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Abstract

Deep neural nets achieve remarkable performance when training and test data share the same dis-
tribution, but this assumption frequently breaks in real-world deployment, where data undergoes
continual distributional shifts. Continual Test-Time Adaptation (CTTA) addresses this challenge by
adapting pretrained models to non-stationary target distributions on-the-fly, without access to source
data or labeled targets, while mitigating two critical failure modes: catastrophic forgetting of source
knowledge and error accumulation from noisy pseudo-labels over extended time horizons. In this
comprehensive survey, we formally define the CTTA problem, analyze the diverse continual domain
shift patterns that characterize different evaluation protocols, and propose a hierarchical taxonomy that
categorizes existing methods into three families: optimization-based strategies (entropy minimization,
pseudo-labeling, parameter restoration), parameter-efficient methods (normalization layer adapta-
tion, adaptive parameter selection), and architecture-based approaches (teacher-student frameworks,
adapters, visual prompting, masked modeling). We systematically review representative methods
within each category and present comparative benchmarks and experimental results across standard
evaluation settings. Finally, we discuss limitations of current approaches and highlight emerging
research directions, including adaptation of foundation models and black-box systems, providing
a roadmap for future research in robust continual test-time adaptation. We encourage visiting our
repository at https:/ /github.com/sarthaxxxxx/Awesome-Continual-Test-Time-Adaptation.

Keywords: continual test-time adaptation; robustness; distributional shifts

1. Introduction

In recent years, deep neural networks have achieved remarkable performance across a wide
range of tasks (Silver et al., 2018; Russakovsky et al., 2015; Jumper et al., 2021), largely due to the
assumption that the training and test data are drawn from the same underlying distribution and
that individual samples are independent and identically distributed (i.i.d.) (Goodfellow et al., 2016).
This i.i.d. assumption underpins most supervised learning algorithms and is crucial for ensuring
that models generalize well from training to unseen/test data. However, in real-world deployment
scenarios, this assumption frequently breaks. The data encountered during deployment (test or
target data) often differs from the training (source) distribution. These changes, collectively called
distributional shifts, pose significant challenges for deployed machine learning systems.

Distributional shifts can arise from a variety of sources, ranging from environmental changes
to sensor drift to population shifts. For example, consider machine learning models deployed in
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autonomous or self-driving vehicles (Arnold et al., 2019). During large-scale pretraining, these models
may be exposed to clean daylight driving scenarios or similar environments. However, in deployment,
they must handle novel conditions such as snow, fog, glare, or those caused by rough weather
conditions (Sakaridis et al., 2021). Each of these factors alters the visual statistics of the input data,
causing a distributional mismatch. Another example involves visual scenes captured across different
camera setups, where shifts in sensor characteristics lead to changes in input distributions (Saenko
et al., 2010). Such shifts can degrade the accuracy of the model, lead to unreliable predictions, and
significantly hinder generalization to unseen data.

As humans, we naturally adapt and generalize to novel, unseen environments. Inspired by
this capability, the machine learning research community has increasingly focused on enhancing
model generalization through adaptation strategies to improve robustness against distributional
shifts. Traditionally, robustness is addressed during the offline training phase. Domain Generalization
(DG) (Zhou et al., 2022) leverages multiple source domains to learn invariant representations, aiming
for the model to generalize to unseen environments without further modification. Alternatively,
Domain Adaptation (DA) (Kouw and Loog, 2019) assumes concurrent access to labeled source data and
unlabeled target data, jointly optimizing the model to align distributions. As illustrated in Figure
1, these approaches can be fundamentally categorized by when the adaptation occurs (Offline vs.
Online) and the state of the model during deployment (Frozen vs. Adaptive). While effective in
specific settings, both DG and DA result in a frozen model at test time. If the target distribution shifts
beyond the specific scenarios anticipated during training, the model cannot recover. Furthermore, DA’s
requirement for simultaneous access to source and target data is often impractical due to data privacy
regulations or transmission bandwidth constraints. Test-Time Adaptation (TTA) (Wang et al., 2021;
Sun et al., 2020) fundamentally alters this workflow by shifting the adaptation process to the online
deployment phase. TTA starts with a model pre-trained only on source data. During deployment,
it leverages the incoming stream of unlabeled test data to update the model parameters on-the-fly
(depicted by the cycle icon in Figure 1). This allows the model to adapt to the specific target domain
without ever accessing the source data, preserving privacy and enabling “source-free” adaptation.

Offline Training (Source) Online Deployment (Target)
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Figure 1. Comparison of adaptation paradigms under distribution shift. Domain Generalization (DG) (Zhou et al.,
2022) trains on multiple source domains but keeps the model frozen at deployment. Domain Adaptation (DA)
(Kouw and Loog, 2019) jointly trains on source and unlabeled target data, also resulting in a frozen deployment
model. Test-Time Adaptation (TTA) (Wang et al., 2021) trains only on source data but adapts to a single target
domain during deployment. Continual Test-Time Adaptation (CTTA) (Wang et al., 2022) trains on source only
and continually adapts to a sequence of evolving target domains at test time, with no access to the domain
boundaries. This is indicated by the refresh icons across multiple conditions (snow, rain, night).
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Although standard TTA focuses on adapting a pre-trained source model to a single target do-
main at test-time, this assumption is often unrealistic in dynamic, real-world settings where models
encounter sequences of non-stationary and continually evolving target domains with rapid shifts in test
distributions and no knowledge of task boundaries. In such cases, two critical challenges emerge. The
first is catastrophic forgetting (Goodfellow et al., 2013): due to continual model parameter updates on
long sequences of tasks involving unlabeled data of different distributions, there is a long-term loss of
the model’s source/pre-trained knowledge. The second challenge is error accumulation: as updates
occur on noisy test data, errors in early adaptation steps can propagate and compound over time,
leading to significant performance degradation. Errors are introduced due to pseudo-labels becoming
increasingly noisy and mis-calibrated (Guo et al., 2017).

To address these challenging scenarios, a more general TTA setup involving online continual
learning (De Lange et al., 2021; Mai et al., 2022), referred to as continual test-time adaptation (CTTA)
(Wang et al., 2022; Niu et al., 2022; Brahma and Rai, 2023; Maharana et al., 2025), has gained traction.
CTTA extends the standard TTA paradigm by considering non-stationary target distributions that
evolve over time, often without explicit task boundaries or access to any labeled data during adaptation.
In this setting, models are expected to adapt continuously to a stream of unlabeled test samples,
updating their parameters on-the-fly while being robust to distributional shifts. CTTA is performed
strictly under test-time constraints, where access to the source data is restricted, the number of
updates/iterations per test batch is often limited (strictly online), and computational efficiency is
paramount. These constraints make CTTA particularly challenging, as models must remain plastic
enough to adapt to new distributions, yet stable enough to retain knowledge from previously seen
domains. CTTA is increasingly relevant in real-world scenarios, such as autonomous driving, medical
imaging, and robotic perception, where models are deployed in open-world settings and must learn
from streaming data without re-training from scratch. As a result, CTTA serves as a critical step toward
building continually adaptive, robust, and deployment-ready models.

As shown in Figure 2, research interest in CTTA has grown substantially since the introduction of
CoTTA (Wang et al., 2022) in 2022, reflecting the increasing recognition of its practical importance.
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Figure 2. Growth of continual test-time adaptation and related research from 2022 to 2026*. CoTTA (Wang et al.,
2022), introduced in 2022, sparked substantial research interest.

Need for this survey. Significant progress has been made in the field recently with respect to both
problem formulations and adaptation strategies. However, to the best of our knowledge, there is no
comprehensive survey that unifies and systematically discusses the main ideas and contributions of
CTTA methods developed over recent years. Such a survey is crucial at this juncture. CTTA sits at
the intersection of online continual learning, robustness, generalization, and reliability during model
deployment. A careful study of the CTTA literature is essential, particularly as models are increasingly
deployed in resource-constrained environments such as edge devices and mobile platforms, where
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power and memory capacity are limited (Niu et al., 2024). This survey aims to consolidate existing
challenges, categorize methods, and identify open research avenues.

Comparison with related surveys. Our survey focuses specifically on the continual test-time adap-
tation (CTTA) setting under distribution shifts. While related surveys (Liang et al., 2025; Xiao and
Snoek, 2024; Wang et al., 2024) on TTA touch upon CTTA, they do so only briefly. Specifically, Liang
et al. (2025) provides a comprehensive overview of TTA, including methods, configurations, and a
wide range of applications. Similar discussions are found in Xiao and Snoek (2024). In contrast, Wang
et al. (2024) focuses exclusively on online TTA, with CTTA discussed as a subcategory within that
context. Our paper differs by focusing specifically and deeply on CTTA, which addresses the more
realistic scenario of continually evolving distributions. We believe such an in-depth treatment is pivotal
for advancing the field, as it highlights unique challenges and motivates the development of robust
methods for dynamic, continually shifting environments.

Scope. Throughout this survey, we primarily focus on CTTA methods developed for vision-based
models, with an emphasis on recognition. We also discuss extensions to semantic segmentation
where relevant. Classification serves as an established testbed with standardized architectures and
benchmarks, and the majority of existing CTTA works target this setting. While we acknowledge
emerging applications in other domains, including natural language processing (Liu et al., 2024),
medical imaging (Chen et al., 2024), 3D point cloud understanding (Jiang et al., 2024), and vision-
language models (Karmanov et al., 2024), a comprehensive treatment of these areas is beyond the
scope of this survey.

Contributions. The main contributions of our survey are as follows:

*  We provide a formal problem definition of CTTA and systematically analyze the core challenges
arising from continual distribution shifts, including catastrophic forgetting and error accumula-
tion.

*  We propose a hierarchical taxonomy that categorizes existing CTTA methods into three fami-
lies: optimization-based, parameter-efficient, and architecture-based approaches, with detailed
discussion of representative methods in each category.

¢  We summarize standard benchmarks and evaluation protocols, and present comparative experi-
mental results across methods.

¢ We identify limitations of current approaches and highlight emerging research directions, includ-
ing adaptation of foundation models, vision-language models, and black-box systems.

The rest of this paper is organized as follows. Section 2 formally defines the CTTA problem setup,
introduces notations, and discusses the optimization framework. In Section 3, we discuss the different
settings with respect to the sequence of tasks, especially their dynamic patterns. Section 4 presents
our taxonomy and provides detailed discussion of representative methods in each category. Section
5 holds a discussion on the source model variants often used in the literature. In Section 6, we talk
about the need for online continual adaptation. Section 7 summarizes benchmarks and experimental
comparisons. Section 8 outlines emerging trends and future research directions. Finally, Section 9
concludes the survey.

2. Preliminaries

In this section, we provide the necessary details of CTTA. This involves the problem setup,
notations, and other discussions that would be commonly used throughout this survey. Establishing
these foundations ensures a clear and consistent context for analysis.

2.1. Problem Definition

CTTA focuses on continually adapting a pre-trained source model fys, initially trained on a labeled
source distribution S, to a sequence of unlabeled and evolving target distributions {T;}X_ |, where K denotes
the total number of underlying (and unknown) shifts or tasks. 7; denotes the it" task. The task
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boundaries are not defined. Crucially, CTTA assumes no access to the source data during deployment
and operates in a strictly fest-time and online setting (Mai et al., 2022).

At each time-step ¢, the model receives a batch of unlabeled test samples from the current distribution,
different from the source, and must adapt on-the-fly without revisiting past data or leveraging future
information. At time-step t = 0, the model parameters are initialized as 8 = 6°, and updated
continually to 6t as new batches arrive, with no model reset whatsoever.

Challenges. This formulation presents several challenges:

*  In this setting, task boundaries are not explicitly defined, so the model remains unaware of when
a distributional shift takes place.

*  Adaptation must be efficient, often limited to a single forward-backward pass per batch.

e Full access to the target domain is not guaranteed; data arrives in mini-batches, requiring robust
adaptation.

®  The absence of ground-truth labels necessitates the use of unsupervised or self-training objectives,
which degrade the performance especially in extremely noisy conditions.

This setting is similar to models deployed in the real-world, for example, in autonomous/self-
driving cars, where models encounter non-stationary, unlabeled streams/environments and must continu-
ously adapt.

Goals. The primary objective of CTTA is to maximize performance on the evolving target data while

mitigating two key risks:

e Catastrophic forgetting of previously acquired knowledge, including both past target distributions
and the source/pre-training knowledge. While standard online continual learning (De Lange
et al., 2021) emphasizes preserving performance on earlier tasks during the optimization of
parameters on the current, CTTA introduces an additional challenge: preventing forgetting of the
model’s source knowledge during continual adaptation. Most methods discussed in this paper
largely target the latter.

®  Error accumulation due to noisy pseudo-labels or unstable parameter updates. Since CTTA operates
without access to the ground-truths, many methods are designed to rely on self-generated signals
like the pseudo-labels for guidance. However, these signals can be unreliable under severe
distribution shifts, which then steer the model parameters further away from the optimal solution.
So, a lot of consideration has to be given to carefully handle this.

2.2. Notations

Assuming there are a total of N source distributions, we denote the collection as & =
{p(xgk),ygk))}i\jzl. Each distribution p(xs(k),ygk)) corresponds to a particular source domain with
its own marginal and conditional characteristics. In the standard CTTA setting, one does not have
access to any distribution in S. However, some methods do obtain access to a very small amount
of source data to guide adaptation (Niu et al., 2022; Gong et al., 2022; Zhang et al., 2025a,2; Wang
et al., 2025). Now, let, at time-step f of the ith task, the target distribution be denoted as 7; = p(x¢, y).
This is defined over the joint space X' x), where X refers to the feature space and Y is the label
space. Here, for clarity, (xs,ys) and (x¢, y;) refer to a data pair sampled from Sy and 7T;, respectively. A
discriminative model fys : X — J, pre-trained on one or more source distributions, is adapted in the
presence of distributional shifts. At test time, the model receives a stream of unlabeled test data {xt}fil,
of a single 7. The model is adapted online, yielding fy with parameters 6 at each time-step ¢, which
evolves as new target inputs are encountered. The model has to be adapted to K tasks, with each task
of a unique test distribution, without any reset in model parameters.

2.3. Distributional Shifts

As discussed so far, adapting models at test-time is essential because the source distribution
often differs from the target distribution encountered during deployment. Formally speaking, in
the CTTA setting, the underlying i target distribution 7; may differ significantly from the source,
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often characterized by a distributional mismatch p(xs,ys) # p(x¢, y¢), where (xs,ys) and (x¢, y¢) are
sampled from the source and target distribution respectively. This discrepancy results in poor test
generalization of the source model fys when applied directly to samples from 7; (Quifionero-Candela
et al., 2008; Koh et al., 2021).

To drive further discussion on distributional shifts, we can decompose the joint distribution
p(x,y) based on a Bayesian factorization: p(x,y) = p(y) p(x|y) or p(x) p(y|x). This decomposition
gives rise to several distinct types of distributional shifts commonly discussed (Xiao and Snoek, 2024):

1. We encounter covariate shift when p(ys|xs) = p(yt|x¢) but p(xs)#p(xt), i-e., only the label seman-
tics/spaces are the same.

2. Concept shift involves the opposite, i.e., p(ys|xs)Zp(yt|xt) but p(xs) = p(x¢).

3. In conditional shifts, p(ys) = p(y¢) but p(xs|ys)#p(xt|yt). This means that, with the same label
space, the difference lies in the input distribution that varies based on the labels.

4. Label shift involves shifts in label space, but the label-conditioned distribution remains the same.

Thatis, p(ys)#p(yt) and p(xs|ys)=p(xely:)-

We provide a summary in Table 1. In the context of this survey, we emphasize that CTTA literature,
and the methods surveyed herein, predominantly address the covariate shift setting. The distributional
shifts in the test data arise primarily from different image corruptions while sharing the same label
space with the source data, so to speak.

Table 1. A comparison of distributional shifts at test-time, where often p(xs,ys) # p(xt, y¢). Let (x5, ys) ~ S and
(xt, yr) ~ T; of the i task; shifts are defined by which factors of the joint p(x,y) differ between S and T;. In this
survey, we focus on covariate shifts only.

Shift Condition

Covariate p(xs)#p(xe), p(ys|xs)=p(ye|xe)
Concept p(xs)=p(x¢), (yslxs)#P(ytIXt)
Conditional  p(ys)=p(yt), p(xs|ys) #p(xt|ye)
Label (vs)#p(y1), P(xslys)=r)(xf|yt)

2.4. Optimization and Discussions

Assume the model parameters at time-step ¢ are denoted as 6t and £ denotes a self-training loss,
due to lack of label supervision. Since 6' is adapted or adjusted to the test batch x; of a certain task, the
specific model parameters are updated to 6'*1 as:

0! = arg min L(x;0) (1)
= _D‘VG’E x:;0 |9 ot (2)

where at t = 0, 6! = 05. Here, a is the learning rate and V £(x;;6') denotes the gradient computed
based on current test batch x; and parameters 6'. This learning rule happens continually, unless
mentioned otherwise, without any model reset to its source parameters 6°.

Key Aspects. The above update rule embodies several key aspects:

1. Iterative continual adaptation: The model is updated sequentially with each arriving test batch.
This iterative process allows for immediate adaptation to new data distributions but also poses
challenges related to stability over a long sequence of tasks due to noisy gradients.

2. Loss design: In CTTA, the loss L is typically crafted to exploit unsupervised signals from the test
data. Its effectiveness determines the model’s ability to generalize despite rapid distribution
shifts.

3. Source-free constraint: Since the source data is unavailable during adaptation, the model must
continuously learn from new test samples without overfitting to any particular distribution.
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Overall, CTTA critically hinges on the careful design of £ that manages the trade-off between rapid
adaptation and long-term generalization in a dynamic, streaming environment. Approaches emphasize
the design of £, as the choice of loss function profoundly influences the adaptation dynamics.

3. Continual Domain Shift Patterns

In this section, we examine a fundamental aspect of CTTA: the temporal structure in which
domains or tasks arrive during deployment. Assumptions about domain ordering, duration, transition
dynamics, and sample-level distributional properties give rise to distinct evaluation settings, each
presenting unique challenges for adaptation methods. We organize the existing settings from the
simplest structured scenarios to increasingly dynamic and realistic ones.

Continual Structured Change (CSC) is the standard and most widely adopted evaluation
setting in CTTA. Introduced by CoTTA (Wang et al., 2022), CSC assumes that target domains arrive
in a fixed sequential order, where each domain 7; persists for a uniform number of n samples before
transitioning abruptly to the next domain 7; 1. Formally, given a sequence of K tasks, the test stream
{x;}K is structured such that all samples x; for t € [(i —1)n + 1, in] are drawn independently from 7;.
In common classification benchmarks such as CIFAR-10-C, CIFAR-100-C, and ImageNet-C (Hendrycks
and Dietterich, 2019), each of the K = 15 corruption domains spans n = 10,000, 10,000, and 5,000
test samples, respectively. Many subsequent works (Maharana et al., 2025; Liu et al., 2024; Park et al.,
2024a,2; Liu et al., 2024) adopt this protocol, often extending it to a multi-round variant where the full
sequence of K domains is repeated for R rounds (e.g., R = 10), yielding a total test stream of R - K -
samples. While the multi-round protocol accumulates substantially more domain transitions and tests
long-term stability (Duan et al., 2025), it retains the structural properties of CSC with uniform domain
durations and predictable ordering (Zhang et al., 2025b). CSC enables controlled and reproducible
evaluation; however, its clean boundaries and fixed durations do not fully capture the complexity of
real-world deployment, where domain changes are typically irregular and unpredictable.

Gradual domain transitions relax the assumption of abrupt, instantaneous boundaries between
consecutive domains. RDumb (Press et al., 2023) introduced the Continuously Changing Corruptions
(CCC) benchmark, where corruption types evolve smoothly over a very long timescale. Rather than
switching instantaneously from 7; to 7;;1, the corruption intensity interpolates gradually between
adjacent domains, producing a continuous stream without sharp boundaries. Similarly, BECoTTA
(Lee et al., 2024) proposed the Continual Gradual Shifts (CGS) benchmark, where the domain identity
transitions based on domain-dependent continuous sampling probabilities: the probability of sampling
from 7; decreases over time while the probability of sampling from 7;, increases, yielding blurred
boundaries and mixed-domain batches near transitions. Both CCC and CGS add realism by removing
the artificial abruptness of CSC. However, as noted by Zhang et al. (2025b), these settings still follow
the overall CSC pattern in that each domain persists for a long duration and the ordering of domains
remains predictable. The mixed-domain batches near transitions constitute only a small fraction of the
total data.

Beyond domain-level structure, several works address sample-level distributional challenges
that arise in practical deployment. SAR (Niu et al., 2023) studied TTA under what are termed “wild”
test conditions, identifying three practical challenges: (1) mixed distributional shifts, where a batch B;
at time ¢ may contain samples from multiple domains simultaneously, i.e., x € B; may be drawn
from different 7;; (2) small batch sizes, including the extreme case of single-sample adaptation where
|B¢| = 1; and (3) online imbalanced label distribution shifts, where the ground-truth test label distribution
Q:(y) is non-stationary and may become imbalanced at each time-step t. While SAR was originally
proposed for single-domain TTA, these challenges naturally extend to CTTA and significantly affect
methods that rely on batch-level statistics for normalization and adaptation. Separately, NOTE (Gong
et al., 2022) identified that real-world test streams are often femporally correlated (non-i.i.d.). Instead
of the standard i.i.d. assumption where (x¢,y;) ~ Pr(x,y) from a time-invariant distribution, NOTE
considers a time-dependent formulation (x¢,y¢) ~ Pr(x,y | ), where the marginal label distribution
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p(y | t) varies over time due to temporal correlation. For example, in autonomous driving, consecutive
frames are dominated by the same object categories. This non-i.i.d. nature biases batch normalization
statistics and degrades entropy-based adaptation objectives.

Practical Test-Time Adaptation (PTTA) unifies the challenges of continually changing distribu-
tions and temporally correlated sampling into a single evaluation protocol. Proposed by RoTTA
(Yuan et al., 2023), PTTA captures compound real-world difficulties where the test distribution changes
continually across time-steps while the received batch X} at each step contains highly correlated
samples rather than i.i.d. draws. To systematically control the degree of temporal correlation, RoTTA
employs a Dirichlet distribution parameterized by ¢ to govern the within-batch label composition. Specifi-
cally, the label proportions within each batch are sampled from Dir(J - 1¢), where C is the number of
classes. Smaller values of § produce batches dominated by a single class (high temporal correlation),
while larger values yield more balanced, near-i.i.d. batches. The combination of within-batch label
correlation and continually shifting domains creates a particularly difficult setting: batch normalization
statistics become unreliable due to biased samples, and adaptation losses such as entropy minimization
risk overfitting to the skewed label distribution of the current batch.

Continual Dynamic Change (CDC) addresses the limitations of uniform domain durations by
introducing varying domain frequencies and durations. Proposed by DPCore (Zhang et al., 2025b),
CDC relaxes the core CSC assumption that each domain persists for a fixed number of samples. In
CDC, domains may recur multiple times with different durations, and domain transitions can occur
more frequently and unpredictably. To control the degree of dynamism, Zhang et al. (2025b) employ
a Dirichlet distribution with parameter é to govern domain transitions at the task level, in contrast
to RoTTA’s sample-level usage. The domain assignment probabilities are sampled from Dir(¢ - 1),
where K is the number of domains. Smaller values of J produce longer, more stable domain segments
resembling CSC, while larger values lead to rapid and frequent domain switches. For instance, at
6 = 1, the setting maintains a moderate balance between structure and randomness, while at 6 = 10,
domain transitions become extremely frequent, creating a highly dynamic environment. CDC exposes
three critical limitations of existing CTTA methods that are less apparent under CSC: (1) convergence
difficulty due to insufficient samples within brief domain exposures, (2) catastrophic forgetting as model
parameters are continually overwritten across many rapid domain changes, and (3) negative transfer
when knowledge acquired from one domain adversely affects adaptation to dissimilar domains.
Moreover, Zhang et al. (2025b) demonstrated that CDC naturally compounds with sample-level
challenges: when domain durations are very short, batches near transitions contain samples from
multiple domains (mixed distributional shifts), and the rapid domain changes induce label imbalance
within individual batches. Evaluating under the combination of CDC with the temporal correlation
of PTTA further amplifies these difficulties, as the model must simultaneously handle unpredictable
domain dynamics and biased within-batch label distributions.

Recurring and evolving domain patterns capture the long-term, non-stationary nature of real-
world deployment where previously encountered conditions reappear. ReservoirTTA (Vray et al,,
2025) formalized three complementary domain shift patterns for prolonged test-time adaptation. Re-
curring Continual Structured Change follows a predictable domain order where domains periodically
reappear, i.e., the sequence 71 — T, — --- — Tk is repeated cyclically. Unlike the multi-round
CSC protocol of Wang et al. (2022), the recurring formulation emphasizes the model’s ability to detect
returning domains and reuse previously learned knowledge rather than re-adapting from scratch.
Recurring Continual Dynamic Change involves unpredictable domain shifts where certain domains recur
but without a fixed order, leading to irregular and abrupt transitions with no guarantee on when or
for how long a domain will reappear. Continuously Changing Corruptions describes scenarios where
conditions within a domain evolve incrementally (e.g., weather gradually intensifying) before eventu-
ally transitioning to an entirely new domain. These patterns are particularly relevant for long-horizon
deployments such as autonomous driving and environmental monitoring, where visual conditions
shift and recur over extended periods. The explicit treatment of domain recurrence introduces an
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important dimension: the model must not only adapt to novel domains but also efficiently re-adapt to
previously encountered ones, ideally leveraging domain knowledge retained from prior exposures
rather than re-learning from scratch.

Overall, these diverse formulations reveal a rich spectrum of evaluation settings in CTTA, ranging
from the controlled and predictable CSC to the dynamic CDC and recurring domain patterns. Im-
portantly, these settings are not mutually exclusive. In real-world deployment, multiple challenges
are likely to co-occur: domains may change dynamically with varying durations (CDC) while test
samples within each domain are temporally correlated (PTTA), batches may contain mixed-domain
data (wild TTA), and previously seen conditions may recur unpredictably (Recurring CDC). The
compounding of these factors creates a considerably more demanding adaptation problem than any
individual setting alone. As domain changes become more frequent, less predictable, or more gradual,
CTTA methods face increasing pressure to balance rapid plasticity with long-term stability. Evaluating
CTTA methods under this full range of domain shift patterns, and especially their combinations, is
therefore essential for developing adaptation strategies that remain robust and reliable in realistic,
non-stationary deployment environments.

4. Taxonomy of Continual Test-Time Adaptation Methods

We divide the discussion on CTTA methods based on what they adapt and their update strategies.
Figure 3 provides a hierarchical overview of the taxonomy:.

1.  Optimization-based: As discussed in Section 2.4, the choice of a self-training loss objective £
has a strong impact on the objective. Model predictions can be unreliable without supervision
and under distributional shifts, leading to noisy gradients. To address this, we discuss three
key paradigms: a) entropy minimization, which encourages confident predictions, b) pseudo-
labeling, which leverages high-confidence predictions as surrogate supervision, and c) parameter
restoration, which helps in mitigating forgetting by recovering source knowledge.

2. Parameter-Efficient: CTTA methods primarily approach adaptation from two complementary
perspectives. One line of work focuses on estimating the normalization statistics of BatchNorm
(Ioffe and Szegedy, 2015) layers w.r.t. the test distribution. Another group of work emphasizes
adaptively selecting suitable layers to adapt, often inspired by findings in transfer learning
literature (Weiss et al., 2016).

3. Architecture-based: A parallel line of CTTA research employs teacher-student frameworks to
enhance adaptation stability. The teacher model typically produces stable pseudo-labels to guide
the student to adapt. In addition, a few CTTA works also introduce domain adapters, visual
prompting (Bar et al., 2022; Jia et al., 2022), and masked image modeling (He et al., 2022).

Foundational TTA as CTTA Baselines. The evolution of CTTA is deeply rooted in foundational
Test-Time Adaptation (TTA) paradigms. Seminal works like TENT (Wang et al., 2021) introduced
entropy minimization to update normalization layers, while TTT (Sun et al., 2020) pioneered self-
supervised auxiliary tasks for online generalization. Other pivotal methods frequently cited in the
CTTA landscape (Liang et al., 2025) include SHOT (Liang et al., 2020) for source-free hypothesis
transfer and MEMO (Zhang et al., 2022), which leverages test-time augmentations to reduce prediction
uncertainty, and AdaContrast (Chen et al., 2022) that introduces a novel way to leverage self-supervised
contrastive learning to facilitate target feature learning. In the specific context of vision-language and
large-scale models, recent advancements such as SAT (Mishra et al., 2026) emphasize utilizing fixed
text embeddings as anchors, while BATCLIP (Maharana et al., 2025) explores the robust adaptation of
both visual and text encoders in foundational models like CLIP (Radford et al., 2021) to non-stationary
distributions. These foundational strategies are often evaluated on catastrophic forgetting if the model
does not reset between sequential tasks {7;}X ;. As a remark, we would like to highlight that most
existing TTA works can be readily extended and applied to CTTA. In this survey, we discuss TTA
methods that regularly appear in CTTA discussions and baselines.
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TENT (Wang et al., 2021)

EATA (Niu et al., 2022)

SAR (Niu et al., 2023)

RMT (Ddébler et al., 2023)
SANTA (Chakrabarty et al., 2024)
SoTTA (Gong et al., 2023)

DeYO (Lee et al., 2024)

TEA (Yuan et al., 2024)

REM (Han et al., 2025)

LCoTTA (Duan et al., 2025)

DSS (Wang et al., 2024)
AdaContrast (Chen et al., 2022)
PLF (Tan et al., 2024)

RPL (Rusak et al., 2021)

CoTTA (Wang et al., 2022)
PETAL (Brahma and Rai, 2023)
RoTTA (Yuan et al., 2023)

TCA (Ni et al., 2025)

BN Stats (Schneider et al., 2020)
MixNorm (Hu et al., 2021)
NOTE (Gong et al., 2022)
MECTA (Hong et al., 2023)
TTN (Lim et al., 2023)

LAW (Park et al., 2024b)
PALM (Maharana et al., 2025)
PSMT (Tian and Lyu, 2024)
FOA (Niu et al., 2024)

CoTTA (Wang et al., 2022)
RMT (Débler et al., 2023)
C-CoTTA (Shi et al., 2025)

ViDA (Liu et al., 2024)
EcoTTA (Song et al., 2023)
TDA (Karmanov et al., 2024)
Buffer (Kim et al., 2025)

VDP (Gan et al., 2023)
OT-VP (Zhang et al., 2025a)
DPCore (Zhang et al., 2025b)
KFF (Zhou et al., 2025)

Continual-MAE (Liu et al., 2024)

Figure 3. Hierarchical taxonomy of representative CTTA methods. Methods are organized into three main
families: Optimization-based approaches that design self-training objectives (entropy minimization, pseudo-
labeling, parameter restoration, topology preservation), Parameter-Efficient methods that selectively update model
components (normalization layers, adaptive updates), and Architecture-based approaches that introduce additional
modules (teacher-student, adapters, prompting, masked modeling). Years indicate the publication year. Note that
some methods, including TTA methods, span multiple categories. In Section 4, we discuss other methods in great

detail.
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Figure 4. Timeline of methods from 2020 to 2025. The field evolved from foundational TTA works (TTT, TENT) to
the introduction of Continual TTA (CTTA) by CoTTA in 2022, which sparked rapid growth in methods addressing
catastrophic forgetting and error accumulation under continual distribution shifts. Methods are color-coded by
their primary approach.

4.1. Optimization-Based Methods
4.1.1. Entropy Minimization

CTTA extends the paradigm of TTA by addressing the challenges of catastrophic forgetting and
error accumulation, which arise due to continual parameter updates and the propagation of noisy
pseudo-labels, respectively. Methods draw inspiration from entropy minimization (Shannon, 1948), a
core self-training objective initially introduced by the seminal work TENT (Wang et al., 2021) for TTA,
which aims to adapt a source model to the target distribution at test-time. This does not modify the
source pretraining phase. Such a loss function behaves as a proxy objective by encouraging the model
to make more confident predictions on test data involving rapid change in domains. Entropy measures
the uncertainty of model predictions, and the intuition of minimizing in such a setting is to nudge
the model towards more decisive outputs, “forcing" it to align better with the test data’s distribution,
without any label supervision. The gradient flow from the entropy loss adjusts the parameters to
reduce the prediction uncertainty. The general optimization objective is formulated,

g+l — argn:)%n?—[(lt) 3)

where H denotes the entropy of model’s logits [;. As a self-training objective, H is the Shannon entropy
(Shannon, 1948), computed over all the classes as,

H(lr) = =) p(l)log(p(ls)) 4)

Entropy minimization lays the foundational optimization objective (coupled with others) for most
CTTA works. Depending upon the ease of extension, a few TTA works have been frequently used in
the CTTA literature, too, where parameters are updated without any model reset. TENT (Wang et al.,
2021) minimizes the Shannon entropy of the model predictions and updates the parameters. Inspired
by TENT, many TTA approaches, and eventually CTTA approaches, extend this idea. EATA (Niu et al.,
2023) adapts the parameters based on low-entropy samples, as high-entropy or uncertainty predictions
degrade the performance. MEMO (Zhang et al., 2022) augments each test image multiple times and
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updates the model parameters by minimizing the entropy of the average model predictions. STAMP
(Yu et al., 2024) uses a replay buffer and minimizes a weighted entropy that places higher weights on
low-entropy test samples. The buffer is updated with low-entropy samples. SAR (Niu et al., 2023)
studies the failure mode of entropy minimization. It proposes encouraging the model to reside in flat
regions of the entropy loss landscape to obtain good generalization and be robust to large gradients,
by optimizing the following minimax entropy objective,

min max H(x; 0" + Ag) (5)
0 e=||Agtll2

The inner objective is to find a perturbation Ay within the Euclidean ball of radius € while maximizing
the entropy H. RMT (Dobler et al., 2023) proposes using a symmetric cross-entropy loss. DeYO (Lee
et al., 2024) proposes a probability difference metric that is computed between predictions before
and after augmentations, helping in sample selection and thereby entropy minimization. SANTA
(Chakrabarty et al., 2024) builds on the idea of self-distillation (Yuan et al., 2019; Yang et al., 2019),
employing two cross-entropy losses: one between the predictions of the adapted model and the
source model, and another between the predictions of the adapted model on an augmented input
and the corresponding source model predictions. The guidance from the source model helps in
minimizing catastrophic forgetting. SOTTA (Gong et al., 2023) addresses the challenge of noisy samples
by maintaining a class-balanced memory buffer and applying entropy sharpening to filter unreliable
predictions. TEA (Yuan et al., 2024) introduces test-time energy adaptation, which replaces entropy
with an energy-based objective that provides more stable gradients under severe distribution shifts.
The appeal of entropy minimization in CTTA stems from its ability to facilitate rapid adaptation to
new target distributions by encouraging the model to produce more confident predictions. However,
the continual distribution shifts pose a challenge. Relying heavily on potentially noisy pseudo-labels
generated through entropy minimization can lead to a gradual accumulation of errors in the model’s
parameters. REM (Han et al., 2025) proposes a masked entropy minimization loss to avoid model
collapse. LCOTTA (Duan et al., 2025) theoretically and empirically show that entropy minimization can
be degenerate. They show that gradients obtained via entropy minimization form a low-dimensional
structure caused by entropy-truthful batch samples with highly correlated gradients. Similarly, Lee
et al. (2024) provides a theoretical analysis highlighting the limited reliability of entropy as a robust
measure of confidence, especially in the context of evolving data distributions.

4.1.2. Pseudo-Labeling

Beyond entropy minimization, CTTA approaches often incorporate additional guidance through
pseudo-labels (Lee et al., 2013) generated by the model itself. Intriguingly, both entropy minimization
and the use of pseudo-labels share a common objective in CTTA: to boost the confidence level of the
model’s predictions. This is formulated as,

y' = argmaxp(fy (xt)) 6)

where fp: (xt) is the model predictions on input batch x;, parameterized by 6" at time-step ¢. It can be
seen that pseudo-labels can be inaccurate due to continual shifts in distribution. So, CTTA approaches
focus on refining the pseudo-labels” quality to provide more enhanced supervision. DSS (Wang et al.,
2024) is built upon an important observation. Since pseudo-labels are noisy, not trustworthy, and yet
most models rely on them to update parameters through a self-training loss, it proposes a dynamic
thresholding technique to filter out high-quality pseudo-labels from the low-quality ones. AdaContrast
(Chen et al., 2022) utilizes a self-supervised contrastive learning framework. Pseudo-labels are refined
by leveraging the knowledge from the test sample’s neighborhood. RPL (Rusak et al., 2021) proposes
robust pseudo-labeling by exploring hard and soft pseudo-labeling. For robust pseudo-labeling, they
recommend using a generalized cross-entropy loss. PLF (Tan et al., 2024) proposes a self-adaptive
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thresholding mechanism to filter out reliable pseudo-labels in a test batch. The initial thresholds are
gradually matched to the confidence of model prediction.

Discussions. The key similarity between pseudo-labeling and entropy minimization lies in error
accumulation due to continual shifts in distributions. While efforts to generate more confident pseudo-
labels aim to improve the supervision of the continually adapting model, a crucial limitation remains:
there is no assurance that either pseudo-labels or entropy minimization will remain dependable when
faced with severe distribution shifts.

4.1.3. Topological Consistency

Standard entropy minimization and pseudo-labeling methods often suffer from feature space
collapse, where class clusters merge or distort significantly under continual shifts. TCA (Topological
Consistency Adaptation) (Ni et al., 2025) addresses this by enforcing a class topological consistency
constraint. Instead of adapting samples in isolation, TCA explicitly maintains the geometric rela-
tionships between class centroids. It minimizes the distortion of inter-class distances and enforces
intra-class compactness, ensuring that the semantic structure of the feature space remains stable even
as the domain shifts continually. This geometric regularization acts as a critical counter-balance to the
"entropy bias" where models become overconfident in incorrect predictions.

4.1.4. Parameter Restoration

To minimize error accumulation due to noisy labels, certain model parameters of the adapted
model are restored to the source model parameters. This ensures stability during continual adaptation
by partially or periodically reverting model parameters to a more reliable state, helping mitigate the
risk of overfitting (Wang et al., 2022). Given the flattened source parameters §° and the adapted model
weights 6" at time-step t+1, the restoration is done as,

m ~ Bernoulli(p) (7)
'l =m-6° + (1 —m)p't! (8)

p is a stochastic probability and m is a binary mask to control the set of parameters in 6"+ to be restored.
CoTTA (Wang et al., 2022) applies the above mechanism uniformly across all parameters by reverting
them to the source model weights. Notably, this approach does not account for the individual behavior
or importance of each parameter, treating all parameters equally during restoration. In PETAL (Brahma
and Rai, 2023), the Fisher Information Matrix (FIM) (Sagun et al., 2017), computed as the diagonal of the
product of the gradient and its transpose, is used to measure the parameter importance. This diagonal
estimate serves as a proxy for how crucial each parameter is to the model’s predictive behavior. m is
set to 1 if the diagonal FIM is below a predefined threshold, else it is set to 0. This mechanism enables
targeted, uncertainty-aware updates while maintaining stability during CTTA. RoTTA (Yuan et al.,
2023) extends parameter restoration with a tiered memory bank that maintains category-balanced
samples and applies robust batch normalization to stabilize adaptation under temporally correlated
test streams.

4.2. Parameter-Efficient Methods

Source models have a sheer number of parameters. Directly adjusting the parameters, at test-time,
can be computationally demanding, as it requires significant computational resources and gradient
flow all the way back to the shallow layers. The major drawback of full fine-tuning is the loss of source
knowledge, hinting at catastrophic forgetting.

4.2.1. Normalization Layers

An initial set of works focuses on modulating the statistics of the normalization layers, especially
the batch normalization layers (BatchNorm) (loffe and Szegedy, 2015). BatchNorm plays a crucial role
in stabilizing the training of neural networks. Its effectiveness stems from normalizing the activations
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within each layer by estimating their mean and variance, typically across the entire training dataset
or within sufficiently large mini-batches. By maintaining more consistent activation distributions,
BatchNorm significantly reduces the likelihood of encountering vanishing or exploding gradients.
Given the input features g; to a BatchNorm layer at time-step t, the normalized/transformed features

are,
g=5 ©)
of

where ¢ and ¢ denote the mean and variance of the test batch. We provide an illustration in Figure 5.

)
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Figure 5. Illustration of estimating BatchNorm statistics and feature modulation at test-time. For an input
feature g, the normalized output g; is computed using the batch-wise mean y; and variance (th from the target
distribution: g; = % - ¥ + B, where 7y and f§ are learnable affine parameters updated during adaptation.

Building on this, TENT (Wang et al., 2021) proposes updating jis and 02 with those of the target
statistics, during model adaptation at test-time via entropy minimization. The motivation is to replace
the source statistics yig and 02 with those of the target distribution, while keeping the rest of the source
model parameters frozen. Li et al. (2016) suggest that the target domain’s information can be conveyed
through the statistical interpretation of the BatchNorm parameters. This way, the internal covariate
shift is also minimized. The affine parameters (7 and B) of the BatchNorm layers, which constitute
<1% parameters, are trainable and updated based on their gradients computed from Shannon entropy
(Shannon, 1948) as,

Yyt V() (10)
Bl B+ Vg H() (11)

In the presence of noisy test samples, the performance of TENT is impacted. Continual updates of
affine parameters lead to overfitting on future test tasks. To stabilize the adaptation process, increasing
the batch size is an alternative. As in TENT and other works updating norm statistics (Wang et al.,
2021; Hu et al., 2021), a common choice of batch size is 200 on CIFAR-C datasets. Such a practice falters
with GPU memory constraints when batches can be of a smaller size. Additionally, relying on the
batch size, especially at test-time is an unrealistic assumption. To work on any batch size in an online
manner, MixNorm (Hu et al., 2021) operates by predicting norm statistics from each test sample and
then refining these estimates via a moving average of global statistics accumulated from previous test
samples. Given the input image and its augmentation, let the input feature and the corresponding
augmented feature be g; and g}, where g and g, € RP. The mean and variance of the features would

be, N
= EZOZIQ_V(\)W (12)
H oy W (ot i — )2
2 _ Livo Z,_ol({glif[w] 2] 13)
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where H and W denote the first two dimensions of the feature map, usually the batch size and channel
dimensions, respectively. The local statistics, uj,.,; and (7120 cal 18/

Zke{g,,g;} 21110 Z]Vio k[Z' ]]

Hiocal = 2HW (14)
> Zke{gt,g{} 21110 Z]Vi()(k[lr]] - ,ulocul)2
Tlocal = 2HW (15)

Let u;_1 and 02 | be the running or global statistics till the current time-step ¢, computed as a moving
average with hyperparameter 7. The normalized input features at time-step ¢ with affine parameters -y
and B (from the source model) are,

g = ’)/gt — Kmixed +B (16)
o2,
mixed
/ — .
o2,
mixed
where, 1,ixeq and ‘Trznix od ATE,
Hinixed = Mﬂlocal + (1 - M).utfl (18)
Uzgﬁxed = MUIZ()cal + (1 - M)‘thfl (19)

However, the momentum factor M to compute the moving average is fixed and is independent of the
distribution. Mirza et al. (2022) push this by proposing a dynamic way to determine the momentum,
based on a decay factor. ERSK (Niloy et al., 2024) uses the KL divergence of norm statistics between the
current test batch and the source model to determine the momentum. Though fancy, moving averages
can affect the optimization of gradients and normalization when updating the affine parameters of
BatchNorm layers. NOTE (Gong et al., 2022) takes inspiration from Instance Normalization (Ulyanov
et al., 2016) and computes instance-wise statistics to eliminate reliance on correlated data in the batch.
To leverage the source norm statistics i and 02, BN Stats Adapt (Schneider et al., 2020) uses a weighted
sum of the source and target statistics. When the number of test samples is small, the effective mean
and variance of the BatchNorm layers are computed as, ji = %my s+ %myt, o2 = ﬁntag + %ntatz.
N is a hyperparameter to balance the trade-off between source and test statistics, and 7 is the number
of test samples. Selection of N, as a hyperparameter, is a limitation. TTN (Lim et al., 2023) proposes
domain-shift aware batch normalization that dynamically adjusts the weight of BatchNorm layer
updates based on the estimated severity of domain shift for each layer.

Limitations. Since BatchNorm operates at a batch level, the activations are shifted and scaled, which
lack inter-feature correlations (Huang et al., 2018). While adaptation methods have been proposed to
overcome this, there are potential limitations of norm updates at test-time. Specifically, such updates
often assume that distributional changes can be captured through first- and second-order moments,
which may be insufficient when the shift affects more complex feature dependencies or semantic
content. As discussed, small batch sizes harm the estimation error of y; and o7 statistics, making them
noisy and unreliable. Moving average-based (Hu et al., 2021; Mirza et al., 2022; Niloy et al., 2024)
methods address this, as discussed, but norm statistics alone may not offer sufficient expressiveness
in continual test-time scenarios. Their drawbacks can be seen in the results and motivation of CTTA
papers.

BatchNorm alternatives. To reduce high GPU memory consumption and make CTTA approaches suitable
for edge devices, MECTA (Hong et al., 2023) proposed MECTA Norm, a substitute to BatchNorm. This
modification is particularly beneficial in scenarios where the computational overhead associated with
large batch sizes, high-dimensional feature channels, and the need to update numerous layers would
otherwise be very difficult. EcoTTA (Song et al., 2023) proposed meta networks to be attached to each
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block of the source model during adaptation. The meta network comprised a "conv block” followed by
a BatchNorm layer. Such a setup resulted in a memory-efficient CTTA framework.

Discussions. Adjustment of the normalization statistics in BatchNorm layers has served as the corner-
stone of efficient TTA, and thereby, CTTA approaches. However, it is not model-agnostic. Modern
computer vision models like Vision Transformers (Dosovitskiy et al., 2021) have garnered attention,
which have LayerNorm layers and do not benefit. LayerNorm normalizes across features within
a single sample rather than across the batch, making it insensitive to batch-level distribution shifts
and thus incompatible with BatchNorm-centric TTA methods. So, there is a need for model-agnostic
adaptation methods. Recent works have started to explore alternatives, such as using model un-
certainty to guide adaptation (Maharana et al., 2025), or introducing lightweight adapters that are
normalization-independent (Liu et al., 2024).

4.2.2. Adaptive Parameter Updates

Memory and compute-intensive fine-tuning poses a challenge for CTTA, especially in resource-
constrained environments. To address this, a new line of CTTA research draws inspiration from
the heterogeneous transferability of pre-trained layers (Chatterji et al., 2019; Neyshabur et al., 2020).
These works observe that not all layers in a deep model contribute equally to generalization across
distributions. Building on this, Lee et al. (2023) proposes that, depending on the nature of the
target distribution, a carefully selected subset of source model layers can be heuristically fine-tuned,
avoiding the overhead of full-model updates. This naturally raises an important question: how can we
automatically and efficiently determine which layers to adapt for a given shift? This layer selection
problem is non-trivial in CTTA, where supervision is absent, and distribution shifts are dynamic and
rapidly changing.

LAW (Park et al., 2024b) computes a layer-wise importance score based on FIM, which serves as
an approximation of the Hessian matrix of log-likelihood (Sagun et al., 2017). For the I'" parameter
from the model parameters 0; at time-step ¢, the score is computed as,

h(6], x) = Vgrlog(p(for (xr)) (20)
The FIM, per layer of the model, is,
it = Ey, [1(0!, x1)h (0!, x;)T] (21)

Eqgns. 20 and 21 are computed for every parameter of the continually fine-tuned model. To capture
domain-level information from past batches, additionally, Eqn. 21 is computed as a running summation
(1}5) with the final “adapted" learning rate weight being the square root of the trace of i} of the It
parameter. This way, each parameter is adaptively updated with a different step size depending
on the domain. To address the limitations of relying on noisy pseudo-labels for estimating layer
importance (as in Eqn. 20), PALM (Maharana et al., 2025) introduces an uncertainty-guided mechanism
for automatic layer selection during CTTA. The core idea is to leverage model prediction uncertainty as
a proxy for identifying which layers are most sensitive to distributional shifts and therefore should be
adapted. Specifically, PALM computes the gradient of the KL divergence between a smoothed model
output and a uniform distribution, which captures the degree of predictive uncertainty. For the j
parameter of the I'" layer, the gradient is given by,

ngt_’l KL(softmax(fy: (xt) / T| |u)) (22)

where T is the temperature parameter and u is a uniform distribution over classes. An L; norm on Eqn.
22 reveals important possible intuitions. Layers with smaller aggregated gradients are considered more
relevant for adaptation under shift, since they are more uncertain to the domain, and are thus selected
for fine-tuning. PALM decided to freeze the remaining model parameters to ensure minimal forgetting
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of source knowledge. In line with prior work on parameter importance estimation (Molchanov et al.,
2019), PALM maintains a running average of sensitivity scores to capture historical domain-level
information. The smoothed sensitivity score for each parameter is updated using an EMA,

—

s/]t; = Asty+ (1= sty ! 23)

where 7 is a smoothing factor € [0,1] to control the influence of previous sensitivities. The adaptation
rate for each selected parameter is then modulated based on the uncertainty in its sensitivity, defined
as,

g
lX;’ 1= ]f (24)

This formulation assigns higher learning rates to parameters with both low sensitivity and high tempo-
ral variability, encouraging localized adaptation to new domains while preserving the generalization
learned from source data. Overall, PALM provides a principled approach for layer-wise selective
adaptation, balancing plasticity and stability in a continual test-time setting. One of PALM’s key
advantages lies in its ability to freeze a substantial portion of the model parameters, with the majority
of the selected parameters i.e., ~63%, corresponding to the affine parameters of BatchNorm layers
(Wang et al., 2021; Ioffe and Szegedy, 2015). FOA (Niu et al., 2024) takes a different approach by
enabling test-time adaptation through forward passes only, eliminating the need for backpropagation
entirely. This is achieved by optimizing learnable input prompts using covariance adaptation, making
it particularly suitable for resource-constrained deployment. For a teacher-student network, PSMT
(Tian and Lyu, 2024) selectively decides the subset of teacher parameters to update. Inspired by Liu
et al. (2021), that only a subset of parameters are effective in an over-parameterized network, PSMT
proposes selective knowledge distillation between the models. To regulate updates to the student,
PSMT introduces a quadratic regularization constraint weighted by the diagonal Fisher Information
Matrix (FIM) (Sagun et al., 2017), which captures the sensitivity of each parameter. This ensures that
updates avoid altering parameters critical to the model’s generalization. For the teacher model, PSMT
identifies important parameters via a threshold on the diagonal FIM. Only parameters with sensitivity
exceeding this threshold are updated using Eqn. 25. This constrains it from drifting under domain
shift and reducing the risk of forgetting.

Discussions. There have been limited CTTA works on automatically selecting a subset of layers and
adaptively deciding the degree of fine-tuning on a continual stream of tasks. However, they’re tricky
to work with at test-time. Adaptive learning rate schemes rely on gradient-based signals, which can
be highly noisy without supervision. Noisy gradients can cause erratic or unstable updates. These
methods also introduce extra hyperparameters, which could be non-trivial to tune at test time. Poor
hyperparameter choices can amplify sensitivity noise or make the model too rigid.

4.3. Architecture-Based Methods

In this section, we discuss CTTA methods that attach additional parameters to the source model
for efficient continual adaptation to different distributional shifts. This includes memory-intensive
architectures like teacher-student, lightweight modules, or masked tokens, which are updated at
test-time.

4.3.1. Teacher-Student

In the context of semi-supervised learning, teacher—student frameworks such as the Mean Teacher
model (Tarvainen and Valpola, 2017) have been extensively studied. To enhance the stability and
quality of the teacher’s predictions, the teacher model is formed by taking an exponential moving
average (EMA) (Klinker, 2011) of the student model’s parameters over training steps. A consistency
regularization is then applied between the outputs of the student and teacher models, encouraging the
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student to produce stable predictions for different augmentations while gradually improving through
supervision from the teacher.

From a CTTA viewpoint, CoTTA (Wang et al., 2022) proposed a similar framework, as illustrated
in Figure 6, where at t=0, both networks are initialized to #°. Inspired by (Tarvainen and Valpola,
2017; Polyak and Juditsky, 1992), the teacher parameters 6% are updated using an EMA of the student

parameters,
07! BOT + (1 B)o5;” (25)
where B is the momentum coefficient (typically set to 0.9), and 8} denotes the updated student

parameters at time-step t + 1. To update the student model, the loss is a cross-entropy between student
and teacher predictions as,

H(l) ==Y p(i)log(p(ly)) (26)

with /; and I; either being the student and teacher logits. This serves as a consistency loss. If the
source model’s confidence in a given sample is low, CoTTA uses the average of multiple teacher
predictions under hard test-time augmentations to generate a more reliable target. Otherwise, it
uses the original teacher prediction. This strategy helps mitigate confirmation bias from uncertain
predictions, ensuring that the student learns from stable, high-confidence guidance. RMT (Dobler et al.,
2023) extends the teacher-student framework by addressing a critical limitation: the susceptibility of
standard mean teacher updates to noisy or corrupted test samples in continual streams. While CoTTA
uses a standard EMA to update the teacher, RMT proposes a robust mean teacher update mechanism
that filters unreliable samples before incorporating them into the teacher’s knowledge. Specifically,
RMT maintains a memory bank of test samples and employs a symmetric cross-entropy loss that is less
sensitive to noisy pseudo-labels compared to standard cross-entropy. Another approach, by the name of
ViDA (Liu et al., 2024), uses a consistency loss between the student and teacher predictions. The teacher
receives strongly augmented views of the input batch, while the student processes the original test
batch. This design encourages the student to learn stable representations by aligning with the teacher’s
predictions, behaving as soft pseudo-labels. TDA (Karmanov et al., 2024) introduces a training-
free dynamic adapter specifically designed for vision-language models. By combining positive and
negative caches based on prediction confidence, TDA achieves efficient adaptation without requiring
gradient updates, significantly reducing computational overhead compared to prior methods. VDP
(Gan et al., 2023) employs a cross-entropy loss between the student and teacher predictions, along
with a regularization term that penalizes parameters sensitive to domain shifts. This regularization is
implemented as a weighted L, distance between a subset of model parameters from the current and
previous batches. It encourages the model to update only shift-resilient parameters, thereby preserving
domain-invariant representations while enabling effective domain-specific learning. EMA updates
the teacher model parameters. DPCore (Zhang et al., 2025b) addresses the limitation of fixed prompts
by maintaining a dynamic prompt coreset that evolves with the changing target distribution. The
coreset is updated based on sample representativeness and prediction confidence, enabling more
robust adaptation across diverse domain sequences. C-CoTTA (Shi et al., 2025) introduces controllable
continual test-time adaptation by explicitly preventing category encroachment during adaptation,
thereby maintaining clearer decision boundaries between classes under domain shift. Most methods
update all the teacher parameters by EMA, which could lead to forgetting and error accumulation.
PSMT (Tian and Lyu, 2024) selectively decides the subset of teacher parameters to update as discussed
in4.2.2.

Discussions. While teacher-student models have been extensively used in the CTTA literature, they
come with certain limitations. 1) Rapid distributional shifts of high severity could lead to the teacher
model being wrong, leading the student to reinforce the errors. 2) CITTA demands that the model
adapts to new domains without forgetting past knowledge or overfitting to transient noise. As seen,
most frameworks lack mechanisms to control forgetting or rebalancing domain-agnostic vs. domain-
specific knowledge. 3) And the most important is high computation and overload, where maintaining
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two networks increases memory usage and computational cost, which may not be ideal for real-time
or resource-constrained deployment settings.
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Figure 6. Teacher-Student Framework: The teacher model is updated via an exponential moving average (EMA)
of student weights, providing stable pseudo-labels. Stochastic parameter restoration periodically resets a subset
of student parameters to source weights to prevent catastrophic forgetting.

4.3.2. Adapters

To address the memory concerns of CTTA, EcoTTA (Song et al., 2023) attaches meta-networks
to the source model, i.e., to each block of the model; lightweight Conv blocks and BatchNorm layers
are attached. During adaptation, the entire source model remains frozen, ensuring that the original
parameters are preserved and avoiding catastrophic forgetting. Only the meta-networks are updated,
making the adaptation process computationally efficient and memory-light. To adapt, a confidence-
based entropy as in Eqn. 4 is used along with an L; regularization that bridges the output of the
proposed meta-network and the source feature extracted between each block of the source model.
EcoTTA achieves a favorable trade-off between adaptability, robustness, and computational cost.
In ViDA (Liu et al., 2024), high-rank and low-rank adapters are attached to the linear/conv layers
of the source model. The high-rank adapters are designed to retain domain-specific knowledge,
while the low-rank adapters capture evolving distributional changes over time. To dynamically
balance their contributions, ViDA leverages MC Dropout (Gal and Ghahramani, 2016) to estimate
prediction uncertainty at the output. When uncertainty is high, greater emphasis is placed on the
high-rank adapter, whereas lower uncertainty shifts focus toward the low-rank adapter. Taking a
different approach, TDA (Karmanov et al., 2024) introduces a training-free dynamic adapter specifically
designed for vision-language models in the CTTA setting. Unlike EcoTTA and ViDA, which require
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gradient-based updates, TDA maintains positive (stores high-confidence predictions that align with
the model’s original knowledge) and negative caches (identifies and suppresses unreliable predictions)
based on prediction confidence and uses these caches to dynamically adjust model outputs without
any parameter updates. This cache-based mechanism enables efficient adaptation for large-scale
vision-language models like CLIP (Radford et al., 2021), where traditional gradient-based adaptation
would be prohibitively expensive. Buffer (Kim et al., 2025) proposes the insertion of a lightweight
convolutional module in the early blocks of a frozen source model to address the limitations of
adapting normalization layers in low batch-size settings. PAID (Wang et al., 2025) introduces learnable
orthogonal matrices, as opposed to a standard adapter, to preserve pairwise angular distances between
source weights. During adaptation, only the magnitudes and the orthogonal matrices are changed. In
Figure 7, we provide an illustrative overview.

Discussions. For the methods discussed above, the adapters are pre-trained on their specific source
datasets. Such a setup does not provide a generalized solution to real-world deployment. Pre-trained
adapters may struggle to generalize, leading to suboptimal or unstable adaptation. Ideally, CTTA
strategies should enable on-the-fly, data-driven adaptation that remains agnostic to prior training
environments

Source Knowledge
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Figure 7. Adapters: Parallel branch architecture for CTTA. Lightweight adapter modules are inserted alongside
frozen source model blocks, with outputs combined via residual connections. Only 1-5% of parameters are
trainable (adapters), while 95-99% remain frozen (source blocks), enabling efficient adaptation while preserving
source knowledge. Examples include EcoTTA (Song et al., 2023) (convolutional adapters with BatchNorm), ViDA
(Liu et al., 2024) (high-rank and low-rank adapters), and Buffer (Kim et al., 2025).

4.3.3. Visual Prompting

Taking strong inspiration from the fact that model adaptation based on noisy pseudo-labels could
be inaccurate in a continual setup, VDP (Gan et al., 2023) proposes to encode domain knowledge via
visual prompting (Bar et al., 2022), while keeping all source model parameters frozen. This approach
is highly parameter-efficient, as it avoids modifying the backbone and instead injects lightweight
image tokens (prompts) directly into the input space. To prevent over-adaptation to a domain and to
learn domain-agnostic knowledge, a weight importance factor is computed as a product of gradients
between two adjacent time-steps. This is summed over evolving test distributions, weighted by the
difference of student parameters, until the current distribution 7;. Such a factor serves as a parameter
importance that is used with an L, regularization of model parameters from the previous time-step and
domain. For domain-specific knowledge, a cross-entropy loss between the student-teacher predictions
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is computed. In Figure 8, we illustrate this idea. Inspired by visual prompt tuning (Jia et al., 2022),
DPCore (Zhang et al., 2025b) addresses the challenge of adapting to continually evolving distributions
by maintaining a dynamic prompt coreset that evolves alongside the changing target domains. DPCore
selectively updates its prompt coreset based on two key criteria: sample representativeness and
prediction confidence. Specifically, DPCore computes a coreset selection score that balances diversity
(ensuring the prompts cover the input distribution) and reliability (filtering out low-confidence samples
that may introduce noise). The coreset is incrementally updated as new test data arrives, with prompts
corresponding to outdated or unreliable samples being replaced. KFF (Zhou et al., 2025) employs a
class-aware fission and fusion module with visual prompts. The fission module adaptively isolates
new domain knowledge into class-aware prompts to prevent interference from distinct historical
data, while the fusion module employs a greedy merging strategy to efficiently integrate this new
knowledge into the existing pool without prohibitive overhead.

Discussions. Visual prompting (Xiao et al., 2025) is a very parameter-efficient approach for CTTA.
However, under large covariate shifts and severity at test-time, they may lack expressiveness. In
addition to that, approaches like VDP are very sensitive to the regularization. Prompts can over-adapt
to a single domain and hurt future adaptation.
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Figure 8. Visual Prompting: Input space adaptation for CTTA. The model backbone remains completely frozen
while only lightweight prompt tokens (border pixels) are adapted, achieving extreme parameter efficiency at 0.1%
trainable parameters.

4.3.4. Masked Modeling

Continual-MAE (Liu et al., 2024) brings a fresh perspective to CTTA by taking inspiration from
masked image modeling (He et al., 2022; Xie et al., 2022). The model identifies uncertain image
patches using Monte Carlo (MC) Dropout (Gal and Ghahramani, 2016), which estimates predictive
uncertainty by measuring output variance across stochastic forward passes. Based on these estimates,
the most uncertain patches are masked, and the model is trained to reconstruct their Histogram of
Oriented Gradients (HOG) (Dalal and Triggs, 2005) features, rather than raw pixels, serving as a robust,
handcrafted supervision signal. This mitigates the risk of overfitting to noisy or corrupted inputs,
particularly in challenging domains. To further stabilize masked token learning, Continual-MAE
combines this L, reconstruction loss with a cross-entropy loss that aligns predictions of a linear layer
from masked views with those from the original image (see Figure 9).

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202603.1578.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 19 March 2026 d0i:10.20944/preprints202603.1578.v1

22 of 38

Discussions. By relying on hand-engineered features like HOG for reconstruction, Continual-MAE
inherently limits the expressiveness of its adaptation objective. The method assumes that local
structural information captured by HOG is preserved across domains; however, under severe or
high-level domain shifts, reconstructing such low-level features may not provide sufficient semantic
guidance for effective adaptation. Additionally, the use of MC Dropout to estimate uncertainty
necessitates multiple stochastic forward passes during adaptation, introducing notable computational
overhead. Furthermore, the masking strategy employs a fixed masking ratio, without dynamically
adjusting to evolving test-time conditions.
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Figure 9. Masked Modeling: Uncertainty-guided reconstruction for CTTA.

5. Source Model Variants

The initialization of source models plays a crucial role and is the dominant paradigm in vision
and other fields (Zoph et al., 2020). Since there is no access to the source data, the initial state of
the model becomes the anchor in CTTA. While not a strict categorization, CTTA methods can be
grouped based on the underlying model architecture. More recent approaches increasingly focus on
continually adapting larger models such as Vision Transformers (ViT) (Dosovitskiy et al., 2021), which
offer stronger representational capacity and improved generalization to unseen distribution shifts at
test-time. That being said, a wave of CITA methods (Wang et al., 2021,2; Niu et al., 2022; Maharana
etal., 2025; Park et al., 2024b; Niu et al., 2023; Song et al., 2023; Tian and Lyu, 2024; Schneider et al., 2020;
Hong et al., 2023; Wang et al., 2024; Chen et al., 2022) primarily employed CNN backbones as source
models. For experiments on CIFAR-10C (Hendrycks and Dietterich, 2019), a pre-trained WideResNet28
(Zagoruyko and Komodakis, 2016) on CIFAR-10 is used as the source model. Similarly, on CIFAR-100C
and ImageNet-C, pre-trained ResNeXt-29 (Xie et al., 2017) and ResNet-50 (He et al., 2016) are used for
image classification tasks. These architectures provided a natural testbed for evaluating CTTA methods.
Their reliance on BatchNorm layers also made them well-suited for update strategies like entropy
minimization and the estimation of norm statistics, as discussed in previous sections. Another line of
efforts have thus begun shifting toward transformer-based backbones like ViTs for CTTA (Liu et al.,
2024,2). Hybrid-TTA (Park et al., 2024) takes a different route and selects the best model fine-tuning
strategy based on the test sample with a ViT backbone. In their paper, ViDA also runs experiments
by continually adapting foundational models (Bommasani et al., 2021) at test-time. While full model
fine-tuning is not advisable due to computational and overfitting concerns, ViDA enhances adaptation
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due to adapters being attached to the models. Typically, the perform experiments with DINOv2
(Oquab et al., 2023) and SAM (Kirillov et al., 2023) on CIFAR-10C and ImageNet-C to demonstrate the
promise of this direction. Foundational models offer a key advantage in the CTTA setting: their large
pretraining corpora enable strong generalization to unseen shifts.

6. The Dire Need for Online Continual Adaptation

The CTTA literature predominantly emphasizes online adaptation, wherein models must update
continually as test data arrives in a streaming fashion. This paradigm is fundamentally distinct from
offline adaptation, which assumes access to the entire target dataset for multiple training epochs (Wang
etal., 2022; Zhu et al., 2024). In online CTTA, data is processed in a single pass; each batch is observed
only once, predictions must be issued immediately, and the model cannot revisit past samples (Niu
etal., 2022; Gong et al., 2022). This constraint reflects the operational reality of deployed systems where
data arrives continuously and storage of historical test samples may be infeasible due to memory
limitations or privacy regulations.

Practical Motivations. Several compelling factors necessitate online adaptation in real-world deploy-
ments:

1. Data Privacy: In many applications, such as medical imaging or personal devices, retaining test
data for iterative processing may violate privacy requirements. Online adaptation ensures that
data is processed and discarded immediately (Mai et al., 2022).

2. Real-Time Responsiveness: Safety-critical applications like autonomous driving demand immediate
predictions. An autonomous vehicle traveling at 60 mph covers approximately 30 meters during
a one-second delay, making low-latency adaptation essential (Liu et al., 2019). Edge computing
constraints further limit the feasibility of iterative optimization (Hong et al., 2023).

3. Non-Stationary Environments: Real-world distributions change continuously—weather conditions
shift, lighting varies, and sensor characteristics drift. Multiple passes over stale data may actually
harm performance as the underlying distribution evolves (Wang et al., 2022).

4. Computational Constraints: Edge devices and embedded systems have limited memory and
compute budgets. Iterative adaptation requires storing gradients and intermediate states, which
may exceed available resources (Song et al., 2023; Hong et al., 2023).

Risks of Iterative Adaptation. While iterative methods can achieve stronger adaptation under con-
trolled conditions, they introduce significant risks in the CTTA setting. Repeated optimization on
the same batch amplifies confirmation bias from noisy pseudo-labels, accelerating error accumula-
tion (Wang et al., 2022). Furthermore, multiple gradient updates on test data lead to overfitting to
transient domain characteristics, exacerbating catastrophic forgetting of source knowledge (Brahma
and Rai, 2023). Empirical studies have shown that simply running TENT (Wang et al., 2021) with
multiple update steps degrades long-term performance compared to single-step updates (Niu et al.,
2022).

Emerging Directions. Recent work has begun exploring on-demand adaptation, which triggers model
updates only when significant domain shifts are detected, rather than adapting on every batch
(Ma et al., 2025). This paradigm offers a middle ground between continuous adaptation and static
deployment, potentially reducing computational overhead while maintaining robustness. Additionally,
forward-only adaptation methods that eliminate backpropagation entirely (Niu et al., 2024) represent
a promising direction for resource-constrained deployment.

In summary, the practical focus of CTTA should remain on real-world deployment scenarios
characterized by computational constraints, privacy requirements, and the need for immediate respon-
siveness to distributional shifts. The community has increasingly converged on single-pass, online
adaptation as the standard evaluation protocol, reflecting these practical considerations.
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7. Benchmarks & Experiments

In this section, we provide a comprehensive evaluation of CTTA methods across standard bench-
marks. We discuss widely used datasets, evaluation protocols, and present comparative results
organized by task type: image classification and semantic segmentation. We report results directly
from the original publications or from the unified benchmark studies (Wang et al., 2024; Dobler et al.,
2023) to ensure accuracy and reproducibility.

7.1. Datasets
7.1.1. Image Classification Benchmarks

CIFAR-10-C / CIFAR-100-C. Hendrycks and Dietterich (2019) introduced corruption benchmarks
by applying 15 common image corruptions to the test sets of CIFAR-10 and CIFAR-100 (Krizhevsky
etal., 2009). These corruptions simulate real-world perturbations and are applied at 5 severity levels.
CIFAR-10-C and CIFAR-100-C each contain 10,000 corrupted test samples per corruption type, enabling
standardized evaluation of model robustness under distribution shift.

ImageNet-C. Following the same corruption protocol, ImageNet-C (Hendrycks and Dietterich, 2019)
applies 15 corruptions to the ImageNet (Deng et al., 2009) validation set, resulting in 50,000 images per
corruption type across 1,000 classes. This larger-scale benchmark tests the scalability of CTTA methods
to real-world model sizes and data complexity.

ImageNet Variants. Beyond synthetic corruptions, several datasets capture natural distribution
shifts that complement the corruption benchmarks. ImageNet-R (Hendrycks et al., 2021a) contains
30,000 images across 200 ImageNet classes depicting rendition shifts including artistic representations,
cartoons, and sketches. ImageNet-A (Hendrycks et al., 2021b) comprises natural adversarial examples
that reliably cause classifier failures despite appearing benign to humans. ImageNet-Sketch provides
sketch-based representations of ImageNet classes, testing robustness to texture removal.
DomainNet. DomainNet (Peng et al., 2019) contains ~0.6 million images across 345 categories from
6 distinct visual domains (Clipart, Infograph, Painting, Quickdraw, Real, Sketch). DomainNet-126,
a cleaned subset with 126 classes from 4 domains, is commonly used for CTTA evaluation under
substantial domain gaps.

7.1.2. Semantic Segmentation Benchmarks

Cityscapes — ACDC. The ACDC dataset (Sakaridis et al., 2021) provides semantic segmentation
annotations for driving scenes under four adverse conditions: Fog, Night, Rain, and Snow. Models
pre-trained on Cityscapes (Cordts et al., 2016) are adapted to these conditions in sequence, simulating
real-world environmental changes encountered in autonomous driving.

SHIFT Dataset. SHIFT (Sun et al., 2022) is a synthetic driving dataset that simulates continuous
domain shifts, including weather transitions and time-of-day changes, providing a challenging testbed
for long-term CTTA evaluation.
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Figure 10. ImageNet-C corruption examples. The 15 corruption types are grouped into four categories: Noise
(Gaussian, Shot, Impulse), Blur (Defocus, Glass, Motion, Zoom), Weather (Snow, Frost, Fog, Brightness), and Digital
(Contrast, Elastic, Pixelate, JPEG).

7.2. Corruption Categories

The 15 corruptions in the standard benchmarks are organized into four categories based on their
characteristics. Noise corruptions, comprising Gaussian, Shot, and Impulse noise, introduce random
pixel-level perturbations that simulate sensor noise commonly encountered in low-light or high-ISO
imaging conditions. Blur corruptions include Defocus, Glass, Motion, and Zoom blur, simulating
various camera and motion-induced distortions that arise from optical imperfections or relative
movement between the camera and scene. Weather corruptions encompass Snow, Frost, Fog, and
Brightness variations that mimic natural environmental conditions affecting outdoor imaging systems.
Finally, Digital corruptions capture post-processing degradations through Contrast adjustment, Elastic
Transform, Pixelation, and JPEG compression artifacts. These corruption types, designed to mirror
real-world image degradations, provide a standardized framework for evaluating CTTA methods
under diverse distribution shifts.

7.3. Evaluation Protocol

CTTA Protocol. Following (Wang et al., 2022), the standard CTTA evaluation protocol presents
corruption types sequentially without model reset between tasks. The model adapts online to each
batch, and task boundaries are unknown to the model. This setup evaluates both adaptation capability
and resistance to catastrophic forgetting.

Metrics. For classification tasks, we report the mean classification error (%) averaged across all
corruptions at severity level 5 (the most challenging). For semantic segmentation, we report mean
Intersection over Union (mloU, %). Lower error rates and higher mloU indicate better performance.
Source Models. To ensure fair comparison across methods, we report results using standardized source
model architectures: WideResNet-28 (Zagoruyko and Komodakis, 2016) pre-trained on CIFAR-10 for
CIFAR-10-C experiments, ResNeXt-29 (Xie et al., 2017) pre-trained on CIFAR-100 for CIFAR-100-C,
ResNet-50 (He et al., 2016) pre-trained on ImageNet for ImageNet-C, and SegFormer-B5 (Xie et al., 2021)
pre-trained on Cityscapes for the ACDC segmentation benchmark. Recent works additionally evaluate
on Vision Transformer (ViT) (Dosovitskiy et al., 2021) backbones to assess method generalization
beyond CNN architectures.
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7.4. Image Classification Results
7.4.1. CIFAR-10-C Results

Table 2 presents comprehensive results on CIFAR-10-C. Methods are organized by their primary
strategy as discussed in Section 4.

Table 2. Mean classification error (%) on CIFAR-10-C under the CTTA protocol (severity level 5). All methods use
WideResNet-28 unless noted. TViT-Base backbone. Bold: best in category; underline: best overall.

Fam. Method | Gaus. Shot Imp. Def. Glass Mot. Zoom Snow Frost Fog Brit. Cont. Elas. Pix. JPEG | Mean
Source 723 657 729 469 543 348 420 251 413 260 93 467 266 585 303 | 435
TENT (Wang et al., 2021) 248 206 286 144 311 165 14.1 19.1 186 186 122 203 257 208 249 20.7
EATA (Niu et al., 2022) 243 191 270 124 299 139 11.8 16.5 155 150 94 125 216 168 210 17.8

s SAR (Niu et al., 2023) 283 260 358 127 348 139 12.0 17.5 176 149 82 130 235 195 272 20.3
= RMT (Débler et al., 2023) 217 186 242 103 240 112 9.5 121 11.7 103 7.0 8.7 148 105 145 139
SANTA (Chakrabarty etal,, 2024) | 239 201 28.0 116 274 126 102 14.1 132 122 74 103 191 133 185 16.1
SoTTA (Gong et al., 2023) 231 192 268 118 265 128 105 142 135 120 76 101 182 128 178 | 158
DSS (Wang et al., 2024) 24.1 213 254 117 269 122 105 14.5 141 125 78 108 180 131 173 16.0
a AdaContrast (Chen et al., 2022) 291 225 300 140 327 141 120 166 149 144 81 100 219 177 20.0 18.5
&~ 2024 235 187 236 104 244 109 10.6 127 119 104 8.0 9.7 164 120 162 14.8

252 208 275 128 286 135 115 158 148 132 85 112 198 145 188 17.1
234 211 257 117 272 122 103 148 139 127 74 105 181 134 168 15.9

PETAL (Brahma

4
A ROTTA (Yuan et al., 2023) 225 198 242 108 251 115 9.8 132 125 112 72 9.5 165 118 152 14.7
BN Adapt (Schneider etal, 2020) | 281 261 363 128 353 142 121 173 174 153 84 126 238 197 273 204
E NOTE (Gong et al., 2022) 304 267 346 136 363 137 139 172 158 152 91 7.5 241 184 259 202
MECTA (Hong et al., 2023) 265 228 302 122 315 132 118 158 152 138 82 115 212 165 228 18.2
5 LAW (Park et al., 2024b) 247 189 255 129 267 150 118 15.1 147 159 101 138 194 147 183 17.2
[ PALM (Maharana et al., 2025) 258 181 227 123 253 131 10.7 135 131 122 85 118 179 120 154 15.5
< PSMT (Tian and Lyu, 2024) 228 189 232 112 244 123 102 137 130 114 7.8 9.5 162 118 154 14.8
ku_'? CoTTA (Wang et al., 2022) 243 213 266 11.6 276 122 103 148 141 124 75 106 183 134 173 16.2
'gi viDAT (Liu et al., 2024) 529 479 194 114 313 133 7.6 7.6 99 125 38 263 144 339 182 20.7
< EcoTTA (Song et al., 2023) 238 187 257 115 298 133 113 153 150 130 79 113 202 151 205 16.8
% VDP (Gan et al., 2023) 226 197 281 7.1 28.4 9.5 6.3 102 115 9.0 15 5.6 185 128 185 13.9
§ C-MAET (Liu et al., 2024) 306 189 115 104 225 139 9.8 6.6 6.5 88 4.0 85 127 92 144 | 126

Key Observations. The source model’s 43.5% mean error highlights the severity of the distribution shift
introduced by corruptions. Among optimization-based methods, RMT achieves the best CNN-based
result (13.9%) by combining robust mean teacher updates with entropy minimization. Parameter
restoration approaches also prove effective: RoTTA attains 14.7% error through robust batch normal-
ization and category-balanced sampling that handles temporally correlated test streams. Architecture-
based methods show particular promise, with Continual-MAE achieving the overall best performance
(12.6%) by leveraging masked image modeling on a ViT backbone. Notably, VDP demonstrates that
visual prompting can achieve competitive results (13.9%) with minimal parameter overhead, offering
an efficient alternative to full model adaptation.

7.4.2. CIFAR-100-C Results
Table 3 presents results on the more challenging CIFAR-100-C benchmark with 100 classes.
Table 3. Mean classification error (%) on CIFAR-100-C (severity level 5) using ResNeXt-29. EM=Entropy Min.,

PL=Pseudo-Label, PR=Param. Restoration, NL=Norm. Layers, APU=Adaptive Param., T-S=Teacher-Student,
VP=Visual Prompt, Ada.=Adapters.

Method Cat.  Error (%)
Source - 46.5
TENT (Wang et al., 2021) EM 342
EATA (Niu et al., 2022) EM 31.8
SAR (Niu et al., 2023) EM 325
RMT (Débler et al., 2023) EM 29.4
SoTTA (Gong et al., 2023) EM 30.2
DSS (Wang et al., 2024) PL 30.8
AdaContrast (Chen et al., 2022) PL 32.1
PLF (Tan et al., 2024) PL 29.8
CoTTA (Wang et al., 2022) T-S 30.5
PETAL (Brahma and Rai, 2023) PR 30.2
ROTTA (Yuan et al., 2023) PR 28.9
BN Adapt (Schneider et al., 2020) ~ NL 35.8
NOTE (Gong et al., 2022) NL 33.5
LAW (Park et al., 2024b) APU 31.2
PALM (Maharana et al., 2025) APU 29.5
PSMT (Tian and Lyu, 2024) APU 29.2
VDP (Gan et al., 2023) vpP 28.5
EcoTTA (Song et al., 2023) Ada. 30.8
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Key Observations. The increased number of classes (100 vs. 10) makes pseudo-label quality more
critical, as evidenced by the larger performance gaps between methods. RoTTA and VDP achieve
the best results in the 28-29% error range, demonstrating the importance of robust normalization
and parameter-efficient adaptation strategies. Pure normalization-based methods such as BN Stats
Adapt and NOTE show larger degradation compared to their CIFAR-10-C performance, revealing their
limitations when scaling to more complex classification tasks with finer-grained distinctions between
classes.

7.4.3. ImageNet-C Results

Table 4 presents results on the large-scale ImageNet-C benchmark.

Table 4. Mean classification error (%) on ImageNet-C (severity level 5) using ResNet-50 backbone. EM=Entropy
Min., NL=Norm. Layers, APU=Adaptive Param., T-S=Teacher-Student, Ada.=Adapters.

Method Cat. Error (%)
Source - 82.0
TENT (Wang et al., 2021) EM 62.5
EATA (Niu et al., 2022) EM 58.8
SAR (Niu et al., 2023) EM 57.2
RMT (Dobler et al., 2023) EM 54.8
CoTTA (Wang et al., 2022) T-S 56.2
BN Adapt (Schneider et al., 2020) NL 65.2
NOTE (Gong et al., 2022) NL 60.5
MECTA (Hong et al., 2023) NL 58.2
LAW (Park et al., 2024b) APU 56.8
PALM (Maharana et al., 2025) APU 55.2
EcoTTA (Song et al., 2023) Ada. 57.5

Key Observations. The source model error of 82.0% is significantly higher than on CIFAR benchmarks,
reflecting the increased difficulty of large-scale classification under corruption. RMT achieves the
best reported result (54.8%), demonstrating the scalability of teacher-student approaches with robust
mean updates to ImageNet-scale models. Memory-efficient methods including MECTA and EcoTTA
achieve competitive performance while significantly reducing computational overhead, validating
their suitability for practical deployment scenarios where resources are constrained.

7.5. Semantic Segmentation Results

Table 5 presents results on the Cityscapes — ACDC benchmark for semantic segmentation.

Table 5. Semantic segmentation (mIoU %) on Cityscapes — ACDC over 10 rounds. SegFormer-B5 backbone.

Method Fog Night Rain Snow Mean
Source 69.2 403 598 575 56.7
BN Adapt (Schneider et al., 2020) 685 382 585 558 55.3
TENT (Wang et al., 2021) 67.8 375 57.2 54.2 54.2
CoTTA (Wang et al., 2022) 715 428 62.5 60.2 59.3
RMT (Dabler et al., 2023) 72.2 435 63.8 61.5 60.3
SVDP (Park et al., 2024a) 72.8 442 64.5 62.0 60.9
DAT (Ni et al., 2024) 735 448 65.2 62.8 61.6

Hybrid-TTA (Park et al., 2024) 742 455 660 632 62.2

Key Observations. All methods exhibit the largest performance degradation on Night conditions, indicat-
ing the particular difficulty of adapting to extreme illumination changes that fundamentally alter image
statistics. Critically, TENT and BN Stats Adapt perform worse than the unadapted source model on this
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benchmark because SegFormer employs LayerNorm rather than BatchNorm, rendering BN-centric
adaptation strategies ineffective. Teacher-student methods including CoTTA, RMT, and their variants
achieve consistent improvements by leveraging pseudo-label refinement and temporal consistency
constraints. Among recent methods, Hybrid-TTA achieves state-of-the-art performance (62.2% mloU)
while operating approximately 20x faster than comparable methods (Park et al., 2024), demonstrating
that computational efficiency and accuracy need not be mutually exclusive in segmentation CTTA.

7.6. Analysis and Discussion
7.6.1. Performance Vs. Computational Cost

The experimental results reveal a fundamental trade-off between adaptation accuracy and com-
putational requirements that practitioners must carefully consider when deploying CTTA methods.
Teacher-student frameworks such as CoTTA and RMT consistently achieve strong performance across
benchmarks, but this comes at the cost of approximately doubled memory consumption due to main-
taining two network copies. For applications where computational resources are abundant, these
methods represent the most reliable choice.

At the other end of the spectrum, methods specifically designed for efficiency offer compelling al-
ternatives. EcoTTA reduces memory overhead through lightweight meta-networks while maintaining
competitive accuracy. MECTA introduces memory-economic normalization that enables adaptation
on edge devices with limited GPU memory. FOA eliminates backpropagation through forward-only
adaptation, dramatically reducing computational requirements at the cost of modest accuracy reduc-
tion. Between these extremes, methods like EATA and SAR achieve a balanced profile by selectively
filtering samples before adaptation, reducing unnecessary gradient computations while preserving
accuracy on informative samples.

7.6.2. Long-Term Adaptation Stability

A critical yet often underexplored aspect of CTTA evaluation is performance stability over
extended adaptation periods. Our analysis of multi-round experiments reveals stark differences
between methods. TENT, when run continuously without model reset, exhibits progressive error
accumulation that can exceed 50% classification error after 10 rounds of sequential corruptions on
CIFAR-10-C. This degradation stems from the compounding effect of noisy pseudo-labels and the
absence of any mechanism to preserve source knowledge.

In contrast, methods with explicit forgetting prevention demonstrate remarkable stability. CoTTA
and PETAL maintain consistent performance through stochastic parameter restoration, periodically
reverting a subset of weights to their source values. RoOTTA achieves similar stability through a different
mechanism: category-balanced sampling ensures that the memory bank maintains a representative
distribution of classes, preventing the model from drifting toward majority classes in temporally
correlated streams. These findings underscore that long-term deployment scenarios demand careful
consideration of forgetting mitigation strategies beyond single-round evaluation metrics.

7.6.3. Sensitivity to Hyperparameters

CTTA methods exhibit varying degrees of sensitivity to hyperparameter choices, which have
important implications for practical deployment where extensive tuning is infeasible. Learning rate
selection proves critical across all methods: values in the range of 1072 to 10~* typically yield stable
adaptation, while higher rates accelerate initial adaptation but risk catastrophic overfitting to early
batches. Batch size requirements differ substantially across method families. Normalization-based
approaches generally require batches of 64 or larger to obtain reliable statistics estimates, whereas
instance-normalization methods like NOTE can operate effectively with batch sizes as small as 1,
making them suitable for streaming scenarios. For teacher-student frameworks, the EMA momentum
coefficient B governs the trade-off between teacher stability and responsiveness to distribution changes;
most methods adopt B = 0.999 as a robust default that prevents teacher collapse while allowing
gradual adaptation.
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7.7. Summary and Practical Recommendations

The comprehensive evaluation across classification and segmentation benchmarks yields several
actionable insights for practitioners deploying CTTA systems. First, method selection should be guided
by the underlying model architecture: BatchNorm-centric methods excel on CNN backbones but fail
on transformer architectures that employ LayerNorm, where adapter-based and prompting methods
generalize more reliably. Second, teacher-student frameworks consistently achieve the strongest results
across diverse benchmarks, making them the default recommendation when memory constraints
permit. Third, for resource-constrained deployment on edge devices, EcoTTA, MECTA, and FOA
provide favorable accuracy-efficiency trade-offs that enable real-time adaptation. Fourth, applications
requiring long-term stability must incorporate explicit forgetting prevention mechanisms, whether
through parameter restoration, category-balanced sampling, or teacher anchoring. Finally, semantic
segmentation under extreme domain shifts, such as nighttime conditions, remains substantially more
challenging than classification, with even state-of-the-art methods showing significant performance
gaps that indicate opportunities for future research.

8. Emerging Trends And Future Directions

The rapid evolution of CTTA research has opened several promising avenues for future investiga-
tion. In this section, we identify key emerging trends and outline directions that we believe will shape
the next generation of continual adaptation methods.

8.1. Beyond Vision: Multi-Modal and Cross-Domain CTTA

While the majority of CTTA research has focused on image classification and semantic segmenta-
tion, real-world systems increasingly operate across multiple modalities and domains. Autonomous
systems, robotics, and augmented reality applications rely on heterogeneous sensor inputs including
cameras, LiDAR, radar, and audio (Wang et al., 2024; Lin et al., 2024). Distribution shifts in these set-
tings often affect modalities differently: fog may degrade camera inputs while leaving LiDAR largely
unaffected, whereas rain introduces noise across both. Current CTTA methods, designed primarily for
single-modality image data, cannot exploit cross-modal complementarity or handle modality-specific
shifts. Future research should develop fusion-aware adaptation strategies that dynamically reweight
modality contributions based on estimated reliability, and mechanisms for graceful degradation when
individual modalities become unreliable.

The emergence of vision-language models (VLMs) such as CLIP (Radford et al., 2021) and
foundation models like GPT-4 presents new opportunities and challenges for CTTA. Recent works,
including TDA (Karmanov et al., 2024) have begun exploring training-free adaptation of VLMs through
dynamic caching mechanisms. However, adapting models with billions of parameters at test-time
remains computationally prohibitive. Promising directions include prompt-based adaptation that
modifies only the input space, adapter modules that add minimal trainable parameters, and retrieval-
augmented approaches that leverage external knowledge bases without model updates.

8.2. Continual Adaptation for LLMs and Multimodal LLMs

An emerging and largely unexplored direction is extending CTTA to large language models
(LLMs) and multimodal LLMs (MLLMs). A key parallel exists between CTTA in vision and recent
efforts in test-time reinforcement learning for LLMs. In the vision setting, CTTA methods must adapt
without ground-truth labels, relying instead on self-generated signals such as entropy or pseudo-labels.
Similarly, recent work on test-time RL for LLMs faces the challenge of obtaining reward signals without
verified answers (Liu et al., 2025; Zhao et al., 2025; Zhang et al., 2025; Fu et al., 2025). TTRL (Zuo et al.,
2025) proposes using majority voting over multiple sampled outputs as a proxy reward to train LLMs
via RL on unlabeled test data, achieving strong gains on mathematical reasoning benchmarks. Related
efforts explore self-rewarding mechanisms where the model itself provides feedback, as well as self-
play and process-based reward estimation to reduce reliance on human annotations. These approaches
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share a core motivation with CTTA: enabling models to improve from unlabeled, potentially shifted
test data at deployment time.

However, a key limitation of existing test-time RL methods is that they operate under a single-
domain assumption. TTRL and related approaches evaluate on a fixed task distribution (e.g., one math
benchmark) and do not consider the scenario where the task domain evolves over time. In practice,
both LLMs and MLLMSs encounter continually changing inputs: a deployed reasoning model may
face mathematical problems, then code generation tasks, then scientific questions, each with different
distributional characteristics (Zhao et al., 2025; Che et al., 2025). Similarly, a multimodal model may
encounter shifting visual domains alongside varied query types. This is directly analogous to the CTTA
setting, where the test distribution is non-stationary, and task boundaries are unknown. Applying
CTTA principles to LLM and MLLM adaptation, such as preventing catastrophic forgetting of prior
capabilities while adapting to the current domain, represents a promising direction. The intersection
of self-supervised reward estimation and continual, domain-shifting deployment remains open and
could benefit from the insights developed in the CTTA literature surveyed in this paper.

8.3. Black-Box Adaptation in the Real-World

Most existing CTTA methods assume full white-box access to model internals, including parame-
ters, gradients, and intermediate activations. However, this assumption is increasingly misaligned
with how models are deployed in practice. Recent backpropagation-free methods such as FOA (Niu
et al., 2024) and TDA (Karmanov et al., 2024) improve efficiency by eliminating gradient computation,
but they still require access to internal tokens, features, or normalization statistics. These approaches
are better described as gray-box: they reduce computational cost while relying on partial model access.

A fundamentally different setting arises when the model is entirely opaque, accessible only
through an input-output APL In this strict black-box setting, users can only submit a raw input and
receive the output prediction probabilities; the model’s architecture, parameters, pre-training data, and
all intermediate representations remain unknown. This is increasingly common as powerful models
are deployed behind commercial APIs, where each query also incurs monetary cost and network
latency. Unlike the gray-box case, black-box adaptation cannot leverage any internal signal and must
rely solely on the mapping between inputs and output distributions. While adapting black-box models
has received attention in the supervised transfer learning literature (Tsai et al., 2020; Oh et al., 2023),
where labeled support sets are available to guide prompt learning or zeroth-order optimization, the
unsupervised setting relevant to TTA and CTTA remains largely open. Existing approaches either
refine output predictions post-hoc but offer limited adaptive capacity, or modify the input through
augmentation, purification, or zeroth-order prompt learning, each facing notable trade-offs between
query cost, latency, and stability under unsupervised signals (Boudiaf et al., 2022; Gao et al., 2023; Nie
et al., 2022). No existing method achieves both strong adaptation performance and practical efficiency
in this strict setting. Developing query-efficient and stable black-box adaptation strategies, particularly
under the continual distribution shifts of CTTA, is an important and timely direction.

8.4. Adaptation for Foundation Models

The scale of modern foundation models, with parameters numbering in the billions, fundamen-
tally changes the adaptation landscape. Both open-source models (LLaMA (Touvron et al., 2023),
Mistral) and proprietary systems (GPT-4 (Achiam et al., 2023), Claude) present distinct challenges.
Full fine-tuning of billion-parameter models is impractical for test-time scenarios due to memory,
compute, and latency constraints. Parameter-efficient techniques, including LoRA (Hu et al., 2022),
adapters, and prompt tuning, offer paths to lightweight adaptation by modifying only a small frac-
tion of parameters. Extending these approaches to the continual setting, where efficiency must be
maintained across sequential domain shifts, remains an open challenge. Key questions include how to
prevent adapter drift over time, whether different domains require separate adapter modules, and
how to compose adaptations from multiple domains. Not all layers or components contribute equally
to domain-specific performance. Building on insights from surgical fine-tuning (Lee et al., 2023) and
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layer-wise importance estimation (Maharana et al., 2025; Park et al., 2024b), future methods should
dynamically identify and adapt only the most relevant model components for each shift. Hierarchical
approaches that first adapt early layers for low-level feature shifts and later layers for semantic shifts
could provide both efficiency and effectiveness.

Large language models exhibit remarkable in-context learning capabilities (Dong et al., 2022),
adapting behavior based on prompts or demonstrations without any parameter updates. Extending
this paradigm to continual settings, where context must be managed across evolving distributions,
offers a fundamentally different approach to adaptation. Challenges include maintaining context
relevance as distributions shift, preventing context contamination from outlier samples, and balancing
context length against computational cost.

8.5. Robustness Under Adversarial and Pathological Shifts

Current CTTA benchmarks primarily evaluate natural corruptions and domain shifts. However,
deployed systems may encounter adversarial perturbations, out-of-distribution samples, or patho-
logical edge cases that exploit adaptation mechanisms. Adaptation mechanisms that update model
parameters based on test inputs create potential attack surfaces. An adversary could craft inputs de-
signed to corrupt the adapted model, causing failures on subsequent benign samples. Understanding
the vulnerability of CTTA methods to such attacks and developing robust adaptation strategies that re-
sist adversarial manipulation represents a critical direction for safety-critical applications. Most CTTA
methods assume that test samples, while shifted, belong to known classes. In practice, test streams
may contain novel classes, anomalies, or samples far outside the training distribution. Integrating
out-of-distribution detection with adaptation, such that the model can identify when not to adapt,
would prevent corruption from irrelevant or harmful samples. Methods should balance the plasticity
needed for adaptation with the stability required to reject inappropriate updates.

8.6. Standardized Benchmarks for Realistic Evaluation

The predominant reliance on synthetic corruption benchmarks (CIFAR-C, ImageNet-C) limits
our understanding of CTTA performance under realistic conditions. Future benchmark development
should address several gaps. Real-world shifts exhibit complex temporal patterns including gradual
drift, abrupt transitions, cyclic variations, and combinations thereof. Benchmarks should systematically
evaluate methods across this spectrum of dynamics. The SHIFT dataset (Sun et al., 2022) represents
progress in this direction, but broader coverage of shift types and application domains is needed.
Practical deployment often involves strict constraints on memory, compute, latency, and energy
consumption. Benchmarks should incorporate resource budgets as first-class evaluation criteria,
measuring not only accuracy but adaptation efficiency. This would encourage the development of
methods suitable for edge devices, mobile platforms, and real-time applications.

Most current evaluations span tens of domain shifts at most. Understanding method behavior
over hundreds or thousands of shifts, as would occur in long-running deployed systems, requires new
evaluation protocols. Lifelong learning benchmarks that test knowledge retention, forward transfer,
and stability over extended periods would better reflect deployment realities.

8.7. Theoretical Foundations

Despite empirical progress, the theoretical understanding of CTTA remains limited. Several
fundamental questions merit investigation. The tension between adapting to new distributions
and retaining source knowledge is central to CTTA, yet formal characterization of this trade-off
is lacking. Theoretical analysis connecting adaptation rate, forgetting rate, and shift magnitude
would provide principled guidance for method design and hyperparameter selection. How many
samples are required to reliably adapt to a new distribution? Under what conditions do CTTA
methods converge to good solutions versus collapse? Establishing sample complexity bounds and
convergence guarantees would strengthen the foundations of the field and identify fundamental limits
of adaptation. CTTA intersects with online learning, continual learning, domain adaptation, and robust
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optimization. Formalizing these connections could enable transfer of theoretical tools and insights
across communities, accelerating progress on shared challenges.

9. Conclusions

Distribution shifts are an inevitable consequence of deploying machine learning systems in
dynamic, real-world environments. CTTA addresses this challenge by enabling models to adapt online
to shifting distributions using only unlabeled test data, without access to source training data or
knowledge of when shifts occur.

In this survey, we have provided a comprehensive review of the CTTA landscape. We began by
establishing the problem formulation and distinguishing CTTA from related paradigms, including
standard test-time adaptation, domain adaptation, and continual learning. We then presented a
systematic taxonomy organizing methods into three primary families: optimization-based approaches
that design self-training objectives through entropy minimization, pseudo-labeling, and parameter
restoration; parameter-efficient methods that adapt normalization statistics or selectively update model
subsets; and architecture-based approaches that introduce teacher-student frameworks, adapters,
visual prompts, or masked modeling objectives.

Our experimental analysis across standard benchmarks revealed several key insights. Teacher-
student frameworks consistently achieve strong performance but at the cost of doubled memory
requirements. Parameter restoration and category-balanced sampling prove essential for long-term
stability. Normalization-based methods, while efficient, fail on architectures without BatchNorm
layers. Semantic segmentation under extreme conditions like nighttime remains substantially more
challenging than classification. These findings provide practitioners with guidance for selecting
appropriate methods based on their deployment constraints and requirements.

Looking ahead, we identified emerging trends including adaptation for multi-modal systems and
vision-language models, frameworks that operate across white-box and black-box settings, parameter-
efficient approaches for billion-scale foundation models, and robustness under adversarial conditions.
We also highlighted the need for standardized benchmarks that better reflect real-world deployment
scenarios with diverse shift dynamics, resource constraints, and long-horizon evaluation.

The field of CTTA has matured rapidly since CoTTA (Wang et al., 2022) introduced the paradigm
in 2022, with dozens of methods now addressing various aspects of the challenge. Yet significant
open problems remain, particularly regarding theoretical foundations, scalability to massive models,
and deployment in safety-critical applications. We hope this survey serves as both a comprehensive
reference for current approaches and a roadmap for future research toward building machine learning
systems that gracefully adapt to the ever-changing conditions of the real world.
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