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Abstract

Conventional test-time adaptation (TTA) approaches
typically adapt the model using only a small fraction of test
samples, often those with low-entropy predictions, thereby
failing to fully leverage the available information in the
test distribution. This paper introduces DualTTA, a novel
framework that improves performance under distribution
shifts by utilizing a larger and more diverse set of test sam-
ples. DualTTA identifies two distinct groups: one where the
model’s predictions are likely consistent with the underlying
semantics, and another where predictions are likely incor-
rect. For the first group, it minimizes prediction entropy to
reinforce reliable decisions; for the second, it maximizes en-
tropy to suppress overconfident errors and unlearn spurious
behavior. These groups are adaptively selected using a new
reliability criterion that measures prediction stability under
both semantic-preserving and semantic-altering transfor-
mations, addressing the limitations of purely entropy-based
selection. We further provide theoretical analysis and em-
pirical justification showing that our approach enables a
tighter separation between reliable and unreliable samples
- in the context of their suitability for adaptation - leading to
provably more effective model updates. The source code is
available at https://github.com/namk65hust/
DualTTA.

1. Introduction
Deep learning models can struggle when training and test
distributions differ, a challenge known as distribution shift.
For example, in many computer vision applications, this
occurs when statistical properties of the source and target
data diverge due to factors like image corruption, light-
ing changes, or adverse weather [8, 11]. As deep net-
works are highly sensitive to such shifts, adapting mod-
els to test scenarios is crucial for maintaining reliability
in real-world deployments. To address this issue, vari-
ous approaches have been proposed, including domain gen-
eralization [26, 37, 38], domain adaptation [4, 23], test-
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Figure 1. Comparison of sample utilization between DualTTA and
the prior state-of-the-art method DeYO [13] across four datasets.
DeYO adapts using only a small portion of test samples (green
+ red), with many of them (red) driving adaptation in the wrong
direction. DualTTA, while not perfect, leverages a broader set of
samples and misuses a much smaller fraction - achieving better
data efficiency and more reliable adaptation.

time training [18, 25], and Test-Time Adaptation (TTA)
[1, 13, 16, 19, 20, 28, 35, 36]. This paper focuses on TTA,
a practical setting in which a trained model must adapt to
an unseen target domain during inference without access to
test data labels or the original training data.

Given the absence of labeled data, TTA typically updates
the model’s parameters by optimizing an unsupervised ob-
jective defined on selected test samples. The effectiveness
of a TTA method depends critically on the choice of the
objective function and the selection of samples for adapta-
tion. One of the most widely adopted objectives in TTA
is entropy minimization [22, 28], as low entropy correlates
with the decisiveness of the model. A notable approach,
TENT [28], adapts the model during testing by minimiz-
ing the entropy of its predictions on each test sample, en-
couraging the model to make more confident predictions.
However, subsequent studies [13, 19] have shown that not
all test samples are suitable for adaptation, and incorporat-
ing inappropriate samples can lead to model degradation.
Motivated by this, several TTA methods have been pro-
posed to focus on selecting the right samples for adaptation
[13, 19, 20, 28]. For instance, EATA [19] and SAR [20]
retain only test samples with low prediction entropy. More
recently, DeYO [13] demonstrated that entropy alone is in-
sufficient to filter out unsuitable samples and proposed an
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additional criterion based on probability differences.
Existing TTA methods typically adapt using only a small

subset of test samples deemed “reliable” based on low-
entropy predictions, discarding most of the available data.
This over-selective strategy suffers from two key failure
modes: (i) insufficient utilization: the coverage is limited,
as the pool of confident samples is small under significant
distribution shifts; and (ii) misguided adaptation: confi-
dence does not imply correctness, so high-confidence er-
rors may be misclassified as reliable and, when used for
adaptation, can reinforce spurious predictions. For exam-
ple, DeYO [13], a state-of-the-art TTA method, adapts on
only ≈14% of test samples (see Fig. 1), of which only 60-
70% yield beneficial updates (about 9%). Relying solely
on entropy minimization as the adaptation objective is thus
both insufficient in scope and misguided in execution.

To address these limitations, we propose DualTTA, a
new TTA framework that expands the effective adaptation
set through a more principled partitioning of test samples
into likely-correct and likely-incorrect groups. This parti-
tioning is guided by a novel reliability criterion that com-
bines prediction entropy with stability under both semantic-
preserving and semantic-altering transformations. By going
beyond raw confidence, this criterion better distinguishes
informative samples from overconfident outliers, enabling
more effective and robust adaptation.

Our paper introduces two core technical contributions.
First, we propose a novel reliability criterion based on pre-
diction stability under semantic-preserving and semantic-
altering transformations. This criterion enables us to dis-
tinguish likely-correct samples - those with stable predic-
tions under superficial changes but unstable under content
changes - from likely-incorrect ones. Based on this classi-
fication, we maintain separate adaptation strategies for the
two groups. Second, we introduce a dual-objective opti-
mization for test-time adaptation: entropy minimization for
likely-correct samples to reinforce accurate predictions, and
entropy maximization for likely-incorrect ones to mitigate
overconfidence and unlearn spurious patterns.

We further provide theoretical analysis showing that our
stability-based criterion, combined with the dual-objective
formulation, yields a sharper separation between reliable
and unreliable samples and leads to better adaptation. De-
tails of this proof will be presented fully in the Supplemen-
tary material section.

2. Related work

2.1. Test-Time Adaptation
TTA aims to enhance model performance in online settings
by adapting to unlabeled test data without relying on origi-
nal training data. Existing methods [12, 17, 20, 21, 28, 30,
34–36] mainly follow two approaches: (1) entropy mini-

mization and (2) pseudo-label generation.
Entropy minimization. These methods assume that confi-
dent model predictions (low entropy) indicate better perfor-
mance, and adapt the model using an unsupervised entropy-
based loss on selected test samples. TENT [28] initiated this
line, with follow-ups like EATA [19], which filtered high-
entropy samples to avoid noisy gradients, and SAR [20],
which minimized both entropy and loss sharpness using the
SAM optimizer [5] to address small batch sizes and label
imbalance. DeYO [13] further identified that low-entropy
samples could still lack discriminability and proposed filter-
ing such samples. While effective, these methods struggle
to fully leverage the available target data.
Pseudo-label generation derives pseudo-labels for selected
samples and uses them in adaptation loss. CoTTA [29]
generated robust pseudo-labels via augmentation and mul-
tiple inferences. FATA [2] extended entropy-minimization
methods by transforming feature-level representations of
selected reliable samples. Though this approach improves
sample utilization, it incurs high computational cost, limit-
ing real-world applicability.

2.2. Prior use of transformation techniques
Several TTA methods incorporate semantic-altering pertur-
bations, such as spatial transformations, into self-training
frameworks [29], often assuming all augmented data is ben-
eficial. This can lead to degraded performance when mis-
leading samples are included. In contrast, our approach se-
lectively identifies which perturbed samples to adapt and
how. We use patch-shuffling from DeYO [13] to disrupt
spatial structure while preserving texture, encouraging re-
liance on semantic features. Other spatial perturbations
(e.g., cropping, jigsaw, deformation, adversarial augmen-
tation [3, 33]) also help challenge spatial sensitivity.

Semantic-preserving transformations alter low-level fea-
tures (e.g., color, texture) without changing class semantics,
simulating domain shifts. Techniques such as AdaIN [9],
FDA [32], and others [7, 10] support style adaptation.
While past TTA work used such perturbations to enforce
prediction consistency [24, 34], they often overlook harm-
ful cases. Our method instead uses these perturbations to
assess prediction stability, improving sample selection and
adaptation.

Unlike prior work that uses transformations for regular-
ization, we employ them in a dual-criterion framework for
selecting and adapting samples, leading to more reliable and
data-efficient test-time adaptation.

3. Proposed Method

In this section, we introduce DualTTA, our proposed
method. We first outline the preliminaries of entropy mini-
mization and discuss the limitations of existing sample se-
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lection strategies used in entropy-based TTA methods.

3.1. Limitations of existing entropy-based methods
TTA considers the setting where a model fθ, parameter-
ized by θ, has been pre-trained on a source dataset Dtr =
{(xtr

i , y
tr
i )}N

tr

i=1 but both the training dataset Dtr and the la-
bels ytst of the test data Dtst = {xtst

i }N
tst

i=1 are unavailable
during inference. Thus TTA methods must rely on unsu-
pervised learning signals, with Shannon entropy minimiza-
tion [22] being a popular approach. This approach opti-
mizes the model to produce low-entropy predictions on se-
lected test samples. Let ŷc = fθ(c|x) be the probability
of a sample x belonging to class c. The model’s predic-
tion uncertainty for x can be measured based on entropy:
Entθ(x) = −

∑
c∈C ŷc log ŷc, where C denotes the set of

class labels. Entropy-based TTA methods perform adapta-
tion by optimizing:

min.
θ

∑
x∈S

Entθ(x), (1)

where S is a subset of data encountered during test time.
The performance of existing entropy-based TTA methods
often depends on the choice of S, and these methods have
several limitations, as outlined below.

Suboptimality of the entropy criterion. Recent methods
such as EATA [19], SAR [20] aim to improve adaptation
quality by selecting only confident samples with low en-
tropy: S = {x ∈ Dtst | Entθ(x) < τent}, where τent is
a predefined entropy threshold. DeYO [13] further refines
sample selection by incorporating structural cues. DeYO
employs a sample selection strategy that reduces sensitivity
to background information by applying content modifica-
tions through the patch-shuffling method. However, some
samples depend on fine details or texture-related features
for prediction (e.g., in domain-shift datasets like PACS or
Office-Home). As a result, this approach may fail to filter
out unreliable samples.

To empirically analyze this issue, we conducted an ex-
periment to evaluate the quality of the samples selected for
adaptation by comparing their ground-truth labels with the
model’s predicted labels, i.e., the “assumed” labels used by
entropy-minimization methods during adaptation. The re-
sults in Fig. 1 show that only about 60-70% of the selected
samples have predictions that match the ground truth. For
example, in the PACS dataset, although 28% of test sam-
ples were used for adaptation, only 15% were correctly pre-
dicted. Including incorrectly predicted samples in the adap-
tation process, and further minimizing prediction entropy
on them, can degrade performance.
Dependence on Entropy Minimization. Based on the idea
of entropy minimization, current TTA methods devote sig-
nificant effort to select a small “high-quality” subset of

test samples and then apply entropy minimization exclu-
sively on this set. While low-entropy samples often consti-
tute around 25-30% of ImageNet-C samples, methods like
DeYO utilize only 14%, discarding the remaining poten-
tially useful data (see Fig. 1). Such aggressive filtering,
though intended to ensure reliable updates, drastically re-
duces the number of samples available for adaptation. This
sparse coverage restricts the model’s exposure to diverse
target-domain features particularly detrimental for under-
represented classes, and ultimately undermines the statis-
tical strength and robustness of the adaptation process.

Addressing these limitations, we introduce a double-
criterion selection mechanism based on consistency under
semantic-preserving and semantic-altering transformations.
This approach filters out samples whose predictions re-
main stable under content changes but vary with superficial
changes. By combining these two transformation-based cri-
teria, our strategy improves the reliability of selected sam-
ples beyond what raw entropy scores provide, while also re-
covering a significant portion of previously discarded data,
leading to higher data efficiency.

3.2. Overview of DualTTA

Fig. 2 illustrates the overall pipeline of DualTTA. It
uses two transformation functions, simulating semantic-
altering and semantic-preserving, to generate pseudo-
labels, which are then compared with the original predic-
tions to guide sample selection. Semantic-altering, inspired
by [13], involves dividing images into patches and shuf-
fling them to disrupt content structure, while semantic-
preserving operates in the latent space by only changing
the mean and standard deviation of the distribution with-
out affecting the semantic content. These transformations
serve distinct purposes in generating pseudo-labels, which
are subsequently compared with the original predictions.
The differences between the predictions serve as a metric
for selecting and processing samples during adaptation.

Samples whose prediction outputs remain stable un-
der semantic-preserving transformations but exhibit signifi-
cant variations under semantic-altering transformations are
considered likely-correct and are denoted as D+. Con-
versely, samples whose prediction outputs change dramat-
ically under semantic-preserving transformations while be-
ing less affected by semantic-altering transformations are
considered likely-incorrect and are denoted as D−. Du-
alTTA performs model adaptation by minimizing the en-
tropy of the model’s predictions for likely-correct samples
D+ while maximizing the entropy of the model’s predic-
tions for likely-incorrect ones D−.

The rationale behind DualTTA is to adapt models more
effectively by boosting confidence in likely-correct predic-
tions while suppressing overconfidence in likely-incorrect
ones. It distinguishes between these cases by analyz-
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Figure 2. Overview of DualTTA. DualTTA apply 2 transformations: semantic-altering and semantic-preserving on each sample. The
model’s predictions for the original samples and its transformed variants are compared to determine reliability. Samples with stable pre-
dictions under semantic alteration but varying predictions under semantic preservation are classified as likely-incorrect, while those with
unstable predictions under content-altering but stable under content-preserving are determined as likely-correct. likely-correct samples
undergo entropy minimization, while likely-incorrect ones are penalized via entropy maximization to prevent adaptation degradation.

ing prediction behavior under semantic-preserving and
semantic-altering transformations - reinforcing stable, se-
mantically consistent predictions and penalizing unstable,
potentially spurious ones. Unlike other TTA methods that
rely solely on entropy minimization applied uniformly to
low-entropy (i.e., confident) samples, DualTTA introduces
a dual adaptation strategy: it explicitly selects separate
sets of likely-correct and likely-incorrect test samples and
treats them differently. This design not only moves be-
yond simplistic confidence-based selection by incorporat-
ing transformation-driven reliability but also mitigates the
harm caused by overconfident mispredictions during adap-
tation.

3.3. Likely-correct and -incorrect Determination
We now describe our novel sample selection strategy, which
evaluates prediction stability before and after applying in-
put transformations. For a given input sample x, we as-
sume the existence of a semantic-preserving transformation
yielding xsp and a semantic-altering transformation yield-
ing xsa. We will discuss such transformations in Sec. 3.5.
Let ŷ, ŷsp, and ŷsa denote the predicted probability vectors
for the original input x, its semantic-preserving variant, and
its semantic-altering variant, respectively.

We define the difference between two probability vectors
ŷ and y as:

Diff(ŷ, y) = ŷk − yk,where k = argmax
c

ŷc. (2)

From the test set Dtst, we create two subsets D+,D−

for the likely-correct and -incorrect samples:

D+ ={x ∈ Dtst|Diff(ŷ, ŷsa) > τsa,Diff(ŷ, ŷsp) < τsp},
D− ={x ∈ Dtst|Diff(ŷ, ŷsa) < τsa,Diff(ŷ, ŷsp) > τsp},

where τsa and τsp are pre-defined thresholds. The sub-
set D+ comprises samples with stable predictions under
semantic-preservation but significant changes when struc-
tural content is perturbed. In contrast, the subset D−

includes samples that are highly sensitive to superficial
changes while exhibiting minimal prediction variations
when structural content is altered.

3.4. Loss function for adaptation

For TTA, we propose to minimize the following loss:

LDual = L+ − λL−,where (3)

L+ =
∑

x∈D+

α(x)Ent(x), and L− =
∑

x∈D−

β(x)Ent(x).

In the above, λ is the trade-off coefficient between the
two loss terms, and α(x) and β(x) are samples weight that
reflects the model’s confidence in the sample, as well as
the degree of alignment/misalignment between the model
and the sample x under semantic-altering and semantic-
preserving transformations. Specifically:

α(x) = eEnt0−Ent(x) + eDiff(ŷ,ŷsa) + eDiff0−Diff(ŷ,ŷsp), (4)

β(x) = eEnt0−Ent(x), (5)

where Ent0,Diff0 are pre-defined normalization factors.
The sample weight α(x) is higher when the model is con-
fident in its prediction (low entropy), the difference be-
tween the model’s predictions for the original and content-
altered samples is large, and the difference between the pre-
dictions for the original and content-preserved samples is
small. Then, θ will be updated based on LDual for adapta-
tion: θ = θ −∇θLDual.
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3.5. Image Transformations
Our DualTTA framework relies on semantic-preserving
and semantic-altering transformations, but it is not lim-
ited to any specific ones, such transformations are gener-
ally easy to construct. For image data, operations that sig-
nificantly disrupt spatial arrangement (e.g., shuffling im-
age patches) typically alter the object category and serve
as semantic-altering transformations. In contrast, modifica-
tions that slightly adjust pixel intensities or make minor spa-
tial changes without altering the overall structure are con-
sidered semantic-preserving.

Importantly, these transformations can be applied not
only at the input level but also at intermediate stages of
the model (e.g., feature maps at one of the first layers of
backbone), offering flexibility in their design. In this pa-
per, we adopt patch shuffling, following DeYO [13], as
our semantic-altering transformation, which disrupts spa-
tial structure while preserving texture, thereby encouraging
reliance on high-level semantic features and allowing fair
comparison with DeYO. In the remainder of this section,
we describe the specific semantic-preserving transforma-
tion used in our experiments, while noting that other vari-
ants are equally applicable.

Given a batch of test samples X ∈ RB×C×H×W and a
pre-trained model fθ composed of N layers f1, f2, ..., fN .
The feature map Zi ∈ RB×Ci×Hi×Wi at the output of
the first i layers is obtained by sequentially applying these
layers to X: Zi = fi ◦ fi−1 ◦ · · · ◦ f1(X). We denote
U ∈ RB×Ci and S ∈ RB×Ci as the channel-wise mean
and standard deviation of each instance in the batch, respec-
tively, which is defined as follows:

U(b, c) =
1

HiWi

Hi∑
h=1

Wi∑
w=1

Z(b, c, h, w),

S(b, c) =

√√√√ 1

HiWi

Hi∑
h=1

Wi∑
w=1

(Z(b, c, h, w)−U(b, c))2.

From an abstract perspective, feature statistics encapsu-
late key characteristics of a given domain, such as color,
texture, and contrast, often referred to as style statistics in
previous studies [9, 14]. In out-of-distribution scenarios,
these statistics frequently diverge from those in the training
data due to inherent domain differences [6, 31].

We simulate the distribution shift process while main-
taining the semantic information to identify samples within
the batch that are sensitive to domain shifts. Specifically,
this is achieved by modifying their style statistics from
(U,S) to (Usp,Ssp) according to the following formula,
where the subscript i is omitted for brevity.

Usp = U+ ϵUUσ, and Ssp = S+ ϵSS
σ, (6)

where ϵU, ϵS ∈ RB×1 are random Gaussian noises, and
Uσ,Sσ ∈ R1×Ci are the standard deviation for the entries
in U and S across the batch dimension, respectively. More
formally, Uσ which is defined as:

Uσ(c) =

√√√√ 1

B

B∑
b=1

(
U(b, c)− 1

B

B∑
b=1

U(b, c)

)2

. (7)

The matrix Sσ is defined similarly. The semantic-
preserving transformation is done as follows:

Zsp(b, c, h, w) = (Z(b, c, h, w)−U(b, c))S
sp(b,c)
S(b,c) +Usp(b, c).

After transformation, the new feature Zsp is fed into the
next layer of the network for making probability predictions
ŷsp ∈ RB∗|C|, where |C| denotes total number of classes,
i.e., ŷsp = ζ ◦ fN ◦ · · · ◦ fi+1(Z

sp).

4. Experiments
We conducted extensive experiments across diverse bench-
marks to evaluate the effectiveness, robustness, and data ef-
ficiency of DualTTA, comparing it with state-of-the-art test-
time adaptation methods and analyzing the contribution of
dual strategies and likely-incorrect sample.

4.1. Settings

Benchmark datasets. We conduct experiments on com-
monly used benchmarks covering three out-of-distribution
scenarios: spurious correlation, domain shift, and data
corruption. To evaluate model performance under extreme
spurious correlation shifts, we use ColoredMNIST and
Waterbirds [13]. For domain shift, we test on PACS [15]
and Office-Home [27]. To measure robustness against
data corruption, we employ ImageNet-C [8], containing 15
types of corruption with five levels of severity.

Backbone and normalization. Experiments are conducted
using architectures that integrate three distinct normaliza-
tion techniques: Batch Normalization (BN), Group Normal-
ization (GN), and Layer Normalization (LN). Specifically,
ResNet-18 and ResNet-50 are employed for BN and GN,
while the ViT-Base model was utilized for LN. For details,
we utilize ResNet18-BN for ColoredMNIST, ResNet50-
BN for Waterbirds, PACS, Office-Home and ResNet50-GN,
ViT-B-LN for ImageNet-C.
Test scenarios. For all datasets, we follow the mild sce-
nario proposed by [28]. For ImageNet-C, we also experi-
ment with two additional test scenarios suggested by [20]
with imbalanced label shift and mixed distribution, under
the highest level of corruption (Level 5).
Pretrained models. For ImageNet-C, all models are pre-
trained on the ImageNet dataset and subsequently adapted
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during the testing phase. For the PACS, Office-Home
datasets, the models are initially pre-trained on a source do-
main and later adapted to other target domains at test time.
Baseline and hyper-parameters. We evaluate the per-
formance of DualTTA against state-of-the-art TTA meth-
ods, including TENT [28], SAR [20], EATA [19], and
DeYO [13], using a consistent batch size of 64 across all ex-
periments. For ResNet-18 and ResNet-50, we set the learn-
ing rate to 0.5×10−3, while for ViT-B, we use 10−4.

For DualTTA, we set the semantic-altering threshold to
τsa = 0.4 and define the semantic-preserving threshold as
τsp = 0.7, the difference normalization factor Diff0 = 0.7,
and the trade-off coefficient λ = 0.5. Additionally, we ap-
ply semantic-preserving transformations at layer i = 1 for
ResNet and i = 7 for ViT-B. Further explanation will be
presented in the Appendix.

4.2. Comparison with the state-of-the-art
4.2.1. Performance under spurious correlation shifts.
The proposed method, DualTTA, demonstrates superior
performance on datasets exhibiting spurious correlations
between objects and backgrounds. Since the spurious cor-
relation dataset contains C labels based on both background
and object, it is divided into 2C groups. Avg Acc and Worst
Acc represent the average accuracy and the lowest accuracy
across these 2C groups, respectively. Specifically, Table 1
shows that DualTTA achieves an average accuracy improve-
ment of 4.54% and 1.37% over the second-best method,
DeYO, on the ColoredMNIST and Waterbirds datasets.

4.2.2. Performance under domain shift.
Table 1 presents the average accuracy when the model is
pre-trained on one of the four domains and then used for in-
ference on the remaining three domains in the Office-Home
and PACS dataset.

For the Office-Home dataset consisting of four domains:
Art, Clipart, Product, and Real-world, performance im-
proves by an average of 2.43% compared to DeYO. See
Supplementary material for more details, where perfor-
mance improvements reach up to 6.02% when the model
is trained on Art and tested with TTA on Clipart.

On the PACS dataset comprising four domains: Art, Car-
toon, Photo, and Sketch performance improves by an aver-
age of 0.96% compared to the second-best method, DeYO.
Supplementary material provides more details, showing that
performance gains can reach up to 7.02% when the model
is trained on Photo and tested with TTA on Sketch.

4.2.3. Performance under corruption shift.
To ensure reproducibility and assess stability, we run all ex-
periments three times using a fixed random seed of 2024
and report the mean and standard deviation of the result-
ing accuracies. Table 2 presents the accuracy when the

Table 1. Performance of DualTTA and baselines across several
benchmarks: ColoredMNIST, Waterbirds, Office-Home, PACS.

Methods ColoredMNIST Waterbirds Office-Home PACS
Avg Acc Worst Acc Avg Acc Worst Acc

No adapt 63.46 20.14 81.81 62.90 59.14 72.34
Tent 56.51 8.99 83.63 54.99 61.08 74.96
SAR 58.10 11.82 82.91 53.59 59.82 73.26
EATA 60.65 17.59 80.65 52.18 52.34 72.46
DeYO 77.98 65.59 87.17 71.98 59.08 75.16
DualTTA 82.12 68.82 88.44 72.53 61.51 76.02

model is pre-trained on ImageNet and tested on 15 types
of level-5 corruptions using different backbone architec-
tures: ResNet50-BN, ResNet50-GN and ViT-B-LN. Du-
alTTA achieves improvements of up to 8.06% and 2.65%
in average over the second-best method, EATA, on ResNet-
50-BN. On ViT-B-LN, DualTTA improves up to 7.52% and
0.56% in average over DeYO .

To better reflect challenging test conditions in real-world
deployment, SAR [20] introduces two more realistic test
protocols: (i) dynamic changes in the ground-truth la-
bel distribution during testing, resulting in label imbalance
across different corruptions; and (ii) the presence of con-
current distribution shifts. The results in Table 3 show that
DualTTA consistently achieves strong performance across
all settings and architectures. Under the imbalanced label
condition, DualTTA outperforms the second-best baseline
SAR by 1.10% on ViTBase-LN. In mixed shift setting, Du-
alTTA significantly outperforms prior methods: 1.41% on
ResNet-BN vs SAR, and 1.17% on ViTBase-LN vs DeYO.

4.3. Ablation Studies

4.3.1. Dual-transformation sample selection.
To understand the importance of combining semantic-
altering and semantic-preserving transformations, we con-
duct an experiment comparing the performance of DualTTA
with variations that exclude one of these transformations as
a criterion for filtering samples. The experiment is con-
ducted on three datasets: ColoredMNIST, PACS, and Of-
ficeHome. As shown in Table 4, the semantic-altering con-
dition plays a crucial role in ColoredMNIST, while the
semantic-preserving transformation significantly enhances
performance on PACS and OfficeHome. In more detail,
applying the semantic-altering condition improves perfor-
mance by 8.49% and 4.19% on ColoredMNIST and Wa-
terbirds, respectively. Similarly, using semantic-preserving
condition improves performance by 3.05% on ColoredM-
NIST, 1.64% on average across PACS, and 2.81% on aver-
age across OfficeHome.

We also provide an empirical justification for these 2 se-
lection strategies, by evaluating their accuracy relative to the
ground truth (% correct and % incorrect) across four quad-
rants on 50000 samples from ImageNet-C. As illustrated in
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Table 2. Model performance on ImageNet-C with corruption level 5. The best results are colored bold red. DualTTA achieves the best
performance on most corruption types, showing strong robustness under severe distribution shifts with different normalization layers.

Noise Blur Weather Digital
Methods Gauss. Shot Impul. Defoc. Glass Motion Zoom Snow Frost Fog Bright. Contr. Elastic Pixel JPEG Avg

ResNet50-BN 0.30 0.37 0.35 0.24 0.21 0.43 0.66 1.06 1.30 1.67 2.29 0.86 0.66 0.73 0.84 0.81
+ Tent 18.32 21.70 18.54 18.71 18.57 33.58 44.91 45.74 46.09 61.78 70.54 31.67 48.35 51.39 51.55 38.76
+ SAR 16.60 20.56 19.93 13.74 12.86 34.01 45.33 46.11 45.66 61.78 70.34 32.36 48.43 52.58 48.92 37.95
+ EATA 24.96 28.51 26.43 20.28 21.84 36.95 46.84 48.27 47.91 63.18 70.47 35.74 51.12 53.47 52.09 41.87
+ DeYO 17.09 25.72 26.74 19.21 24.14 33.70 44.21 45.97 48.02 59.84 69.86 41.25 51.90 57.14 54.69 41.30
+ DualTTA 23.69 24.38 29.59 20.30 25.97 42.33 51.13 54.03 50.76 65.77 71.90 34.81 56.64 58.79 57.77 44.52

ResNet50-GN 22.09 23.03 22.04 19.79 11.40 21.46 25.04 40.28 46.97 34.02 68.81 36.25 18.51 29.24 52.60 31.44
+ Tent 8.91 9.57 8.71 9.22 7.24 12.08 14.75 12.80 13.36 1.31 69.90 40.27 3.37 49.51 52.45 20.90
+ SAR 39.96 42.08 41.35 19.35 22.01 37.65 39.12 24.89 46.87 54.32 72.37 49.37 5.82 54.89 57.31 40.49
+ EATA 37.42 41.49 39.64 29.70 27.01 37.90 41.82 51.54 47.76 58.30 71.64 51.66 26.76 59.18 58.88 45.38
+ DeYO 36.00 46.13 46.99 14.73 20.42 12.58 17.41 27.09 26.98 33.42 66.33 41.98 22.56 44.01 50.70 33.82
+ DualTTA 25.96 46.31 44.43 24.81 26.12 42.06 18.92 23.27 25.75 20.73 72.96 53.80 21.55 61.99 60.17 41.83

ViTBase-LN 35.09 32.16 35.87 31.42 25.31 39.45 31.55 24.47 30.13 54.74 64.48 48.98 34.20 53.17 56.45 39.83
+ Tent 52.58 51.58 53.55 52.75 47.82 56.47 48.01 10.00 31.78 67.38 74.28 67.19 50.79 66.75 64.73 53.04
+ SAR 51.92 51.41 52.89 51.62 48.59 55.45 49.61 12.84 49.90 66.79 73.03 65.62 52.62 63.90 63.15 53.96
+ EATA 55.87 56.14 56.96 57.36 53.28 62.00 58.63 61.99 59.87 71.47 75.54 68.66 63.23 69.20 66.57 62.44
+ DeYO 49.77 53.27 54.71 48.79 50.17 55.87 51.82 57.64 61.09 64.78 75.67 62.34 58.48 67.41 67.12 58.59
+ DualTTA 54.45 55.32 55.47 55.74 54.54 62.01 57.48 62.58 67.39 71.29 76.85 67.55 64.78 71.32 68.05 63.00

Table 3. Average accuracy on ImageNet-C at severity level 5 under
imbalanced label distribution and mixed distribution.

Imbalanced label Mixed shift

Methods ResNet-BN ResNet-GN ViTBase-LN ResNet-BN ResNet-GN ViTBase-LN

No adapt 32.11 31.44 39.83 0.14 31.44 54.37
Tent 42.80 29.08 52.47 2.35 13.16 52.82
SAR 46.27 45.67 62.10 26.10 35.09 54.33
EATA 47.14 34.86 53.60 19.62 38.50 58.64
DeYO 41.03 41.54 58.68 11.63 39.26 69.73
DualTTA 43.83 38.88 63.30 27.51 38.92 70.90
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Figure 3. Sensitivity of DualTTA to semantic-altering and
semantic-preserving thresholds on C-MNIST, O-Home, and
PACS. DualTTA maintains stable performance across a wide range
of values, showing low sensitivity to these parameters. DeYO [13]
is shown for reference and is outperformed by DualTTA.

Fig. 4, D+ is dominated by samples with predictions that
correctly match the ground truth, at 71% vs 29% incorrect,
while D−is primarily composed of samples with incorrect
predictions, at 82% vs 18% correct.

4.3.2. Impacts of utilizing likely-incorrect samples.
To evaluate the effectiveness of our proposed sample selec-
tion method, particularly the use of likely-incorrect sam-

Table 4. Impact of dual transformation filtering of DualTTA
on different datasets. Each column indicates whether semantic-
altering or semantic-preserving transformations are used (✓) or
not (✗). Results show that employing both transformations con-
sistently yields the highest accuracy, highlighting the roles of
semantic-altering and semantic-preserving filters in DualTTA.

DualTTA on Semantic-Altering Semantic-Preserving Acc

ColoredMNIST
✓ ✓ 82.12
✗ ✓ 74.63
✓ ✗ 79.17

PACS
✓ ✓ 76.02
✗ ✓ 75.80
✓ ✗ 74.48

OfficeHome
✓ ✓ 61.51
✗ ✓ 61.20
✓ ✗ 59.70

Table 5. Impact of utilizing likely-incorrect samples on different
methods. The additional column indicates whether the method in-
corporates likely-incorrect samples (✓) or not (✗). Results show
that selectively leveraging these samples improves performance
across all methods, confirming their complementary role of en-
tropy maximization in test-time adaptation.

Original Method Likely-Incorrect Colored MNIST PACS Office-Home

DualTTA (proposed) ✓ 82.12 76.02 61.51
DualTTA (ablated) ✗ 80.65 75.52 61.10

DeYO (original) ✗ 77.98 75.16 59.08
DeYO (improved) ✓ 79.17 75.65 59.70

EATA (original) ✗ 60.65 72.46 52.34
EATA (improved) ✓ 62.31 73.47 55.72

ples, we compare our approach with a variant that only
minimizes entropy on the likely-correct samples D+. The
results in Table 6 show that the number of samples used
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Table 6. Data efficiency analysis. “%corr-adapt” represents
the share of likely-correct samples whose predictions match the
ground truth and likely-incorrect samples whose predictions differ
from the ground truth. “% adapt” represents the share of test sets
for adaptation.

Data efficiency analysis

ColoredMNIST Office-Home ImageNet-C
Method %adapt %corr-adapt %adapt %corr-adapt %adapt %corr-adapt

EATA 15.6 10.6 29.7 14.5 11.7 7.0
SAR 19.6 12.1 31.8 18.9 13.1 8.2
DeYO 18.8 14.4 31.7 19.9 13.7 9.2
DualTTA 33.1 27.3 42.6 33.6 25.8 19.8

Figure 4. Quadrant-based accuracy analysis of 50000 impulse
noise samples from ImageNet-C using our selection strategies.
The blue region (likely-correct D+) contains a majority of correct
samples, while the red region (likely-incorrect D−) is dominated
by incorrect predictions, demonstrating that DualTTA effectively
separates high- and low-accuracy predictions.

for the adaptation process in the proposed method TTA is
greater than that of all baseline methods DeYO and EATA.
The performance of DualTTA is also improved 1.57% when
leveraging knowledge from likely-incorrect samples.

We further evaluate the impact of our proposed dual-
optimization strategy by integrating it into existing base-
lines that utilize entropy-based sample selection, including
EATA [19] and DeYO [13]. To achieve this, we define
likely-correct and likely-incorrect sample sets based on the
selection criteria established by these methods. For DeYO,
likely-correct samples are defined as:

D+
DeY O = {x | Ent(x) < τEnt, PLPD(x,x′) > τPLPD},

where x′ represents a perturbed version of x; the likely-
incorrect samples are defined as:

D−
DeY O = {x | Ent(x) < τEnt, PLPD(x,x′) < τPLPD/2},

For EATA, the likely-correct sample set is given by:

D+
EATA = {x | Ent(x) < τEnt, cos(θ(x),n

t−1) < ϵ},

where nt =

{
ȳ1, if t = 1

αȳt + (1− α)nt−1, if t > 1

Here, ȳt represents the average model prediction for a batch
of B test samples at iteration t. The likely-incorrect samples

are defined as:

D−
EATA = {x | Ent(x) < τEnt, cos(θ(x),n

t−1) >
3

2
ϵ}.

Table 5 shows that across all experimental scenarios, incor-
porating adaptation with likely-incorrect samples using our
proposed method consistently enhances the performance
of both DeYO and EATA compared to their original ver-
sions. The maximum performance improvement achieved
by leveraging likely-incorrect samples reaches up to 1.19%
for DeYO and 3.48% for EATA, highlighting the effective-
ness of our approach.

4.3.3. Impact of semantic altering, preserving threshold.
We conduct experiments with different values of τsa

and τsp across four datasets: ColoredMNIST, Waterbirds,
PACS, and Office-Home, presented in Fig. 3. We find that
the model’s performance remains relatively stable despite
variations in τsa and τsp. Notably, regardless of the thresh-
old value, DualTTA consistently outperforms DeYO. To
improve generalizability, we set τsa = 0.4, τsp = 0.7 for
all experimental scenarios. See the Supplementary for anal-
ysis on other hyper parameters.

4.3.4. Efficient adaptation analysis.
Table 6 presents an analysis of adaptation efficiency across
TTA methods, using two key metrics: %adapt, which indi-
cates the proportion of test samples selected for adaptation,
and %corr-adapt, which measures the accuracy of the se-
lected samples. The visualization has been shown in Fig. 1.

Across all benchmarks, DualTTA substantially outper-
forms the baselines in both sample coverage and adaptation
quality. On ImageNet-C, it adapts to 25.8% of test sam-
ples, compared with 13.7% of DeYO, while the share of
correctly adapted samples rises to 19.8%, versus 9.2%. A
similar gap is observed on Office-Home, where DualTTA
improves coverage from 31.7% to 42.6% and correct-adapt
from 19.9% to 33.6%.

5. Conclusions
We introduced DualTTA, an innovative framework de-
signed to harness a larger and more diverse set of test sam-
ples for adaptation. Our approach pioneers a novel crite-
rion that uses prediction stability to classify test samples as
either likely-correct or likely-incorrect, based on their re-
sponse to semantic-altering and semantic-preserving trans-
formations. We proposed a dual optimization strategy: re-
inforcing alignment for likely-correct samples through en-
tropy minimization while applying corrective adjustments
for likely-incorrect samples via entropy maximization. Ex-
tensive experiments across multiple datasets demonstrated
that DualTTA surpasses state-of-the-art TTA methods,
achieving a significant performance boost, with a gap of up
to 8.06% over the second-best.
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