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Abstract
In test-time adaptation, handling constant domain change using a
single sample at a time presents two key challenges: efficiently stabi-
lizing adaptation and effectively preventing catastrophic forgetting.
This paper introduces a single-sample continual test-time adapta-
tion (S-CoTTA) task to address these challenges. Existing works
mainly either 1) apply continual test-time adaptation methods with
an inefficient moving window that increases memory overhead or
2) filter out high-uncertainty samples to maintain stability. The
former handled forgetting but failed to stabilize adaptation effi-
ciently, while the latter neglected the catastrophic forgetting issues.
We argue that both efficient tuning stabilization and forgetting
prevention should be addressed simultaneously. To this end, we
proposed a novel Efficient Buffer and Resetting (EBaR) method for
S-CoTTA. EBaR employs a novel memory-efficient buffer to store
samples based on their uncertainty levels and utilizes them to up-
date the model with different losses to enhance stability. EBaR also
incorporates a novel elastic resetting unit to dynamically reset the
parameters based on their sensitivity to domain shift. The elastic re-
setting strategy effectively mitigates catastrophic forgetting while
retaining useful target domain knowledge. Comprehensive experi-
mental evaluations demonstrate the effectiveness and efficiency of
both components. Combining their benefits, EBaR surpasses state-
of-the-art methods across multiple datasets, including CIFAR10-C,
CIFAR100-C, ImageNet-C, and CCC, for the S-CoTTA task.
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• Computing methodologies→ Learning settings.
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1 Introduction
Standard test-time adaptation (TTA) mitigates the domain gap be-
tween a source and a target domain [4, 14, 17–19, 22, 33, 45, 48, 55,
57]. Source-free TTA adapts a model with unlabelled target data
only [22], distant from supervised [11, 21, 28] or semi-supervised [2,
23, 54, 56] adaptation. A challenging scenario for source-free TTA
is single-sample TTA (STTA) [1, 7, 10, 29, 30, 40, 48, 57], where only
one target data is available at a time. Since target data can be highly
noisy, the model can easily misestimate the distribution of the target
domain. Such misestimation leads to severe parameter perturbation
that increases the instability of adaptation[33, 40]. Meanwhile, a
model may also encounter constant change in target domains. For
instance, different weather and road conditions constantly affect
an obstacle detection model in autonomous driving. As a result,
continual test-time adaptation (CoTTA) [24, 25, 29, 41, 46] is intro-
duced. In CoTTA, a model is adapted to dynamic environments
over a long time, making it difficult for the model to remember
the source knowledge and causing catastrophic forgetting. When
applying a model in the real world, STTA and CoTTA can happen
jointly. In such circumstances, a model is adapted to constantly
changing target domains with a single sample per time for a long
time[48], posing two challenges: 1) efficient and stable adaptation
with less memory overhead and timely prediction and 2) effective
prevention of catastrophic forgetting.

To systematically address the aforementioned challenges, we
introduce a Single-sample Continual Test-Time Adaptation (S-
CoTTA) task, as illustrated in Fig.1. In S-CoTTA, a pre-trained
model is adapted to target domains that change continually over
time using one unlabelled target data at a time. The primary ob-
jectives for S-CoTTA are twofold: 1) Adaptation Stabilization:
Efficiently stabilizing the adaptation of the model using a single
target sample at a time, and 2) Forgetting Prevention: Effectively
remembering the source knowledge over a long time. Recent works
primarily address one of them. For instance, some apply a moving
window or memory bank to a CoTTAmethod [29, 41, 46]. Although
forgetting is mitigated, these methods failed to stabilize adaptation
efficiently, and a large memory overhead is required. Others stabi-
lize adaptation by filtering out high-uncertainty samples [40, 51].
Although stabilizing the adaptation, these methods fail to prevent
forgetting. We contend that achieving both efficient adaptation
stabilizing and effective prevention of forgetting is essential.

To this end, we propose a novel Efficient Buffer and Resetting
(EBaR) method to address the challenges posed by S-CoTTA. As
illustrated in Fig.1 and Fig.4, EBaR consists of two key components:
an efficient buffer and an elastic resetting control unit.
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Figure 1: The concept of single-sample continual test-time
adaptation (S-CoTTA) and our solution Efficient Buffer and
Resetting (EBaR). In S-CoTTA, a model is adapted to target
domains that constantly change over time with only one
sample per time step. Under such settings, a model usually
suffers from 1) unstable adaptation and 2) catastrophic for-
getting. To address this, we propose EBaR, which includes
an efficient buffer and an elastic resetting unit. The efficient
buffer consists of a low and a high uncertainty buffer that
stores low-uncertainty and high-uncertainty samples, respec-
tively. The samples stored in two buffers update the model
with different losses to stabilize tuning. The elastic resetting
resets each parameter differently based on their sensitivity
to domain shift, preventing forgetting while retaining neces-
sary target domain knowledge.

First, EBaR incorporates a novel memory-efficient buffer, named
efficient buffer (EB), to stabilize the adaptation progress with less ex-
tra memory overhead. EB consists of two buffers: a low uncertainty
buffer (LUB) and a high uncertainty buffer (HUB). During adapta-
tion, our model first predicts the category of a sample directly. Then,
a symmetric entropy weight is calculated to indicate the uncertainty
of the sample [29, 33], and the sample is categorized into high- and
low-uncertainty levels with a predefined threshold. Samples with
low uncertainty are stored within the LUB of a smaller capacity;
others are stored within the HUB of a larger capacity. When full,
buffers release samples to update the model. A soft likelihood ratio
and a symmetric entropy loss [7] are calculated for LUB samples,
while a weighted contrastive learning loss is computed for HUB
samples. EB brings two benefits. First, it congregates samples and
applies different losses according to sample uncertainty to stabilize
adaptation. Second, compared with moving windows and other
memory banks, EB is smaller in size. Thus, it requires less memory
overhead and allows timely updates, achieving higher efficiency.

Second, inspired by [36], EBaR incorporates a novel elastic reset-
ting (ER) control unit to prevent catastrophic forgetting. ER adopts
a reset clock and a dynamic weight reset for each parameter. At
each time step, the reset clock increases by 1) a fixed amount plus
2) a value proportional to the updating magnitude of the parameter.
When the reset clock exceeds a threshold, the dynamic weight reset
is applied to the corresponding parameter based on its sensitivity to
domain shift. Then, the reset clock is set back to zero. Elastic reset-
ting ensures that parameters that are more susceptible to domain
shift are reset more frequently and closer to the initial value. ER has
two benefits. First, it effectively mitigates catastrophic forgetting.
Second, compared to [36], where a whole model is reset after a fixed
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Figure 2: The classification accuracy (%) of the CoTTA meth-
ods under different batch size settingswithResNet-50 [43, 44]
on ImageNet-C. The accuracy declines drastically following
the decrease in batch size because of the tuning instability.

number of time steps, our strategy allows the model to retain target
knowledge by resetting insensitive parameters less frequently.

Finally, comprehensive experiments are conducted to evaluate
the effectiveness of EBaR. We demonstrate that in EBaR: 1) the
efficient buffer significantly improves classification accuracy with
reduced extra memory overhead compared to other counterparts
like the moving window, and 2) the elastic resetting enables the
model to achieve higher classification accuracy stably over a long
period of time. Combining the benefits of the two key components,
EBaR achieves state-of-the-art performance across multiple corrup-
tion datasets, including CIFAR10-C, CIFAR100-C ImageNet-C, and
CCC under the S-CoTTA setting with less extra memory overhead.

Our contributions can be summarized as follows:
• We introduce a challenging Single-sample Continual Test-

Time Adaptation (S-CoTTA) task. In S-CoTTA, a model is adapted
to target domains that change constantly over time using a sin-
gle unlabelled sample per time step. The objective is to achieve
stable, efficient adaptation with one sample at a time and prevent
catastrophic forgetting over a long time.
• We proposed a novel Efficient Buffer and Resetting (EBaR)

method for S-CoTTA. To achieve stable adaptation, we introduce
a novel memory-efficient buffer named efficient buffer, consisting
of a smaller and a larger buffer to store samples with low and high
uncertainty levels, respectively. The stored samples then update
the model with different losses. To prevent catastrophic forgetting,
we introduce a novel elastic resetting control unit to reset each
parameter differently based on its sensitivities to domain shifts.
•We conduct comprehensive experiments to evaluate the effec-

tiveness of the efficient buffer and the elastic resetting in EBaR. The
results demonstrate the effectiveness of both components.

2 Related Works
2.1 Continual Test-time Adaptation
Continual test-time adaptation (CoTTA) [46] is proposed to deal
with constant domain changes during online inference, which is
more challenging than standard test-time adaptation, where a sin-
gle test domain is presented [12, 22, 31, 48, 55, 58]. Recent works
primarily focus on mitigating catastrophic forgetting. Catastrophic
forgetting is when a model forgets the source knowledge due to
noisy pseudo-labels in self-supervised adaptation over time. For
instance, in [7, 29, 46], a teacher model trained with exponential
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Figure 3: The classification accuracy (%) of the STTAmethods
under the S-CoTTA setting on the CCC dataset with ResNet-
50 baseline. We apply a moving window with size 32 for ETA,
denoted as ‘ETA+W32’. The accuracy declines following the
increase of time step because of catastrophic forgetting.

updates is used to preserve the source knowledge. In [33], an anti-
forgetting regulation is introduced to retain the closeness of the
adapted model to the source model for anti-forgetting. In [42],
a trainable adapter is incorporated in the normalization layer to
adapt a model without interfering with the source model. In [3],
prototypes generated by the source model are adopted to guide
adaptation. In [9], visual prompts are applied to absorb domain-
agnostic and domain-specific knowledge separately. In [25], low-
and high-rank anti-forgetting adapters are proposed to disentangle
domain-shared and domain-specific knowledge from the model.
In [32, 36], a simple resetting strategy is explored to restore the
source knowledge. In addition to addressing forgetting, other works
focus on extracting high-quality target domain knowledge. For in-
stance, [47] reweights samples according to their noise levels to
extract unbiased target knowledge. In [12, 51], class-balanced mem-
ory banks are proposed to address the class imbalance problem
during the test time. In [24], an auto-encoder with a distribution
mask is proposed in a vision transformer [8] to facilitate the ex-
traction of target knowledge. However, [48] find that when using
a vision transformer backbone, recent CoTTA methods tend to
collapse as the test batch size decreases. In Fig.2, we show that this
collapse is even more severe for CNN baselines [13]. Therefore,
existing CoTTA methods require further improvement to fit the
S-CoTTA task, where batch size is only one.

2.2 Single-sample Test-time Adaptation
Single-sample test-time adaptation (STTA) addresses test-time adap-
tation with only one sample provided at a time. Progress has been
made with respect to STTA in image segmentation [37, 55], detec-
tion [27], and classification tasks [7, 27, 33, 34, 40]. In this work,
we focus on the classification task. Several recent works [7, 33, 34]
apply a moving window, a large buffer that stores samples across
multiple time steps, to stabilize the adaptation. In fact, the moving
window transforms the STTA task into a standard TTA task. How-
ever, using a large moving window to congregate samples signifi-
cantly increases memory overhead and delays the updating. In [51],
a class-balanced memory bank is introduced to facilitate STTA
classification. However, maintaining such a memory bank requires
enormous overhead, making it computationally inefficient. In [40],
the entropy weight proposed in [34] is further optimized to filter out

high-uncertainty samples more accurately and enhance the adapta-
tion stability while keeping more samples. However, their method
can only be applied to themethods without a standard batch normal-
ization, limiting its applicability. In [27], the pre-trained CLIP [38]
is employed to facilitate STTA for classification and detection tasks.
This approach relies on the CLIP pre-trained on large-scale datasets,
which may not be feasible in many scenarios. In Fig.3, we show
that the performance of the aforementioned methods declines over
a long time. To this end, we propose a memory-efficient buffer
and elastic resetting control unit to jointly 1) stabilize adaptation
efficiently and 2) prevent catastrophic forgetting.

3 Methodology
3.1 Problem Formulation
This paper focuses on the image classification task under the source-
free single-sample continual test-time adaptation (S-CoTTA) set-
ting. We begin with a source model 𝑓Θ𝑆

(𝑥) pre-trained on the initial
source domain Φ𝑆 with data and labels (X𝑆 ,Y𝑆 ), where (X𝑆 ,Y𝑆 )
is unavailable for adaptation when testing. The goal is to achieve a
higher classification accuracy for images from target test domains.
During the test time, the model, initialized with 𝑓Θ𝑆

(𝑥), classifies
the target batches X𝑇 = (𝑋1, 𝑋2, ...) from test domains Φ𝑇 different
from Φ𝑆 . In S-CoTTA, each data batch 𝑋𝑡 contains only one sam-
ple, and the distribution of 𝑋𝑡 changes continually. Thus, we have
𝑋𝑡 = (𝑥𝑡 ). The data batches are presented to the model following a
time-step sequence. At each time step 𝑡 , the adapted model 𝑓Θ𝑡

(x)
classifies the sample 𝑥𝑡 while being adapted to Φ𝑇 using unlabelled
𝑥𝑡 for the next time step 𝑡 + 1.

3.2 Overall Architecture
The overall architecture of our solution named Efficient Buffer and
Resetting (EBaR) is illustrated in Fig.4. We begin with an initial
source model, 𝑓Θ𝑆

= (𝐹𝑆 , 𝐻𝑆 ), and an adapted model, 𝑓Θ𝑡
= (𝐹𝑡 , 𝐻𝑡 ),

at a time step 𝑡 . Here, 𝐹 and 𝐻 represent a image encoder and a
classification head with a softmax layer, respectively. At the time
step 0, 𝑓Θ0 is initialized with 𝑓Θ𝑆

.
At time step 𝑡 , a test data batch 𝑋𝑡 = (𝑥𝑡 ),consisting of a single

sample 𝑥𝑡 is presented to the adapted model 𝑓Θ𝑡
= (𝐹𝑡 , 𝐻𝑡 ) for

classification. 𝑥𝑡 belongs to one of the 𝐶 categories, and the goal of
𝑓Θ𝑡

is to predict the category. First, 𝑥𝑡 is fed into the image encoder
𝐹𝑡 . We denote the encoded image as 𝑜𝑡 = 𝐹𝑡 (𝑥𝑡 ). Then, 𝑜𝑡 is fed into
the classification head 𝐻𝑡 to generate the prediction 𝑦𝑡 = 𝐻𝑡 (𝑜𝑡 ).
Finally, the classification accuracy is computed for 𝑥𝑡 using 𝑦𝑡 .

Meanwhile, the adapted model 𝑓Θ𝑡
is updated for the next time

step 𝑡 +1 with 𝑜𝑡 and𝑦𝑡 being used. In EBaR, only the normalization
layers are opened for updating, with other parameters fixed. The
update procedure incorporates the Efficient Buffer (EB) and Elastic
Resetting (ER) control unit, both are introduced with details in the
following subsections.

3.3 Efficient Buffer for Stable Adaptation
We introduce a novel memory-efficient multilevel buffer named
Efficient Buffer (EB). The purpose of EB is twofold: 1) stabilizing the
adaptation by categorizing the samples based on their uncertainty
level and applying different losses, and 2) reducing the memory
overhead and enabling timely updates.
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Figure 4: EBaR, designed for the S-CoTTA task, consists of two key components: (a) an Efficient Buffer (EB) and (b) an Elastic
Resetting (ER). As shown in (a), EB comprises a smaller Low Uncertainty Buffer (LUB) and a larger High Uncertainty Buffer
(HUB). The original and augmented samples are first classified. Based on that, the uncertainty level for each sample is evaluated.
The low-uncertainty and high-uncertainty samples are stored in LUB and HUB, respectively. Once a buffer is full, samples
stored in the buffer are augmented and fed into the model for outputs. LUB and HUB losses are then computed for samples
stored in the corresponding buffer and backpropagated to update the model. As shown in (b), ER features a reset clock that
tracks parameter changes, enabling an asynchronous reset for each parameter based on its sensitivity to domain changes. When
the clock exceeds the threshold, a dynamic weight reset is applied to set a parameter closer to its initial when it is sensitive.

Algorithm 1: Update the model with EB
Input: 𝑥𝑡 , LUB, HUB

1 𝑥 ′𝑡 ←augmentation(𝑥𝑡 );
2 𝑦𝑡 ← 𝑓Θ𝑡

(𝑥𝑡 ), 𝑦′𝑡 ← 𝑓Θ𝑡
(𝑥 ′𝑡 );

3 L𝑈 𝑡 ← L𝑈 (𝑦𝑡 , 𝑦′𝑡 );
4 if L𝑈 𝑡 < 𝜖 then
5 if number of samples in LUB equals to𝑀 then
6 𝑋𝐿 ← LUB.stored_samples();
7 L𝐿𝑡 ← L𝐿 (𝑋𝐿);
8 LUB.clear_stored_samples();
9 end

10 LUB.add_sample(𝑥𝑡 );
11 else
12 if number of samples in HUB equals to 𝑁 then
13 𝑋𝐻 ← HUB.stored_samples();
14 L𝐻𝑡 ← L𝐻 (𝑋𝐻 );
15 HUB.clear_stored_samples();
16 end
17 HUB.add_sample(𝑥𝑡 );
18 end
19 L𝑡 ← L𝐿𝑡 + L𝐻𝑡 ;
20 L𝑡 .backpropagation();

Specifically, EB comprises a smaller Low Uncertainty Buffer
(LUB) and a larger High Uncertainty Buffer (HUB). LUB has a
capacity of 𝑀 samples, while HUB can store up to 𝑁 samples.

Samples with different uncertainty levels are stored in different
buffers. Following [33, 40], we apply a symmetric entropy loss to
indicate uncertainty levels for samples. Given a sample 𝑥𝑡 , we obtain
the prediction 𝑦𝑡 = 𝑓Θ𝑡

(𝑥𝑡 ). Then, the sample is augmented by
applying color jitter, affine transformations, and horizontal flipping.
The augmented sample, denoted as 𝑥 ′𝑡 , is then fed into the model to
obtain the prediction𝑦′𝑡 = 𝑓Θ𝑡

(𝑥 ′𝑡 ). The uncertainty weight, denoted
as L𝑈 , is computed as follows:

L𝑈 (𝑦𝑡 , 𝑦′𝑡 ) = −
( 𝐶∑︁
𝑐=1

𝑦𝑡𝑐 log𝑦′𝑡𝑐 +
𝐶∑︁
𝑐=1

𝑦′𝑡𝑐 log𝑦𝑡𝑐
)
. (1)

Next, we update the model using LUB and HUB, as outlined in
Algo.1, where 𝜖 is a predefined threshold.

3.3.1 Low Uncertainty Buffer. The Low Uncertainty Buffer
(LUB) stores samples with low uncertainty levels. LUB has a smaller
capacity𝑀 because low-uncertainty samples contain high-quality
target knowledge with less noise [33] and can stably update the
model without perturbation, even within a considerably small batch.

In Algo.1, LUB stores the samples whose L𝑈 are below the
threshold 𝜖 . Once the number of samples stored in LUB reaches𝑀 ,
the stored samples 𝑋𝐿 = (𝑥1, 𝑥2, ...𝑥𝑀 ) are released and processed
to calculate the LUB loss L𝐿 . L𝐿 consists of a soft likelihood ratio
loss (SLR) L𝑆𝐿𝑅 , and a symmetric entropy loss (SEL) L𝑆𝐸𝐿 .

Specifically, we first obtain the predictions of 𝑋𝐿 , denoted as
𝑌𝐿 = (𝑦1, 𝑦2, ..., 𝑦𝑀 ). L𝑆𝐿𝑅 is calculated as follows:

L𝑆𝐿𝑅 (𝑌𝐿) = −
1
𝑀

𝑀∑︁
𝑚=1

𝐶∑︁
𝑐=1

𝑦𝑚𝑐 log(
𝑦𝑚𝑐∑𝐶

𝑗≠𝑐 𝑦𝑚𝑗 + 𝜉
) . (2)
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Meanwhile, we augment 𝑋𝐿 to generate augmented samples
𝑋 ′
𝐿
= (𝑥 ′1, 𝑥

′
2, ...𝑥

′
𝑀
). 𝑋 ′

𝐿
is then fed into 𝑓Θ𝑡

to obtain the prediction
𝑌 ′
𝐿
= (𝑦′1, 𝑦

′
2, ..., 𝑦

′
𝑀
). L𝑆𝐸𝐿 is then calculated as follows:

L𝑆𝐸𝐿 (𝑌𝐿, 𝑌 ′𝐿) = −
1
2𝑀

𝑀∑︁
𝑚=1
(
𝐶∑︁
𝑐=1

𝑦𝑚𝑐 log𝑦′𝑚𝑐 +
𝐶∑︁
𝑐=1

𝑦′𝑚𝑐 log𝑦𝑚𝑐 ). (3)

L𝑆𝐿𝑅 is less dominated by the predictionswith low confidence [29,
31] and L𝑆𝐸𝐿 is more robust to label noise compared to the entropy
loss [7]. They both reduce the potential impact of pseudo-label
perturbation in self-supervised adaptation. Jointly using two losses
further stabilizes model updates when very limited samples are
available at a time. Finally, the LUB loss L𝐿 is calculated as:

L𝐿 = L𝑆𝐿𝑅 + 𝛽L𝑆𝐸𝐿 . (4)

3.3.2 High Uncertainty Buffer. The High Uncertainty Buffer
(HUB) stores the samples with high uncertainty levels. These sam-
ples disturb the adaptation, especially in a small batch [33]. How-
ever, we argue that completely discarding these samples, a strategy
adopted by [33, 40], is suboptimal. Our rationale is twofold: 1) the
model may initially overestimate uncertainty levels and can refine
it after a few updates, and 2) high-uncertainty samples also con-
tain valuable target-domain knowledge. To effectively exploit these
samples, we allocate a larger capacity 𝑁 to HUB. This reduces the
immediate impact of these high-uncertainty samples and allows
the model to reassess their uncertainty after a few more updates.

In Algo.1, HUB stores the samples whose L𝑈 are higher than the
threshold 𝜖 . Once the number of samples stored in HUB reaches 𝑁 ,
the stored samples 𝑋𝐻 = (𝑥1, 𝑥2, ....𝑥𝑁 ) are released and processed
to calculate the HUB loss L𝐻 . The loss L𝐻 is calculated based
on an entropy weight Δ𝐻 = (𝛿1, 𝛿2, ...𝛿𝑛, ...𝛿𝑁 ) and a weighted
contrastive learning loss (CLL) L𝐶𝐿𝐿 .

Specifically, we first feed 𝑋𝐻 into 𝑓Θ𝑡
to obtain the predictions

𝑌𝐻 = (𝑦1, 𝑦2, ...𝑦𝑁 ). Next, augmentation is applied to 𝑋𝐻 to gener-
ate augmented samples 𝑋 ′

𝐻
= (𝑥 ′1, 𝑥

′
2, ...𝑥

′
𝑁
). Then, 𝑋 ′

𝐻
is fed into

𝑓Θ𝑡
to generate predictions𝑌 ′

𝐻
= (𝑦′1, 𝑦

′
2, ...𝑦

′
𝑁
). The entropy weight

𝛿𝑛 for each stored sample 𝑥𝑛 is computed as:

𝛿𝑛 = exp
(
𝑚𝑖𝑛(

𝐶∑︁
𝑐=1

𝑦𝑛𝑐 log𝑦′𝑛𝑐 +
𝐶∑︁
𝑐=1

𝑦′𝑛𝑐 log𝑦𝑛𝑐 + 𝜖, 0)
)
. (5)

Meanwhile, 𝑋𝐻 and 𝑋 ′
𝐻

are fed into the encoder 𝐹𝑡 to obtain
the encoded images 𝑂𝐻 = (𝑜1, 𝑜2, ...𝑜𝑁 ) and 𝑂 ′

𝐻
= (𝑜′1, 𝑜

′
2, ...𝑜

′
𝑁
),

respectively. L𝐶𝐿𝐿 is then computed as:

L𝐶𝐿𝐿 (𝑂𝐻 ,𝑂
′
𝐻 ,Δ𝐻 ) = −

1
𝑁

𝑁∑︁
𝑛=1

𝛿𝑛 (
𝐶∑︁
𝑐=1

exp
(
sim(𝑜𝑛𝑐 , 𝑜′𝑛𝑐 )/𝜏

)∑𝑁
𝑘=1 exp

(
sim(𝑜𝑛𝑐 , 𝑜′𝑘𝑐 )/𝜏

) ),
(6)

where sim represents the cosine similarity, and 𝜏 is the temperature.
By weighting contrastive learning loss with the entropy weight,

we achieve two key objectives: 1) extracting target-domain knowl-
edge from samples with higher uncertainty without using poten-
tially noisy pseudo-labels and 2) re-estimating sample uncertainty
levels to modulate their contribution to model updates. This strat-
egy mitigates the adverse effects of samples with high uncertainty
while extracting useful target-domain knowledge. The HUB loss
L𝐻 is computed as: L𝐻 = L𝐶𝐿𝐿 .

3.4 Elastic Resetting for Anti-forgetting

Algorithm 2: Elastic resetting for parameters
Input: Θ𝑡 , Θ𝑡−1, 𝑅, 𝜇, 𝜂, Υ, 𝑇

1 for (𝜃𝑡 , 𝜃𝑡−1) in (Θ𝑡 , Θ𝑡−1) do
2 if 𝜃𝑡 is updated then
3 𝐷 ← | |𝜃𝑡−𝜃𝑡+1 | |

| |𝜃𝑡 | |+| |𝜃𝑡+1 | | ;
4 𝑅𝜃 ← 𝑅𝜃 + 𝜂𝐷 + 𝜇 ;
5 else
6 𝑅𝜃 ← 𝑅𝜃 + 𝜇 ;
7 end
8 𝑇𝜃 ← 𝑇𝜃 + 𝜇 ;
9 if 𝑅𝜃 ≥ Υ then
10 𝜃 .reset(𝑇𝜃 , Υ) ;
11 𝑅𝜃 ← 0, 𝑇𝜃 ← 0 ;
12 end
13 end

We introduce the Elastic Resetting (ER) control unit to mitigate
catastrophic forgetting over long time steps. Unlike existing strate-
gies [36, 42], which periodically reset the entire model back to the
initial after a fixed number of time steps, ER employs an asynchro-
nous resetting mechanism. In ER, different parameters are reset
at varying frequencies based on their sensitivity to domain shifts.
Our approach is motivated by two key insights: 1) the resetting
operation effectively restores the source knowledge, and 2) not
all parameters are equally susceptible to domain shifts: some are
comparably robust to perturbations brought by domain shifts and
effectively absorb rich target-domain knowledge. ER balances pre-
serving source knowledge and retaining target knowledge by more
frequently resetting only the parameters sensitive to perturbations.

To effectively implement ER, we introduce a reset clock 𝑅 for
each parameter 𝜃 , which operates based on Algo.2. In the algorithm,
Θ𝑡 and Θ𝑡−1 represent the values of the updated parameters at the
time steps 𝑡 and 𝑡 − 1, respectively. The reset process begins at
time step 1, with three hyper-parameters: 𝜇, 𝜂, and Υ. In Algo.2,
as the time step increases, the reset clock 𝑅𝜃 for each parameter 𝜃
increases by: 1) a fixed increment 𝜇, and 2) an increment related
proportionally to the magnitude of the changes in the parameter
value during the update, adjusted by 𝜂. When 𝑅𝜃 reaches or exceeds
the threshold Υ, the corresponding parameter 𝜃 is reset.

Unlike [36], which resets parameters to their initial values 𝜃0, ER
employs a novel dynamic weight reset based on the sensitivity of
each parameter to perturbations. We introduce a sensitive indicator
𝑇 in Algo.2. Every time step, 𝑇𝜃 for each parameter 𝜃 increases by
𝜇. The dynamic weight reset is performed as follows:

𝜃 ′𝑡 = (1 − 𝛼)
𝑇𝜃

Υ
𝜃𝑡 + (1 −

𝑇𝜃

Υ
+ 𝛼𝑇𝜃

Υ
)𝜃0, (7)

where 𝛼 is a hyper-parameter that adjusts the reset.
When reset occurs, a higher 𝑇𝜃 indicates that a parameter is

reset less frequently and is less sensitive to perturbations caused by
domain shifts. Consequently, parameters with higher 𝑇𝜃 are reset
less close to their initial values 𝜃0, ensuring a balance between
retraining target knowledge and mitigating forgetting.
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Table 1: The averaged classification accuracy (%) of different methods. All the methods except EBaR have a moving window
of size 32 added for better convergence. ‘Source’ represents the backbone model without adaptation. ‘CMAE’ only supports
Transformer baselines. EBaR achieves state-of-the-art performance across multiple datasets with different baselines.
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EBaR

CIFAR10 WideResNet 56.4 73.8 76.6 77.4 79.9 79.8 77.1 80.8 - 79.0 79.9 80.4 80.6 84.3 (+3.5)
CIFAR100 ResNeXT-29 53.6 29.8 61.6 59.7 66.5 65.3 67.1 66.2 - 64.8 66.0 68.0 67.6 71.9 (+3.9)

IN-C
ResNet-50 18.1 33.1 33.7 39.6 43.8 41.7 36.6 36.2 - 30.1 40.3 44.1 43.7 47.6 (+3.5)
ViT-B-16 39.9 23.2 13.7 43.6 50.5 44.9 49.8 50.4 51.3 44.1 46.1 52.4 52.5 56.7 (+4.2)
Swin-B 45.3 19.8 9.9 54.8 56.8 52.7 47.8 60.2 62.1 44.8 53.2 62.1 61.8 67.3 (+5.2)

CCC
ResNet-50 33.5 5.7 7.6 6.8 16.8 31.5 39.3 15.8 - 10.7 41.3 45.2 47.6 50.6 (+3.0)
ViT-B-16 53.5 4.8 5.3 9.0 36.9 62.8 65.8 39.7 30.9 9.7 64.9 64.2 65.6 70.3 (+4.5)
Swin-B 55.8 3.9 4.1 7.9 39.8 63.9 65.4 39.6 30.2 9.8 64.5 64.1 65.5 70.9 (+5.4)

Table 2: The classification accuracy (%) of different methods using ResNet-50 on IN-C across 15 corruptions. EBaR achieves the
highest accuracy on 10 out of 15 corruptions.
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SOURCE 2.2 3.0 1.9 18.6 10.2 14.8 22.0 16.5 23.2 24.1 58.7 6.0 17.5 20.7 31.5 18.1
TENT 15.1 21.4 23.2 17.8 23.1 29.9 40.8 33.5 32.0 43.4 53.4 24.0 45.8 49.1 43.3 33.1
COTTA 12.8 17.1 19.7 17.0 17.6 24.2 37.5 34.1 32.6 47.7 59.9 30.6 48.6 55.4 51.2 33.7
ETA 21.4 31.9 34.6 21.7 26.9 35.1 44.0 39.8 37.4 50.3 59.6 36.4 50.6 53.6 50.7 39.6
ViDA 18.8 23.3 24.7 22.0 21.7 33.6 42.4 38.7 36.1 48.2 59.5 32.0 47.6 53.1 50.7 36.8
REALM 22.4 30.1 35.0 24.1 25.2 36.2 44.3 44.3 43.2 45.2 73.1 52.8 40.2 55.1 54.2 41.7
SAR 17.9 23.8 27.7 20.1 23.6 33.9 43.1 37.0 37.1 47.0 60.2 29.8 49.1 50.2 48.1 36.6
IST 27.3 28.6 26.9 20.0 18.8 29.8 41.9 39.7 35.9 49.7 60.8 15.8 47.2 51.3 49.0 36.2

ROTTA 10.7 15.5 14.7 7.8 15.3 23.8 38.2 32.1 33.6 43.1 60.5 21.2 41.7 49.2 44.4 30.1
RDUMB 21.8 33.2 35.8 22.4 25.8 37.0 44.8 41.4 37.1 49.8 59.6 38.1 51.5 54.2 51.4 40.3
BDG 24.8 33.4 35.7 28.9 39.5 38.9 50.6 46.3 45.1 56.4 62.5 39.6 54.9 54.5 50.8 44.1
ROID 26.3 37.8 36.9 29.7 32.1 42.9 46.6 43.8 43.7 53.2 63.8 37.4 52.7 56.3 52.0 43.7

EBaR (ours) 30.9 37.5 41.5 32.8 33.2 43.9 53.4 49.8 43.9 59.6 69.9 43.6 56.9 59.8 56.8 47.6

4 Experiments
4.1 Settings
4.1.1 Datasets. EBaR is evaluated on four CoTTAdatasets: CIFAR10-
C, CIFAR100-C, ImageNet-C (IN-C) [15, 16, 35, 39], and CCC [36].
CIFAR10-C, CIFAR100-C, and IN-C contain 15 types of image cor-
ruption, each with 5 severity levels. The experiments are conducted
at severity level 5. The CCC dataset (Continuously Changing Cor-
ruptions) comprises 7.5 million images with smooth transitions
between different IN-C corruptions [36]. CCC is designed to assess
the stability of test-time adaptation methods over extended time
steps. Our experiments use CCC-40, where the source ResNet-50
model achieves 35% to 40% accuracy without adaptation. The results
on CCC datasets are averaged over 3 different random seeds.

4.1.2 Implementation Details. EBaR is evaluated on five back-
bones: WideResNet-28 (WRN-28) [52], ResNeXt-29 [49], ResNet-
50 [13], ViT Base (Vit-B-16) [8], and Swin Transformer Base (Swin-
B-16) [26]. Following [29], the evaluation on CIFAR10-C is per-
formed with WRN-28, and CIFAR100-C with ResNeXt-29. ResNet-
50, Vit-B-16, and Swin-B-16 are evaluated for IN-C and CCC. WRN-
28 and ResNeXt-29 are pretrained with CIFAR datasets [20], while
ResNet-50, Vit-B-16 and Swin-B-16 are pretrainedwith ImageNet [6],
following [5, 43, 44, 53, 59]. We set the learning rate to 1 × 10−4,
LUB size𝑀 to 2, HUB size 𝑁 to 8, 𝜖 (Algo.1) to 6.2, 𝜉 (Eq.2) to 0.01,

𝛽 (Eq.4) to 1, and 𝜏 (Eq.6) to 0.05, 𝜇 (Algo.2) to 1, 𝜂 (Algo.2) to 100,
Υ (Algo.2) to 8000, and 𝛼 (Eq.7) to 0.99 as default.

4.2 Effectiveness of EBaR
We compare EBaR with state-of-the-art CoTTA and STTA meth-
ods in Tab.1 and Tab.2. For a fair comparison, we apply a moving
window of size 32 to all counterpart methods, following [7, 29, 33].

The results show that under S-CoTTA, EBaR outperforms state-
of-the-art methods by clear margins: (1) across multiple datasets
with various backbone architectures (Tab.1), and (2) on 10 of 15
corruptions for the IN-C dataset using the ResNet-50 backbone
(Tab.2). For instance, EBaR achieves +3.5%, +4.2%, and +5.2% on
IN-C with ResNet-50, ViT-B-16, and Swin-B-16.

4.3 Effectiveness of Key Components
4.3.1 Efficiency Buffer. We evaluate the effectiveness of the
Efficient Buffer, including LUB, HUB, and their associated loss func-
tions. For comparison, we choose the baseline method ETA [33]
with a moving window size of 32. As shown in Tab.3, both LUB and
HUB, along with their loss functions, boost accuracy. Furthermore,
combining LUB and HUB yields a more significant accuracy gain
(+5.6%) compared to using them separately (+2.5% and +1.8%).
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Table 3: Evaluation of the key components: efficient buffer
and elastic resetting on IN-C with ResNet-50. We list the av-
eraged accuracy (%). ‘𝐷𝑊𝑅’ represents dynamic weight reset
(Eq.7). The result proves the effectiveness of both.

Method L𝑆𝐿𝑅 L𝑆𝐸𝐿 L𝐶𝐿𝐿 𝐶𝑙𝑜𝑐𝑘 𝐷𝑊𝑅 Average Acc.

Baseline (ETA) % % % % % 39.6
LUB + HUB ! ! ! % % 45.2 (+5.6%)
LUB only ! ! % % % 42.1 (+2.5%)
HUB only % % ! % % 41.4 (+1.8%)

LUB only -L𝑆𝐿𝑅 ! % % % % 41.1 (+1.5%)
LUB only -L𝑆𝐸𝐿 % ! % % % 40.2 (+0.6%)

ER only % % % ! ! 44.3 (+4.7%)
ER only - DWR % % % ! % 42.7 (+3.1%)
DWR only % % % % ! 42.2 (+2.6%)

EBaR ! ! ! ! ! 47.6 (+8.0%)
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Figure 5: Effect of buffer sizes𝑀 and 𝑁 . Averaged accuracy
with different LUB size 𝑀 and HUB size 𝑁 on IN-C using
ResNet-50 is reported. The optimum setting is𝑀 = 2, 𝑁 = 8.

4.3.2 Elastic Resetting. We evaluate the effectiveness of the Elas-
tic Resetting and its two key components, the reset clock and the
dynamic weight reset. As shown in Tab.3, both clock-based reset
and dynamic weight reset boost performance. Moreover, combining
ER and EB yields a more significant increase in accuracy of +8.0%.

4.4 Ablation
We evaluate the influence of several key hyper-parameters. More
hyper-parameter studies are detailed in the supplement.

4.4.1 Buffer Size. We evaluate the impact of the LUB and HUB
sizes𝑀 and 𝑁 (Algo.1). In the LUB experiment group, we set 𝑁 =

8; in the HUB experiment group, we set 𝑀 = 2. As shown in
Fig.5, EBaR achieves optimal performance when 𝑀 reaches 2, with
minimal improvement when𝑀 > 2. A similar trend is observed for
𝑁 , where performance stabilizes after 𝑁 reaches 8. In particular,
when 𝑁 is smaller than 4, EBaR collapses due to the influence of
high-uncertainty samples. These samples cause a misestimation of
distribution and disrupt the updates. To balance memory efficiency
and accuracy, we set𝑀 = 2 and 𝑁 = 8 as default.

4.4.2 Uncertainty Level Threshold. We evaluate the impact of
the uncertainty level threshold 𝜖 (Algo.1). The result is shown in
Fig.6. As 𝜖 increases, the proportion of samples classified as high un-
certainty gradually decreases, drastically dropping when 𝜖 ≥ 6. The
high- and low-uncertainty samples are balanced when 𝜖 ∈ (6.1, 6.4).
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Figure 6: Effect of uncertainty level threshold 𝜖. Experiments
are conducted on IN-C with ResNet-50. The percentage of
samples categorized as high uncertainty and the correspond-
ing accuracy are reported. 𝜖 = 6.2 is the optimum.
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Figure 7: Effect of the hyper-parameters that control the reset
frequency: 𝜂, and Υ (Algo.2). We fix 𝜇 = 1. The experiment is
conducted on the CCC with ResNet-50. Averaged accuracy is
reported. The result shows that 𝜂 = 100, Υ = 8000 is optimum.

When most samples are categorized as high uncertainty, LUB be-
comes ineffective. In contrast, HUB is ineffective when most are
categorized as low uncertainty. EBaR achieves the highest accuracy
𝜖 = 6.2, where samples from both levels are balanced. Thus, we set
𝜖 = 6.2 as the default.

4.4.3 Resetting Frequency. We evaluate the influence of the
hyper-parameters that control the reset frequency, namely 𝜇, 𝜂, and
𝜐 (Algo.2). We fix 𝜇 = 1 in the experiments and adjust the other
two parameters. As shown in Fig.7, when Υ increases, the optimal
𝜂 increases. When Υ is small while 𝜂 is large, the model is reset
excessively frequently, harming the adaptation. Conversely, when
Υ is large while 𝜂 is small, the model is not reset in time, leading
to catastrophic forgetting. 𝜂 = 100, Υ = 8000 achieve the highest
accuracy and are set as default.

4.5 Observation
4.5.1 Computational Efficiency. Weevaluate the computational
efficiency of EBaR. As shown in Tab.4, we compare the computa-
tional overhead of ETA, ROID, and EBaR on a single RTX A5500
GPU. Without a moving window, ETA and ROID both collapse.
Added a moving window of size 32, ETA and ROID converge. Still,
EBaR achieves a higher classification accuracy, requiring only 60%
of the memory overhead. Furthermore, EBaR improves accuracy by
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Table 4: Computational efficiency of EBaR. Experiment is
conducted on IN-C with ResNet-50 backbone. ‘W32’ repre-
sents a moving window [29, 33] of size 32. The experiment is
conducted on a single RTX A5500 GPU. EBaR yields higher
accuracy boost with less extra computational overhead.

Method Memory Cost Time Per Prediction Average Acc.

ETA 0.93G 3.4 ms 4.1
ETA+W32 6.22G 2.1 ms 39.6
ROID 1.13G 41.6 ms 5.2

ROID+W32 6.42G 5.3 ms 43.7
EBaR 3.72G 4.1 ms 47.6
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Figure 8: The adaptation stability of EBaR. EBaR is compared
with EBaR with Efficient Buffer Only (EB), and ETA with
window size 32 (Baseline) on the CCC dataset across 3 × 104
steps with ResNet-50. The averaged weight value (×10−3) of
a normalization layer is depicted. The result shows that EB
significantly enhances adaptation stability while elastic re-
setting maintains stability over the long run.

+8% with only 1.9 ms of additional time per prediction compared
to the ETA baseline. In comparison, ROID achieves lower accuracy
while incurring 3.2 ms of extra time per prediction. Interestingly,
we observe that the moving window reduces the prediction time
by decreasing the frequency of model updates.

4.5.2 Stable Adaptation. We examine the ability of EBaR to en-
hance adaptation stability by analyzing the fluctuation in parameter
values of normalization layers over time. Fig.8 depicts the averaged
weight values of a batch normalization layer in the ResNet-50 back-
bone. The baseline model (ETA with window size 32) suffers from
perturbations of domain shift, resulting in severe fluctuations in
parameter values. The efficient buffer increases robustness to pertur-
bations and reduces fluctuations significantly. Furthermore, elastic
resetting maintains adaptation stability in the long run.

4.5.3 Anti-forgetting. We compare the ability of EBaR to pre-
vent catastrophic forgetting with IST, ROID, and RDUMB (three
counterparts have an additional moving window of size 32). As
shown in Fig.9, the average accuracies per 1.5 × 105 time steps for
CCC (denoted as Target) and original ImageNet (denoted as Source)
are reported across 7.5 × 106 time steps. EBaR achieves the highest
average source accuracy (66.9%) and target accuracy (50.6%). The
result demonstrates that EBaR can effectively prevent catastrophic
forgetting while retaining more useful target knowledge.

Table 5: EBaR against other CoTTA counterparts under the
standard CoTTA setting on IN-C using ResNet-50 backbone.
Averaged accuracy is reported. EBaR demonstrates more sub-
stantial advantages under small-batch settings while achiev-
ing comparable performance under large-batch settings.

Batch Size ETA ViDA IST ROID BDG EBaR

4 19.9 20.1 33.1 40.5 40.4 47.9
8 22.1 30.4 35.4 42.8 42.9 48.2
16 31.8 36.9 36.8 43.5 43.6 48.6
32 40.1 44.3 37.6 44.2 44.5 48.8
64 40.2 45.7 38.1 48.1 48.9 48.8
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Figure 9: Anti-forgetting ability of EBaR. EBaR is compared
with IST, ROID, and RDUMB (all three of them are with a
moving window of size 32) on ImageNet (Source) and CCC
(Target) using ResNet-50. The average accuracy per 1.5 × 105
steps across 7.5×106 steps is reported. The result demonstrates
that EBaR effectively prevents catastrophic forgetting while
retaining useful target knowledge.

4.5.4 Under CoTTA Setting. We compare EBaR with recent
CoTTA methods on the CoTTA task under different batch size
settings. In this experiment, no moving window is applied to the
counterparts. As shown in Tab.5, EBaR demonstrates a significant
advantage with the small-batch settings. Even with large-batch set-
tings, EBaR achieves performance comparable to the state-of-the-art
methods on standard CoTTA tasks, highlighting the robustness and
versatility of our approach.

5 Conclusion
In this paper, we propose a single-sample continual test-time do-
main adaptation (S-CoTTA) task, which combines single-sample
adaptation, where only one sample is available at a time, and con-
tinual adaptation, where the target domains constantly change. The
key challenge is to achieve stable adaptation with a single sample
per time step and prevent the model from forgetting the source
knowledge over time. To address this, we propose a novel Efficient
Buffer and Resetting (EBaR). EBaR consists of 1) a memory-efficient
buffer that efficiently mitigates the perturbations of a sample with
high uncertainty and ensures stable adaptations and 2) an elastic
resetting unit that prevents catastrophic forgetting while retaining
useful target knowledge. Experiments demonstrate the effectiveness
of our method: EBaR effectively enhances the adaptation stability
and prevents the model from forgetting the source knowledge.
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