W0
l

∥Wl∥∥W0
l ∥

. (1)

Higher cosine similarity suggests that the weights remain closer to their initial values, in-
dicating less significant updates. Figure 2b illustrates the cosine similarities for the ResNet
model. For clarity in visualization, we group the layers into four blocks, {B1, . . . ,B4}. As
each block comprises multiple layers, the cosine similarity for a block, b is computed as
Ψb =

1
|Bb| ∑l∈Bb

ψl .
In our analysis, we observe distinct patterns in parameter updates across network layers

based on label quality during test-time adaptation. For blocks closer to the network input
(e.g., blocks 1 and 2), models adapted with correct labels display a noticeable decrease in
cosine similarity, indicating substantial weight updates. This adaptive behavior reflects the
model’s ability to adjust early layers, which are crucial for fundamental feature extraction
and promoting robust adaptation. In contrast, models adapted with incorrect or noisy la-
bels demonstrate more conservative updates in these critical early layers, suggesting limited
capacity to generalize to new data.

The blocks closer to the network output (e.g., blocks 3 and 4) that are adapted with
incorrect labels show a sharp decline in cosine similarity, indicating aggressive parameter
updates in these deeper layers to fit and memorize patterns associated with noisy labels.
This aggressive adaptation reflects the network’s struggle to handle conflicting signals, as
it overfits to noise rather than learning generalizable features. Conversely, when adapted
with correct labels, these blocks maintain more stable cosine similarity, facilitating balanced
adaptation without overfitting.

In a realistic scenario, where the model is adapted with a mix of correct and incorrect
labels, the model initially shows conservative updates in the deeper layers. However, as
adaptation progresses, these updates deviate from the adaptation pattern seen with correct
labels alone and leading to a gradual decline in accuracy. This shift indicates that while noisy
labels may support some initial adaptation, the accumulation of noisy signals ultimately
destabilizes the model in long-sequence adaptation scenarios.

Overall, these results highlight the impact of noisy label memorization on weight update
dynamics in continual test-time adaptation (CoTTA). Correct labels facilitate stable and ef-
fective updates across layers crucial for feature extraction, which supports robust adaptation.
In contrast, incorrect labels introduce erratic adjustments, especially in the layers redundant
to robust adaptation, leading the model to memorize noise rather than adapt meaningfully.

These findings underscore the necessity of reliable label quality to maintain stable adap-
tation and sustained performance in CoTTA, as inconsistent label quality disrupts the model’s
capacity to generalize across diverse data distributions. While existing methods, such as sam-
ple selection [12] and pseudo-label correction [3, 21], can mitigate the presence of incorrect

vectors. Due to space constraints, our main manuscript focuses on the changes in angles; however, our analysis
reveals that weight magnitude exhibits similar trends. We have included a detailed analysis of weight magnitude in
the supp. document. Thus, we emphasize the importance of aligning both the direction and magnitude of weight
updates to effectively mitigate the impact of noisy label memorization.
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labels to some degree, yet they remain vulnerable to the detrimental effects of memorization,
especially in longer sequences, leading to overfitting and reduced generalization. Addressing
this issue is crucial for developing robust models capable of continual adaptation in dynamic,
real-world environments.

4 Proposed Method: Strategic Memorization
Regularization (SMR)

In the previous section, we identified noisy label memorization as a significant challenge in
long-sequence continual test-time adaptation (LoCoTTA), contributing to performance loss
over time. Furthermore, we observed that while the model initially leverages correct signals,
it progressively deteriorates as noisy labels accumulate, with specific layers undergoing sub-
stantial changes to accommodate this noise, ultimately undermining robustness.

Building on these insights, we propose a novel methodology that constrains weight up-
dates to address noisy label memorization in LoCoTTA. By integrating weight similarity into
the commonly used entropy minimization (EM) strategy, this approach enhances the model’s
robustness throughout extended adaptation sequences. Below, we provide a brief overview
of EM, followed by an introduction to our proposed method. The EM method minimizes
the entropy loss to encourage the model to produce confident predictions, thereby reducing
uncertainty. For a given input batch, B, the entropy loss is computed as:

Lentropy =− 1
|B| ∑

x∈B

C

∑
i=1

p(yi | x) log p(yi | x), (2)

where C is the number of classes, and p(yi|x) is the predicted probability for class i. In the
context of continual test-time adaptation, EM is applied iteratively as the model encounters
new, unseen data, allowing it to adapt dynamically to changes in data distribution.

Building on the foundation of EM, our method strategically constrains weight updates at
each layer based on their similarity to the initial state. Specifically, throughout the adaptation
process, we impose restrictions on weights that remain close to their initial values during the
early adaptation steps, preventing them from undergoing significant changes.

This constraint is supported by our observations discussed in Section 3, which are consis-
tent with findings in ELP [9, 17]; that is, during early adaptation steps, the model is naturally
more resistant to fitting noisy labels, as it is focused on adjusting parameters essential for
adapting to new environments. Constraining certain weights near their initial values lever-
ages this early-stage robustness, allowing the model to prioritize stable adaptation. Weights
less likely to memorize noise are updated more freely, promoting flexible but controlled
adaptation.

This regularization, which we termed Strategic Memorization Regularization (SMR),
is incorporated into the overall loss function as an additional term that penalizes significant
deviations from the initial weights, weighted by their cosine similarity, ψl ,which was defined
in Equation (1):

Lsmr =
L

∑
l=1

ψ
2
l

∥∥Wl −W0
l

∥∥2
2 . (3)

Here, L is the total number of layer in the neural network. While our proposed method shares
some similarities with the Fisher regularizer introduced in EATA [12], it differs fundamen-
tally in approach, as we discuss in the supplementary document due to space constraints.
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The combined loss function can be expressed as:

Ltotal = Lentropy +λLsmr. (4)

Here, the hyperparameter λ controls the strength of this regularization.
By integrating this regularization into the adaptation process, our method mitigates the

risk of noisy label memorization, ensuring the model focuses on accurate signals and avoids
overfitting. This approach enhances model robustness and promotes stable performance
across extended adaptation in dynamic environments.

5 Experimental Results and Discussion
In the following sections, we first provide detailed descriptions of the datasets and exper-
imental setup. We then compare our proposed method against state-of-the-art approaches
across a variety of benchmarks and architectures. Following that, we present a comprehen-
sive discussion of our findings. Due to space constraints, the hyperparameter sensitivity
analysis is included in the supplementary material.

5.1 Datasets
We evaluate our approach on the CIFAR10-C, CIFAR100-C, ImageNet-C, DomainNet-126 [15]
datasets, and Continually Changing Corruptions benchmark (CCC) [14]. The CIFAR-C
and ImageNet-C are standard benchmarks for assessing the robustness of classification net-
works [5] and are widely used in test-time adaptation evaluations. These datasets contain
15 types of corruption, each applied at 5 levels of severity. Our evaluation considers two
continual adaptation settings: abrupt changes and gradual changes. In the abrupt setting,
the model adapts to a sequence of test domains, each presenting the highest severity level
(level 5) of all 15 corruptions, simulating sudden and dramatic environmental changes. In the
gradual setting, corruption severity increases and then decreases incrementally through the
sequence, simulating more gradual environmental shifts. To challenge the model further on
ImageNet-C, we extended the abrupt and gradual benchmarks by increasing the number of
samples from 5,000 per domain to 50,000, thereby using the entire dataset for long-sequence
adaptation.

We also evaluated our model on the extremely challenging Continually Changing Cor-
ruptions benchmark [14], which spans 7.5 million images—ten times larger than the ImageNet-
C benchmark (750k images).

In addition to corruption shifts, we evaluated our method on style shifts using the Do-
mainNet126 dataset [15], which has 126 classes across four domains: real, clipart, painting,
and sketch. This dataset alters visual styles rather than introducing traditional corruptions,
allowing us to thoroughly assess our method’s robustness across diverse domain shifts. How-
ever, due to space constraints, results for this benchmark are included in the appendix.

5.2 Implementation details
For the CIFAR10-C and CIFAR100-C benchmarks, we used the pre-trained WideResNet-
28 [23] and ResNeXt-29 [22], respectively. Both pre-trained models are sourced from the
RobustBench framework [2]. For ImageNet-C and DomainNet benchmarks, we utilized a
pre-trained ResNet-50 from the Torchvision library and included ViT for ImageNet-C. We
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Method Sou
rce

BN-1
ETA TENT

CoT
TA

EATA
RDum

b

Ours

Avg. Error 82.7 72.1 98.9 98.6 92.3 64.6 61.1 57.3

Table 1: Classification error rates (%) on the Continually Changing Corruptions bench-
mark, averaged across all corruption transition speeds for the medium difficulty level 4.
Results for methods other than ours are obtained from the official benchmark.

Dataset Network Levels Source TENT ETA Rdumb EATA Ours

CIFAR100-C ResNext29
level 1-5 33.6 86.7 32.1 32.1 31.7 26.3
level 5 46.4 87.9 34.5 34.5 34.0 30.5

ImN-C (5K)

ReNet50
level 1-5 58.4 46.1 44.0 39.8 38.9 38.3
level 5 82.0 58.7 51.4 50.7 49.5 48.9

ViT_B_16
level 1-5 39.0 36.6 33.9 32.1 32.7 32.0
level 5 60.2 54.4 46.6 45.0 45.4 44.3

ImN-C (50K)

ReNet50
level 1-5 58.5 97.8 42.4 38.9 38.2 37.9
level 5 82.0 98.1 50.9 50.6 49.4 49.3

ViT_B_16
level 1-5 38.9 97.8 37.0 30.9 32.1 30.7
level 5 60.2 99.0 50.1 42.9 43.3 42.2

(a)

Method Category CF10-C CF100-C ImN-C
5K 50K

Source - 43.5 46.4 82.0 82.0
BN-1 [16] N 20.4 35.4 68.6 68.5
AdaContrast [1] PL 18.5 33.5 65.5 92.4
CoTTA [21] PL 16.5 32.8 63.1 69.7
RMT [3] PL 17.0 30.2 59.9 58.2
TENT [20] EM 20.0 62.2 62.6 91.3
DeYO [6] EM 18.7 33.8 60.0 91.3
ETA [12] EM 17.9 32.2 60.2 57.1
Rdumb [14] EM 17.8 32.2 60.0 58.9
SAR [13] EM 20.4 32.0 61.9 60.2
EATA [12] EM 17.9 32.2 58.0 52.0
Ours EM 16.5 30.3 56.9 51.0

(b)
Table 2: Performance comparison with the state-of-the-art methods for CoTTA under (a)
“gradual changes” and (b) “abrupt changes”, with classification error rates (%) reported.
(a) We report the average error over all corruption severity levels (level 1–5) as well as
the error at the highest severity level (level 5 only), averaged across 15 corruption types. (b)
Methods are grouped by: N (normalization), PL (pseudo-label refinement), and EM (entropy
minimization). italicized indicates second-best results, bolded italicized indicates best.

set learning rates at 0.001 for CIFAR datasets and 0.00025 for both ImageNet and Domain-
Net, with batch sizes of 200 for CIFAR, 64 for ImageNet, and 128 for DomainNet. Optimiza-
tion was done using ADAM for CIFAR datasets and SGD for ImageNet-C and DomainNet.
Additionally, we incorporated the sample selection procedure from Niu et al. [12] to further
enhance our method.

5.3 Experimental Results on Continual Test-time Adaptation
Continually Changing Corruptions. In Table 1, we show the classification error rates on
the extremely challenging Continually Changing Corruptions benchmark [14]. Despite the
extended adaptation process, our method achieves the lowest error rate (57.3%), significantly
outperforming other approaches, including RDumb (61.1%) and EATA (64.6%). In con-
trast, entropy minimization-based methods like TENT and ETA exhibit severe performance
degradation, with error rates of 98.6% and 98.9%, respectively. These results underscore
our method’s robustness in maintaining strong performance and effectively mitigating noisy
label memorization, even under such prolonged and challenging conditions.

Gradual Image Corruption. Table 2a showcases the classification error rates for various
methods on the CIFAR100-C and ImageNet-C benchmarks under gradual adaptation, where
corruption severity changes incrementally. Our proposed method consistently outperforms
state-of-the-art approaches in these settings.

On CIFAR100-C, our method achieves an average error rate of 26.3% across all severity
levels (1-5), significantly outperforming TENT (86.7%) and ETA (32.1%). Even at the high-
est severity level (level 5), our method remains robust, with an error rate of 30.5%, surpassing
EATA (34.0%) and other competitors.

4Results for the easy and difficult levels of the CCC dataset are not reported due to issues with data download
accessibility.
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In the more challenging ImageNet-C benchmark, our method excels, particularly as the
number of adaptation samples increases. With 5,000 samples, it achieves an error rate of
38.3% across all levels, outperforming ETA (44.0%) and TENT (46.1%). When scaled to
50,000 samples, our method further improves, achieving 37.9% across all levels and 49.3%
at level 5, demonstrating its scalability. Moreover, our method is not limited to ResNet
architectures; it also shows significant improvements with Vision Transformers (ViT). When
tested with the ViT_B_16 network on ImageNet-C, our method achieves 30.7% across all
levels and 42.2% at the highest severity, outperforming all other methods. These results
confirm our method’s versatility and superiority in managing gradual corruption, providing
a distinct advantage in real-world scenarios where conditions evolve incrementally.

Abrupt Image Corruption. Table 2b presents the error rates for various methods on the
CIFAR10-C, CIFAR100-C, and ImageNet-C (5,000 and 50,000 samples) datasets under the
highest corruption severity. Our method consistently achieves state-of-the-art performance
among entropy minimization (EM) approaches across all benchmarks. On CIFAR10-C, it
records an error rate of 16.5%, matching the leading pseudo-label refinement (PL) methods.
Similarly, on CIFAR100-C, it achieves an error rate of 30.3%, outperforming all other EM-
based methods and remaining highly competitive with PL methods like RMT [3].

Our approach particularly excels in the more challenging ImageNet-C benchmark, es-
pecially when the number of adaptation samples increases from 5,000 to 50,000. In this
extended setting, our method reduces the error rate to 51.0%, significantly outperforming
other EM-based methods, such as EATA [12] (52.0%) and TENT [20] (91.3%). This im-
provement underscores the robustness and scalability of our method, particularly in long-
sequence adaptation scenarios with large data volumes. Additionally, while PL methods like
CoTTA [21] and RMT excel on CIFAR datasets, our method outperforms them on the more
challenging ImageNet-C benchmark, effectively mitigating noisy label memorization and
offering a distinct advantage in diverse and challenging test-time adaptation scenarios.

5.4 Discussion
Ablation Study. The ablation study in Table 3 evaluates the effectiveness of our proposed
regularization method (Lreg) in combination with entropy minimization for continual test-
time adaptation. We also explore the impact of integrating active sample selection from
Niu et al. [12] and freezing layers in the final block, which we identified as sensitive to
label noise memorization (see Section 3). Freezing the final block helps mitigate label
noise memorization but is insufficient on its own, particularly in challenging benchmarks
like ImageNet-C. This is likely because earlier layers may also be sensitive to noise. While
sample selection reduces label noise, it does not eliminate it, leaving the model at risk of
memorizing noisy labels. Our regularization method, however, consistently enhances per-
formance across all datasets, especially on the more challenging ImageNet-C with 50,000
samples. When combined with sample selection and block freezing, our approach achieves
the lowest error rates, highlighting the critical role of regularizing weight updates and strate-
gically stabilizing the model during adaptation.

Impact of Sample Size on Continual Adaptation Performance. As the number of adapta-
tion steps increases with the sample size, the extended adaptation process enters later phases
where the model becomes more prone to label noise memorization [9]. To this end, we as-
sess how effectively each method mitigates label noise under extended adaptation scenarios.
Figure 3 compares the error rates of various methods as the number of adaptation samples
increase in the ImageNet-C dataset. The results show that without regularization techniques,
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Cosine
Weighting Lreg Freeze Sample

Selection CF100-C
ImN
(5K)

ImN
(50K)

✗ ✗ ✗ ✗ 62.2 62.6 94.5
✗ ✗ ✓ ✗ 31.1 62.4 70.9
✗ ✓ ✗ ✗ 32.9 62.4 59.3
✓ ✓ ✗ ✗ 32.1 61.9 57.2
✓ ✓ ✓ ✗ 30.3 61.7 56.6
✗ ✗ ✗ ✓ 32.2 60.2 57.1
✓ ✓ ✓ ✓ 30.3 56.9 51.0

Table 3: Results of the ablation study. We
also examine the effects of incorporating
active sample selection [12] and freezing
the final block, which has shown sensitiv-
ity to label noise memorization.
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Figure 3: Comparison of error rate (%)
with different numbers of samples included
for continual adaptation, using ImageNet-C
dataset on ResNet50 and vision transformer
(ViT) models.

the performance of the TENT model deteriorates significantly as the number of samples in-
creases, likely due to severe label noise memorization. While sample selection in ETA helps
alleviate this issue and improves performance, it falls short because it cannot entirely elim-
inate incorrect pseudo-labels, leading to increasing error rates as more samples are added.
Interval resetting and the Fisher regularizer perform better than sample selection, but our
proposed method consistently achieves the best overall performance across both ResNet and
ViT models, effectively mitigating label noise even under prolonged adaptation conditions.

In addition to sample size, we also examine the impact of reducing batch size, which
increases the number of adaptation steps. Due to space constraints, detailed results are pro-
vided in the appendix. Briefly, most methods exhibit rising error rates as batch size decreases,
highlighting increased vulnerability to label noise. By contrast, our proposed method con-
sistently maintains robust performance even with batch sizes as small as 8, demonstrating
notable resilience to label noise under extended adaptation conditions.

6 Conclusion
In this work, we have highlighted the critical challenge of noisy label memorization in long-
sequence continual test-time adaptation (CoTTA), demonstrating how it leads to significant
performance degradation over time. Drawing on insights from the Early Learning Phe-
nomenon (ELP) observed in CoTTA, we proposed a novel methodology that strategically
constrains weight updates based on cosine similarity between current and initial weights, ef-
fectively mitigating the impact of noisy label memorization. Our approach not only outper-
forms existing state-of-the-art methods across standard benchmarks but also exhibits greater
stability across varying sample sizes, batch sizes, and models without requiring source data
for calibration. These results underscore the effectiveness and robustness of our method in
maintaining model reliability in dynamic, non-stationary environments, making it a promis-
ing solution for real-world CoTTA challenges.
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