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Abstract

The objective of Continual Test-time Domain Adaptation
(CTDA) is to gradually adapt a pre-trained model to a se-
quence of target domains without accessing the source data.
This paper proposes a Dynamic Sample Selection (DSS)
method for CTDA. DSS consists of dynamic thresholding,
positive learning, and negative learning processes. Tra-
ditionally, models learn from unlabeled unknown environ-
ment data and equally rely on all samples’ pseudo-labels
to update their parameters through self-training. However,
noisy predictions exist in these pseudo-labels, so all sam-
ples are not equally trustworthy. Therefore, in our method,
a dynamic thresholding module is first designed to select
suspected low-quality from high-quality samples. The se-
lected low-quality samples are more likely to be wrongly
predicted. Therefore, we apply joint positive and negative
learning on both high- and low-quality samples to reduce
the risk of using wrong information. We conduct extensive
experiments that demonstrate the effectiveness of our pro-
posed method for CTDA in the image domain, outperform-
ing the state-of-the-art results. Furthermore, our approach
is also evaluated in the 3D point cloud domain, showcasing
its versatility and potential for broader applicability.

1. Introduction

Consider an intelligent agent moving around non-
stationary environments where the input domain gradually
changes over time. As an illustration, a self-driving car
could transition from daylight to darkness and then enter
a snowy scenario. Another example is an automated robot
processing images captured from multiple continual do-
mains like blurry and bright domains. Therefore, the intelli-
gent agent requires Continual Test-Time domain Adaptation
(CTDA) to adapt to gradually changing environments. Be-
cause of its real-life applicability, researchers have recently
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Figure 1. Illustration of our learning strategy: (a) Pseudo label-
ing described is accomplished by the mean-teacher model, where
a teacher model yields a pseudo label for a given sample. Some
of the unlabeled samples probably assign incorrect pseudo-labels.
Hence, treating all samples equally leads to error accumulation.
(b) Our proposed method introduces Dynamic Sample Selection
(DSS), to monitor the pseudo label generated by the mean teacher
model and it selects low-quality pseudo labels via our proposed
dynamic thresholding process. Ultimately, we use positive learn-
ing for samples with high-quality pseudo-label and negative learn-
ing for all samples.

started exploring this new area [6,27]. In contrast to tradi-
tional domain adaptation tasks, CTDA imposes some con-
straints: 1) There should be multiple continual test domains
instead of one, and the model should gradually adapt to con-
tinual domains using unlabeled test data. 2) The source data
with which the model is trained cannot be used during the
adaptation process. Instead, it is only allowed to leverage
the pre-trained model developed from the source data.

Error accumulation is a well-known challenge in CTDA.
In this task, the model adapts continual domains during test
time on unlabeled test samples. The model normally re-
lies on samples’ pseudo-labels for the adaptation. However,
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not all pseudo-labels are reliable. As the erroneous pseudo-
labels arise from the continual domains, the network tends
to absorb inaccurate feedback, leading to an incorrect ad-
justment of its parameters over time. This accumulation of
errors from the previous domains would have an adverse
impact on the model’s performance in the subsequent do-
mains. To address this, the existing SOTA method [27] gen-
erates augmented samples of a given input sample and cal-
culates an augmentation-averaged prediction score from a
teacher model. The assumption is that pseudo-labels calcu-
lated from the augmentation-averaged prediction score be-
come more accurate over time.

To address the aforementioned problem, we introduce
a Dynamic Sample Selection (DSS) method, which incor-
porates jointly dynamic thresholding, positive, and nega-
tive learning. More specifically, to mitigate the issue of
error accumulation, using dynamic thresholding, we de-
sign a class-wise confidence metric to evaluate the predic-
tion quality of the pseudo-label for each sample in a batch.
Dynamic thresholding monitors the confidence and identi-
fies high- and low-quality samples. As shown in Figure
1, our proposed method treats the unlabeled samples dif-
ferently based on confidence. We employ only the sam-
ples with higher confidence for positive learning, thus re-
ducing the amount of noise introduced. At the same time,
we utilize all examples for negative learning. The nega-
tive learning aims to eliminate the impact of low-confidence
class prediction. A prediction that is potentially consid-
ered wrong is replaced by a negative complementary la-
bel. Traditionally, CTDA methods are tested on only 2D
image datasets. However, in addition to challenging 2D
image datasets (CIFAR-10-C [10], CIFAR-100-C [10], and
ImageNet-C [10]), we experimented with 3D point cloud
data ScanObjectNN-C [22]), demonstrating the robustness
of our proposed method. Our method consistently outper-
forms existing methods by a decent margin.

In summary, contributions of this work are three-fold:

e We develop a novel method, Dynamic Sample Selec-
tion (DSS) for the CTDA task. DSS selects high- and
low-quality samples for training, and it effectively re-
duces the negative impact of error accumulation of
CTDA.

e We apply joint positive and negative learning on noisy
pseudo-labels to reduce the risk of propagating mis-
leading information during the CTDA task.

e Qur study is pioneering in investigating the CTDA
problem in the domain of 3D point cloud objects. We
have benchmarked the performance of existing 2D ap-
proaches on 3D data and identified new challenges as-
sociated with 3D point cloud objects.

2. Related work

Test-time Domain Adaptation. Compared with traditional
unsupervised domain adaptation, Test-Time domain Adap-
tation (TTA) adapts the model trained from the source do-
main to the novel target domain without access to the orig-
inal source data during inference time. One popular ap-
proach to reducing the domain gap in the absence of source
data is to fine-tune the source model by adopting an unsu-
pervised loss function based on the target distribution. Test
entropy minimization (TENT) [26] updates the trainable
batch normalization parameters from a pre-trained model at
test time by minimizing the entropy of the model prediction.
Source hypothesis transfer (SHOT) [ | 7] employs an entropy
minimization and diversity regularizer with label smooth-
ing techniques to train a general feature extractor from a
pre-trained source model. Alternatively, Test-Time Train-
ing (TTT) [23] introduced a self-supervised rotation pre-
diction auxiliary task to update model parameters for novel
target samples. Test-Time Training with Masked Autoen-
coders [8] similarly adopts the idea of masked autoencoders
as an auxiliary task to train the model for each test sample.
Recently AdaContrast [3] first leveraged contrastive learn-
ing with online pseudo refinement to learn better feature
representations with less noisy pseudo labels. Conjugate
PL [9] propose a general way of obtaining test-time adap-
tation loss which is used for more robust predictions under
distribution shifts.

Continual Test-time Domain Adaptation.In addressing
the challenge of Continual Test-time Domain Adaptation
(CTDA), various solutions have been proposed. Notably,
the online version of Tent, introduced by Wang ef al. [26],
presents an applicable approach. However, a drawback
of earlier methods lies in their reliance on source data
during inference. A significant advancement in this field
is the Continual Test-time Adaptation Approach (CoTTA)
developed by Wang et al. [27]. CoTTA is notably the
first method explicitly tailored to the demands of on-
line continual test-time adaptation. This method employs
a weighted augmentation-averaged mean teacher frame-
work, building upon the insights from prior work such as
the mean teacher predictions introduced by Tarvainen and
Valpola [24]. Remarkably, the student-teacher framework
proposed by CoTTA [27] serves as a foundational architec-
ture for numerous subsequent studies. In particular, Niu et
al. [18], adopt a similar student-teacher framework. They
incorporate continuous batch normalization statistics up-
dates to reduce computational costs, thereby refining the ef-
ficiency of the adaptation process. Another notable avenue
explored by researchers is the utilization of a mean teacher
setup with symmetric cross-entropy and contrastive learn-
ing, as demonstrated in the work by Dobler et al. [6] under
the name RMT. While this approach introduces valuable in-
sights, it remains dependent on source data to establish the
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source prototypes during a warm-up stage. Consequently,
RMT cannot be categorized as a truly source-free approach
within the realm of continual test-time domain adaptation.
Alternatively, Gan et al. [7] present an innovative strategy
that leverages visual prompt learning in conjunction with a
homeostasis-based adapting strategy.

Pseudo Labelling. Pseudo-labelling is a widely used tech-
nique in semi-supervised learning or self-learning. It uses
the model’s output class probability as a label for train-
ing. FixMatch [21] is a semi-supervised method that gener-
ates pseudo labels using the model’s predictions on weakly
augmented unlabeled images. Then the model is trained
to match the pseudo-label with the prediction on strongly-
augmented images. In contrast, UPS [20] not only produces
reliable pseudo-labels with high confidence and low uncer-
tainty, but it also incorporates negative learning to further
reduce the model calibration error. In the context of unsu-
pervised domain adaptation, the process of pseudo-labeling
frequently involves generating labels for unlabeled target
samples by utilizing the predicted class probability of the
source model. Existing methods [6, 27] mainly rely on
pseudo labels as a form of “supervision” in order to com-
pensate for the absence of ground truth labels in the target
domain. However, they did not closely investigate the qual-
ity of pseudo labels, as mislabeled samples used in self-
learning accelerate error accumulation ultimately. In con-
trast, in this paper, we propose joint positive and negative
learning with dynamic threshold modules to minimize the
effect of error accumulation from mislabeled pseudo labels.

3. Dynamic Sample Selection
3.1. Problem Formulation

Given a sequence of domains D = {Dy, ..., Dy, ...,
Dy}, we define the domain at time step t as D, = {X;; }, 4,
where x, ; is the 4t sample, and n; is the number of samples.
The first domain, D, is referred to as the source domain.
We assume that a deep learning model hg, (.), where 6; is
the pre-trained parameters on the source data x; ; in D;.
However, we discard the source data thereafter, typically
because of privacy or memory concerns. More precisely,
we cannot access source data D; for future new domains.
Therefore, the future domains D; with ¢ > 1, are termed as
the target domains. Within the CTDA framework, our ob-
jective is to improve the performance of the model hy, (x)
during test time for a dynamically changing target domain
in an online manner. This involves feeding the model unla-
beled test data from the target domain sequentially. To be
more specific, at target domain D, the unlabeled data x; is
given to the model hyg, (x;), and the model needs to make
the prediction and adapt itself accordingly (8; — ;1) for
the next target domain, Dy ;. In the process of test-time
training, we ensure that the model is adapted to each current

sample from the target domain. Following this adaptation,
the updated model is utilized to predict the class label of the
respective sample.

3.2. Model Overview

This section provides a brief overview of our proposed
architecture, Dynamic Sample Selection (DSS), which is
illustrated in Figure 2. Similar to other methods in Con-
tinual Target Domain Adaptation (CTDA) [27], we adopt
the student and teacher setup from the mean teacher frame-
work [24] as the foundational structure for self-learning in
our approach. Given the input x; from domain Dt, the
teacher model computes the pseudo label y, based on an
augmentation module, while the student model produces the
output y,. The model is then trained using the loss function
that enforces consistency between y, and y,, thus promoting
alignment between the predicted labels. It is worth noting
that y, is typically used as the final prediction.

As indicated in Figure 2, we do not treat all samples
in D; equally for adaptation. In contrast, we assume that
not all samples have enough quality for training during
test time. To achieve this objective, we employ adaptive
pseudo-labelling from recent advances in semi-supervised
learning [28, 32], a learning approach that involves con-
tinuous monitoring of the model’s learning progress in ac-
cordance with its learning status [1]. In other words, we
utilize a dynamic threshold module to modulate the learn-
ing progress adaptively each time we encounter new do-
mains. Therefore, we design a DSS framework on top of
the mean teacher model to select samples for different train-
ing strategies. To be more specific, given input x; in D;, we
leverage the student-teacher setup to generate the predic-
tion (or pseudo) label y,. Using y,, we compute the adap-
tive class-wise threshold m; .(y,) for class c. Based on 7 .,
we group high- and low-quality samples, X; nign and X¢ jou-
Then, both X; x;gr and X; 0., are used for negative learning.
Meanwhile, the model is trained with the positive learning
loss with high-quality samples X; j,;45, alone.

3.3. Dynamic Thresholding

In CTDA, the learning progress of the model hy varies
over time since different target domains have significant
domain gaps. When adopting a model to new test sam-
ples from different domains, pseudo labels inevitably suf-
fers from label noise due to the presence of domain shifts.
To minimize noise in test-time, We adopt a threshold mech-
anism to adjust the confidence threshold dynamically.

As shown in Figure 2, the samples x; from D; are first
given to the teacher model to compute the initial predictions
¥, Subsequently, taking inspiration from the threshold
strategy [28,32] and in order to track the learning progress,
we implement a dynamic approach that involves detecting
low-confidence predictions in samples through the use of
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Figure 2. The proposed Dynamic Sample Selection (DSS) framework for continual test-time domain adaptation (CTDA). Unlabeled target
domains are changing over time. At time step ¢, the model first makes the predictions for samples x; from D;. Taking the input x; from
domain Dy, the teacher model computes the pseudo label y, based on augmentation module while the student model gives the output y,.
The dynamic threshold module then outputs a suitable threshold to split the samples x; into two groups, high- and low-quality groups.
Positive learning is exclusively applied to the high-quality group of samples, ensuring that the model focuses its learning efforts on reliable
and accurate data. Conversely, in negative learning, complementary labels are generated for classes that yield low prediction scores.
This approach enables the model to learn from and address the challenging samples actively, contributing to improved performance and

adaptability in evolving domains.

a dynamic threshold. The common practice is to use a
fixed confidence threshold to remove suspected noisy la-
bels. However, model confidence on out-of-distribution
samples could differ vastly for each domain, which may
hurt the adaptation performance under a fixed threshold.
Thus, we propose the adaptive threshold function to output
a suitable selection threshold 7;:

N
1 .
;= A jo1+ (1 —A) - N Zmax Yiji (D
i=1

where j denotes the order of the batch. For simplicity, we
drop the most j in the following context. 7; denotes the
adaptive threshold value for the samples x;. y, ; is the pre-
dicted confidence vector for i sample. max Y, indicates
the highest confidence value in y; ;. The number of sam-
ples from each batch is denoted as N, and )\ represents the
exponential moving average factor.

An appropriate initial threshold could help the algorithm
to converge more swiftly to an effective threshold in an on-
line manner. It is important to note that DSS algorithm op-
erates in an online fashion during the inference phase. Start-
ing with a threshold value that is considerably distant from
the current confidence level may result in a significant time

delay before reaching a satisfactory threshold. Therefore,
we adopt the following approach to initialize the thresh-
old at the start of each domain: we take the average of
the previous model confidence at the beginning, denoted as
T10 = (Ti—1,final + &)/2 Where Ty _1 fina is the com-
puted threshold from the previous domain and C' represents
the number of classes. It should be mentioned that for the
first domain, we set mp g = é By incorporating the aver-
age of the previous domain’s threshold, we aim to achieve
an accurate estimation of the initial threshold by leveraging
the knowledge acquired from the previous domains. Unlike
other existing methods in semi-supervised learning [2], we
use flexible threshold initialization in CTDA to provide a
more appropriate initial value when facing a new domain
instead of using a fixed average constant.

To reflect the discrepancy between the adaptation status
among different classes, we further give the threshold in a
class-wise manner to ensure that the class with average low
confidence (low-certainty class) is not ignored. The class-
wise manner guarantees sufficient samples for training as
there are many low-certainty classes. The aim is to prevent
the model from being biased toward the majority classes.
We first compute the rescale ratio 7, . for class c as follows:
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Tt,ce =

where 9; is the vector where one element is the average con-
fidence for one class. d; . is the average confidence for class
c of samples in D;. The formulation d, .. is given as follows:

Ot,c = =N Z max y, ; - 1(argmaxy,; =c)  (3)
=1
where max ¢, ; is the maximum prediction probability in
the vector §; ;. Hence, the improved version of the adaptive
threshold in a class-wise manner is calculated as:

Tt,e = Tt - Tt,c 4

For Dy, after achieving ;. for samples, we divide x;
into the high- and low-quality groups, X; nign and X; jou-
X¢ high are samples where their predicted confidence is
above the threshold 7; ., and vice versa.

In the following algorithmic steps, the different train-
ing strategies will be used for X; pign and X jo,,. Overall,
the self-adaptive threshold accurately identifies correctly-
and wrongly-predicted samples as high- and low-certainty
groups. Grouped samples will facilitate positive and nega-
tive learning, introduced in the following subsection.

3.4. Joint Positive and Negative Learning

Training the model in CTDA without access to data la-
bels is challenging. To be more specific, assigning the com-
puted pseudo label to the unlabeled data runs the risk of
letting the model learn incorrect information as the pseudo
label is noisy, which could lead to lower overall accuracy.
To address this issue, as shown in Figure 2 we first group
samples into high- and low-quality groups using dynamic
threhold. Then, we train two groups of samples in two dif-
ferent ways (See “DSS: Positive and Negative Learning” of
Figure 2).

More specifically, we restrict positive learning to the
high-quality group X; pign. as these samples are expected
to have a higher probability of being accurately classified
by the network. Conversely, negative learning [13, 4] is
applied to both groups (i.e., X¢ nign and X ;o) to mitigate
the risk of providing inaccurate information to the model by
generating the complementary labels for the training.

To train our proposed DSS, we employ a cross-entropy
loss function. We first have the pseudo-label generated by
the teacher model y,, ;... and then we apply temperature
scaling to minimize the prediction entropy by sharpening
the prediction distribution [2].

Sharpen(yk: Jhigh» Tp yk hzqh/ Z yzz;uqh (5)

where T'p is the temperature hyper-parameter. Most exist-
ing methods construct pseudo labels in one-hot way [21,32].
However, in CTDA, we mildly give pseudo labels by apply-
ing the sharpening. Specifically, we propose to minimize
entropy by constructing sharpened pseudo labels with Tp
for selected high-certainty samples. It somewhat avoids
overfitting by preserving prediction structures from the
teacher model.

The loss function for positive learning is formulated as
the cross entropy loss between the student and teacher pre-
dictions:

C

Z Yk nigh 108 ¥ nign  (6)
k=1

Lpst (¥, Jhighs Vi, hzgh

where is y, 5, the prediction from the student model.
This loss function will enforce alignment between the stu-
dent prediction and the more accurate teacher prediction af-
ter sharpening. To adequately utilize y, the complementary
label is also created based on low class confidences. The
complementary label represents “’the input does not belong
to particular classes.” This provides more reliable informa-
tion regarding the classes that are most likely not to be the
true label. Following this, we present the negative learning
loss as follows:

MQ

Lneg Yk7Yk Og 1 - Yk) (7)

k=1

where ¥, = 1(y, < «) is the complementary label based
on the prediction from the teacher model, ;.. Applying the
complementary label y in the negative learning pushes the
prediction away from those classes with low confidence.
« is the threshold vector whose element value is set to
0.05. Notably, we keep the teacher model fixed and back-
propagate the student model only. The reason is that we aim
to ensure a stable student-teacher setup. Finally, having the
Equations 6 and 7 at hand, we build the total loss function
as follows:

Etotal = Lneg + Lpst (8)

Moreover, the teacher model with 4 is updated by the
moving average of the parameters of the student model, 6.
Hence, we have

Or1 = B0+ (1—3)0,41 )

where 3 is the coefficient. We set 6 to 0.999 which is the
same as that in [27]. The overall training process is de-
scribed in Algorithm 1.

4. Experiments

Extensive experiments are conducted in this section to
demonstrate the effectiveness of our DSS approach. We
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Algorithm 1 The proposed DSS for CTDA

Initialization: A source model hy, pre-trained on
source domain D;, teacher model hgt and student
model g, initialized from hy, .
Input: Unlabeled test data x; for target domain Dy, t >
1,
fort =2to T do

Augment x, and get pseudo-labels y,;

Generate class-wise threshold 7; . via Eq. (4);

Divide x; into Xy ;5. and X; pign by m c;

Compute L, via Eq. (6);

Compute L,,c4 via Eq. (7);

Update student model via Ly, in Eq. (8);

Update teacher model via Eq. (9);
Output: Prediction §,, updated student and teacher
models hg, and hgt , selection threshold ¢ ..

R XD AN

evaluate our method on three 2D image continual test-time
adaptation benchmark tasks, CIFAR-10-C [11], CIFAR-
100-C [11], and ImageNet-C [11], designed to assess the
robustness of machine learning models to corruptions and
perturbations in the input data. In addition, we test our pro-
posed method on a 3D point cloud dataset ScanObjectNN-C
derived from ScanObjectNN [25].

4.1. Datasets

CIFAR10-C. CIFAR10-C is an extension of the CIFAR-10
dataset [15], which consists of 32 x 32 color images from
10 classes. CIFAR10-C includes 15 different corruptions,
each at five levels of severity. The corruptions are applied
to test images of CIFAR-10, resulting in a total of 10,000
images.

CIFAR100-C. CIFAR100-C is an extension of the CIFAR-
100 dataset [15], which consists of 32 x 32 color images in
100 classes. CIFAR100-C includes 15 different corruptions,
each at five levels of severity. The corruptions are applied to
the test images of CIFAR-100, resulting in a total of 10,000
images.

ImageNet-C. ImageNet-C is an extension of the ImageNet
dataset [5], which contains over 14 million images in more
than 20,000 categories. ImageNet-C includes 15 different
corruptions, with 5 severity levels. The corruptions are ap-
plied to the validation images of ImageNet.

ScanObjectNN-C. ScanObjectNN [25] is a point cloud
classification dataset that is collected from the real world. It
contains 15 classes, with 2309 samples in the train set and
581 in the test set. To build ScanObjectNN-C, we employ
the setting proposed by [22], to generate 15 corruptions in
the test set of ScanObjectNN for our experiments.

4.2. Implementation

We strictly follow the setting of CTDA that no source
data is accessed [27]. All models are evaluated based on the
largest corruption severity level of five for all datasets in an
online fashion. Model predictions are first generated before
adapting to the current test stream.

Following [27], we adopt standard pre-trained WideRes-
Net [31], ResNeXt-29 [30] and ResNet-50 [4] on CIFAR10-
C, CIFAR100-C, and ImageNet-C as the source models.
The sharpening factor T'p used in temperature scaling is
set to 0.6, and augmentation module from [27] is used to
generate the augmentation-weighted pseudo-label. For 3D
experiments, we use DGCNN [29] pre-trained on the clean
set as the backbone.

4.3. Main Results

2D Results. We first examine the adaptation performance
on 2D tasks, and the experimental results are summarized
in Table 1, 2, and 3. Directly testing the source model
on target domains in sequence yields high average errors
of 43.5%, 46.4%, and 77.2% on CIFAR10-C, CIFAR100-
C, and Imagenet-C respectively. Applying BN Stats Adapt
[16] to update the batch normalization statistics from the
current test stream, the average error across all target do-
mains is significantly reduced on all datasets. The TENT-
based method [26] also helps the model to adapt to the
target domain in sequence, but it may suffer severe error
accumulation in the long term.As shown in Table 2, the
TENT-based method [26] yields a substantially higher er-
ror rate of 60.9% in the long run on CIFAR100-C. Sim-
ilarly, Conjugate PL [9] perform well in early adaptation
to multiple initial domains, but soon experiences a gradual
increase in error rate over time. Based on more accurate
weighted augmentation-averaged predictions, CoTTA [27]
has the lowest average error rate in comparison with other
adaptation methods.

By leveraging joint positive and negative learning with
an adaptive threshold, our proposed method DSS constantly
outperforms its baseline CoTTA in all datasets. This in-
dicates that DSS helps the model better adapt to contin-
ual target domains with less suffering from error accumu-
lation generated from noisy pseudo labels. We notice that
this phenomenon becomes more evident in more difficult
datasets, where the model has low certainty on proceeding
target domains. Compared with CoTTA, DSS successfully
reduces the average error from 32.5% to 30.9% and 66.8%
to 64.6% on CIFAR100-C and ImageNet-C respectively,
which demonstrates the advantage of our DSS module.

To further investigate the effectiveness of DSS over the
baseline, we also evaluate its adaptation performance over
ten different sequences on ImageNet-C (See Table 4). There
is a 1.4% decrease on average over 10 diverse sequences
in comparison with CoTTA, indicating that our method is

1706



Method G shot pul defocus | glass | motion | zoom | snow | frost | fog | brightness | contrast | elastic_trans | pixelate | jpeg | Mean
Source 72.3 65.7 729 46.9 54.3 34.8 420 | 25.1 | 41.3 | 26.0 9.3 46.7 26.6 58.5 303 | 435
BN Adapt [16] 28.1 26.1 36.3 12.8 353 14.2 12.1 173 | 174 | 153 84 12.6 23.8 19.7 27.3 | 204
TENT-cont [26] 24.8 20.6 28.6 14.4 31.1 16.5 14.1 19.1 | 18.6 | 18.6 12.2 20.3 25.7 20.8 249 | 20.7
AdaContrast [3] 29.1 225 30.0 14.0 32.7 14.1 120 | 16.6 | 149 | 144 8.1 10.0 21.9 17.7 200 | 185
Conjugate PL [9] 27.6 25.7 359 12.7 34.8 14.1 120 | 17.1 | 17.3 | 15.0 84 12.3 235 19.3 26.7 | 202
CoTTA [27] 24.3 21.3 26.6 11.6 27.6 12.2 103 | 148 | 141 | 124 7.5 10.6 18.3 13.4 173 | 162
DSS (Ours) 24.1 21.3 254 11.7 26.9 12.2 105 | 145 | 141 | 125 7.8 10.8 18.0 13.1 17.3 | 16.0
Table 1. Classification error rate (%) on CIFAR10-C. The best numbers are in bold.
Method Gaussian | shot | impulse | defocus | glass | motion | zoom | snow | frost | fog | brightness | contrast | elastic_trans | pixelate | jpeg | Mean
Source 73.0 68.0 39.4 29.3 54.1 30.8 28.8 | 39.5 | 45.8 | 50.3 29.5 55.1 372 74.7 412 | 464
BN Adapt [16] 421 40.7 427 27.6 419 29.7 279 | 349 | 350 | 415 26.5 30.3 35.7 329 412 | 354
TENT-cont [26] 372 35.8 41.7 37.9 51.2 483 485 | 584 | 63.7 | 71.1 70.4 82.3 88.0 88.5 90.4 | 60.9
AdaContrast [3] 423 36.8 38.6 27.7 40.1 29.1 27.5 | 329 | 30.7 | 382 259 28.3 339 33.3 362 | 334
Conjugate PL [9] 39.2 37.1 36.9 26.3 394 28.4 264 | 329 | 332 | 382 257 29.3 34.0 30.3 39.0 | 33.1
CoTTA [27] 40.1 37.7 39.7 26.9 38.0 27.9 264 | 32.8 | 31.8 | 40.3 24.7 26.9 32.5 28.3 335 | 325
DSS (Ours) 39.7 36.0 37.2 26.3 35.6 27.5 251 | 314 | 300 | 37.8 24.2 26.0 30.0 26.3 31.1 | 309
Table 2. Classification error rate (%) on CIFAR100-C. The best numbers are in bold.
Method G shot | impulse | defocus | glass | motion | zoom | snow | frost | fog | brightness | contrast | elastic_trans | pixelate | jpeg | Mean
Source 95.3 94.6 95.3 84.9 91.1 86.8 772 | 844 | 80.0 | 773 4.4 95.6 85.2 76.9 66.7 | 77.2
BN Adapt [16] 87.6 87.4 87.8 87.7 88.0 782 645 | 67.6 | 70.6 | 549 36.4 89.3 58.0 56.4 66.6 | 66.2
TENT-cont [26] 85.7 80.0 78.3 82.2 79.2 70.9 59.1 | 65.6 | 664 | 554 40.6 80.3 55.5 535 59.0 | 674
Conjugate PL [9] 85.2 79.6 77.1 82.4 79.8 70.8 59.3 652 | 66.1 | 54.8 39.8 79.5 55.1 52.7 58.7 67.1
CoTTA [27] 87.5 86.0 84.4 85.1 84.4 73.9 615 | 63.6 | 642 | 51.9 38.6 74.8 51.1 45.1 502 | 66.8
DSS (Ours) 84.6 80.4 78.7 83.9 79.8 74.9 629 | 62.8 | 629 | 49.7 37.4 71.0 49.5 429 482 | 64.6

Table 3. Classification error rate (%) on ImageNet-C. The best numbers are in bold.

more robust to the order of the target domain sequence.

3D Results. While our method is designed to address the
CTDA task for 2D image recognition, we also adapt and
evaluate our method for the case of 3D point cloud recog-
nition [12, 19,29]. To this end, we evaluate our proposed
methods on ScanObject-C. As shown in Table 5, DSS is
again able to reach the lowest error rate of 43.1% using
DGCNN [29] as the backbone. The CoTTA method, on
the other hand, performs 0.2% worse on average due to the
rapid accumulation of errors during the adaptation process.

4.4. Ablation Study

Component analysis. Our method selectively matches the
standard student distribution, in contrast to CoTTA which
attempts to align prediction probability for all test data.
Aligning distributions for all data leads to error accumu-
lation, as demonstrated in Table 6 where CoTTA naively
matching distributions without considering the noisy con-
dition of pseudo labels consistently generates larger errors
over the continual domains. In comparison, we demonstrate
that using our adaptive threshold (DSS w/DT) can yield ad-
ditional improvements of 0.7% and 0.8% on CIFAR100-
C and Imagenet-C respectively. Furthermore, the positive
learning (DSS w/DT&PL) leads to 0.8% and 1.2% im-
provements respectively over DSS w/DT on CIFAR100-
C and Imagenet-C. By applying negative learning (DSS
w/DT&PL&NL) to utilize more unlabelled low-confidence
samples, we achieve further improvements of approxi-
mately 0.1% and 0.2%. Apart from these, we observe that

the overall improvement in CIFAR10-C is marginal com-
pared with other cases, and this may due to the fact that the
model is already very confident on those related target do-
mains with average confidence greater than 90%. In that
case, the source model is able to produce low-entropy pre-
dictions even without online adaptation, and our approach
has a limited effect to overcome the bias that lies in the high-
confidence predictions.

Threshold. Here, we validate the effectiveness of the
dynamic threshold via comparisons with the simple fixed
threshold approach across all domains. The results, as pre-
sented in Table 7, first show that using a fixed threshold
with 7 = 0.2 may help to reduce the average error rate
by 0.1% on CIFAR100-C. However, using a fixed thresh-
old still causes incorrect predictions to be utilized for self-
learning, resulting in a higher error rate of 0.6% compared
with the dynamic threshold. Note that the averaged model
confidence on out-of-distribution data clearly varies across
all target domains (See the green line of Figure 3), and an
inappropriate fixed threshold could limit the generalization
performance. To illustrate this point, in Table 7, we also
show that fixed = = 0.2 actually increases the error rate to
67.8% from 66.8% on ImageNet-C, whereas our dynamic
threshold still consistently decrease the error rate. This is
mainly due to the fact that a fixed threshold may filter out
excessive samples, leaving inadequate data for model adap-
ation. Thus, we argue that our adaptive threshold approach
strikes a better balance between maximizing target adapta-
tion performance and minimizing error accumulation.
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Avg. Error (%) | Source | BN Adapt [16]

Test Aug

TENT [26] | CoTTA [27] | DSS (Ours)

82.4 72.1

ImageNet-C

71.4

66.5

63.0 (x1.8) | 61.6 (x0.3)

Table 4. Classification error rate (%) on ImageNet-C over 10 sequences. The best numbers are in bold.

Method uniform background p I pling | rbf | rbf-inv | den-dec | dens-inc | shear | rot | cut | distort | oclsion | lidar | Mean
Source 58.7 49.6 55.4 435 539 37.5 332 24.1 19.6 329 | 384|248 | 348 91.7 92,6 | 46.0
TENT-cont [26] 53.2 41.3 59.9 46.5 49.7 37.7 36.0 31.0 26.3 375 | 403 | 348 | 39.1 90.5 90.9 | 47.6
BN [16] 51.3 41.1 53.0 48.7 49.6 34.8 31.7 29.4 222 329 | 372 | 324 | 348 90.2 90.4 | 453
CoTTA [27] 56.6 47.2 57.0 39.2 49.6 332 | 31.0 21.2 16.2 29.8 | 346|213 | 303 90.9 914 | 433
DSS (Ours) 56.6 46.8 57.1 39.1 49.6 329 | 31.0 21.2 16.0 298 | 34.1 | 219 | 30.1 89.8 90.0 | 43.1

Table 5. Classification error rate (%) on ScanObjectNN-C. DGCNN [29] is adopted as the backbone. The best numbers are in bold.

Avg. Error (%) CIFAR10-C | CIFAR100-C | Imagenet-C
CoTTA [27] 16.2 325 66.8
DSS (w/ DT) 16.1 31.8 66.0
DSS (w/ DT&PL) 16.1 31.0 64.8
DSS (w/ DT&PL&NL) 16.0 30.9 64.6

Table 6. Component analysis. DT, PL, and NL are dynamic thresh-
olding, positive and negative learning. DSS (w/ DT) indicates
solely using the high-quality samples and training the model with
Lecst, as CoTTA does. DSS (w/ DT&PL) and (w/ DT&PL&NL)
are trained with L, and Lpeq + Lpst, respectively.
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Figure 3. The average prediction confidence (green line) and adap-
tive threshold (red line) on ImageNet-C across domains.

Moreover, applying positive learning with a fixed thresh-
old on ImageNet-C instead resulted in an increased average
error rate of 77.4% from 66.8%, indicating that naive en-
tropy minimization by positive learning would lead to an
increase in error accumulation rate. As such, the positive
learning component can only be effectively applied with an
appropriate threshold that filters out most incorrect pseudo
labels. Our adaptive threshold module, however, can always
provide a reliable value to filter suspected noisy labels.
Sharpening. Sharpening is employed to decrease the en-
tropy of teacher predictions to assist with model generaliza-
tion. Here, we demonstrate that in Table 8 when T'p = 0.6,
it has the lowest average error rate over all domains. Never-
theless, the average error rate increases when the T'p value
falls below or exceeds 0.6. The reasoning behind this phe-
nomenon may be attributed to two different factors. Firstly,
as T'p approaches 1, the model’s ability to gain knowledge
from predictions with higher entropy is limited, resulting in

Avg. Error (%) CIFAR100-C | Imagenet-C
CoTTA [27] 32.5 66.8
DSS (w/ fixed 7) 324 67.8
DSS (w/ fixed 7&PL) 32.1 774
DSS (w/ fixed 7&PL&NL) 31.9 76.8
DSS (w/ DT) 31.8 66.0
DSS (w/ DT&PL) 31.0 64.8
DSS (w/ DT&PL&NL) 30.9 64.6

Table 7. Adaptive threshold versus Fixed threshold. DT, PL, and
NL are dynamic threshold, positive and negative learning.

Avg. Error (%) | CIFAR100-C | Imagenet-C
CoTTA [27] 325 66.8
DSS (T'p = 0.2) 32.1 74.8
DSS (I'p =0.4) 31.7 66.6
DSS (T'p = 0.6) 30.9 64.6
DSS (T'p = 0.8) 31.7 64.7
DSS(ITp=1) 32.0 64.9

Table 8. Temperature scaling with 7"p ranging from 0.2 to 1.

lower accuracy. On the other hand, decreasing 7T'p below
0.6 may push the models to output overconfident predic-
tions, potentially resulting in noise overfitting.

5. Conclusion

In this paper, we introduce a novel method, termed Dy-
namic Sample Selection (DSS), based on joint positive and
negative learning with a dynamic threshold for the CTDA
task. Traditional methods for CTDA struggle with error ac-
cumulation since the adaptation method relies on suspected
noisy pseudo-labels as a part of the adaptation process. To
address this, in this paper, we consistently monitor the pre-
diction confidence in an online manner and select low- and
high-quality samples for different training strategies. To
this end, we use positive learning for high-quality samples
and negative learning for both low- and high-quality sam-
ples. Moreover, we have shown that our proposed method
can also be applied to 3D point cloud data as well as 2D im-
ages, which showcases its versatility and potential for wide
applicability.
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