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Abstract

Test-time adaptation aims to improve model robustness under distribution shifts
by adapting models with access to unlabeled target samples. A primary cause of
performance degradation under such shifts is the model’s reliance on features that
lack a direct causal relationship with the prediction target. We introduce Test-time
Adaptation by Causal Trimming (TACT), a method that identifies and removes
non-causal components from representations for test distributions. TACT applies
data augmentations that preserve causal features while varying non-causal ones. By
analyzing the changes in the representations using Principal Component Analysis,
TACT identifies the highest variance directions associated with non-causal features.
It trims the representations by removing their projections on the identified direc-
tions, and uses the trimmed representations for the predictions. During adaptation,
TACT continuously tracks and refines these directions to get a better estimate of
non-causal features. We theoretically analyze the effectiveness of this approach and
empirically validate TACT on real-world out-of-distribution benchmarks. TACT
consistently outperforms state-of-the-art methods by a significant margin. Our
code is available at https://github.com/NancyQuris/TACT.

1 Introduction

Machine learning models often exhibit significant performance degradation when evaluated on data
drawn from a distribution that differs from their training data distribution [13]. To address this
challenge, test-time adaptation (TTA) has emerged as a promising approach. TTA methods adapt
a pretrained model to the test distribution dynamically, using the incoming test data to enhance
predictive performance without requiring access to the original training data [19, 51, 56]. Despite
recent advances, many existing TTA methods rely heavily on predicted labels generated by the model
itself to guide the adaptation process [12, 37, 38, 51]. However, the effectiveness of these methods
hinges critically on the quality of the predictions. When the model’s predictions are influenced by
non-causal features that do not have a direct causal relationship with the prediction target [26, 54],
the predicted label may be unreliable, leading to sub-optimal adaptation outcomes [29, 47].

Unlike causal features that have stable associations with the semantic structure of the prediction task
[27], non-causal features exhibit inconsistent or spurious correlations with the prediction target across
training and test distributions [55]. Over-reliance on non-causal features is a key factor in model
performance degradation under distribution shift. While DeYO [29] recognizes this issue, it does not
explicitly mitigate reliance on non-causal features. Instead, it updates the model using predictions
that leverage causal features only, relying on gradual adaptation to reinforce causal features over
time. Consequently, early predictions may still be influenced by non-causal signals, requiring many
adaptation steps to suppress their effects.

Given the above limitations, we propose to actively reduce non-causal features. Prior studies have
shown that feature representations learned through standard training encode a mixture of causal and
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non-causal features and that the causal part is often learned suf�ciently well for accurate prediction
[20, 27]. Motivated by this, we propose a Test-time Adaptation by Causal Trimming (TACT)
framework that seeks to improve adaptation performance by isolating and removing non-causal
components from the representations of samples from test distributions. Our framework aims to
achieve more reliable predictions in the presence of distribution shift by reducing the model's
dependence on unstable, non-causal features. To identify non-causal features in representations,
we analyze how these representations change when we apply targeted perturbations to the input
data. Speci�cally, we perform input augmentations that preserve the underlying causal contents
while introducing variability in other, non-causal aspects of the input [9, 11, 18, 31, 32]. These
augmentations produce multiple test-time samples that share the same causal semantics but differ in
spurious or incidental attributes. By examining how the feature representations of these samples vary,
we can disentangle causal and non-causal components.

Figure 1: Batch accuracy on
Camelyon17 dataset of the
�rst 100 adaptation steps.

We operationalize this by applying Principal Component Analysis
(PCA) to the set of augmented representations and identify the di-
rection of greatest variance. We interpret this dominant direction
as being aligned with the non-causal features, under the assump-
tion that causal content remains stable across augmentations, while
non-causal attributes vary. This approach is inspired by prior work
showing that high-level semantic factors are often linearly encoded
in the learned representation space [1, 39, 46]. Building on the in-
sight that linear manipulations in representation space can produce
meaningful changes in semantic content [40, 50], we propose to
reduce the in�uence of non-causal features by subtracting the projec-
tion of a test sample's representation along the identi�ed non-causal
direction. Since the prototypes used for prediction, de�ned as tem-
plate representations corresponding to the weights for each class in
the linear classi�er, are in�uenced by non-causal features, we apply
the same operation to them using the identi�ed non-causal direction. During adaptation, we maintain
a moving average of the updated prototypes to mitigate noise effects. Compared to DeYO, TACT
can immediately produce predictions that are less affected by non-causal features, eliminating the
need for iterative updates to achieve reliable results (see Figure 1). We provide a theoretical analysis
to establish the conditions under which TACT can improve prediction accuracy under distribution
shift. Empirically, we evaluate TACT on �ve real-world out-of-distribution datasets, demonstrating
its effectiveness and superiority over state-of-the-art TTA methods.

2 Related Work

Existing TTA methods can be broadly categorized into backpropagation-free and backpropagation-
based methods. Backpropagation-free methods modify model outputs or intermediate representations
without gradient-based optimization. These include modi�able prompts [36], re-normalized represen-
tations [44], updated prototypes [19, 57], and maximum likelihood estimation [4]. Backpropagation-
based methods update the model with the gradient of objective functions such as entropy minimization
[12, 37, 38, 51] and self-training with pseudo-labels [17, 25, 47, 52]. Entropy Minimization encour-
ages more con�dent predictions by reducing the entropy of model predictions during adaptation.
Self-training employs cross entropy [5, 17, 30, 47] and knowledge distillation [25, 52, 53] using
model predictions as pseudo-labels. Regularization measures such as information maximization
[30], representation statistics alignment [23, 58], and consistency regularization [35, 56] for invariant
prediction under augmentations have been proposed to regularize the adaptation.

A key challenge in test-time adaptation is obtaining reliable pseudo-labels to guide model updates.
One line of work assumes that correct predictions tend to exhibit low entropy, and update the model
using only high-con�dence samples with low-entropy predictions [19, 37, 38, 57]. However, DeYO
[29] shows that spurious correlations can also result in low entropy predictions and proposes a causal
intervention technique to identify predictions that are more likely based on causal features, using
them selectively for model updates. Another line of work re�nes pseudo-labels by incorporating
updated prototype and neighborhood information [5, 17, 21, 47, 53]. AdaContrast [5] uses soft voting
among nearest neighbors. TSD [53] relies on updated prototypes and spatial local clustering. TAST
[21] employs neighbourhood information in self-training. PROGRAM [47] considers both prototype
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and neighbour-based pseudo-labels to enhance label quality. PASLE [17] progressively re�nes the
pseudo-labels of uncertain predictions using updated prototypes.

All the above methods, except for DeYO, do not consider the effect of non-causal features on model
prediction. Although DeYO �nds that non-causal features would make entropy an unreliable metric to
re�ect prediction correctness, it does not adjust model predictions. TACT adjusts model predictions by
reducing non-causal features, and our adjusted prediction can be used as a more reliable pseudo-label.

3 Preliminaries

Figure 2: Structural
causal model of the data-
generating process.

We consider the problem of adapting a well-trained model to test-time
distributions that differ from the training distribution. Our goal is to
improve the model's performance on these shifted distributions with
unlabeled test samples. Following prior work [18, 48], we model the dis-
tribution shift using a structural causal model that captures the underlying
data-generating process, as illustrated in Figure 2.

We model the observed sampleX and its labelY as being generated from
causal factorsX C and non-causal factorsX NC . Only X C is causally
related toY , while X is related to bothX C andX NC . The correlation
betweenX C andY is stable, i.e., the conditional distributionP(Y jX C )
remains unchanged at test time. We also assume that the distribution
of causal factorsP(X C ) remains invariant across the training and test
datasets, whereas distribution shifts arise from changes inP(X NC ). The
model would have stable performance across distributions if the prediction is based solely on features
related to the causal factorsX C . In contrast, reliance on non-causal factorsX NC can lead to
unreliable performance under distribution shifts.

We consider ac-class classi�cation task, where the modelf := h � g used for adaptation is composed
of a feature extractorg and a classi�erh. The feature extractorg maps an input sample to ad-
dimensional vectorz 2 Rd as the representation. The classi�erh maintains a set of class prototypes
f q1; : : : ; qcg 2 Rd, where each prototypeqi serves as a template representation for classi . Predictions
are made by computing the similarity between the input representationz and each class prototype
using the dot productz � qi , referred to as the logit of classi . A softmax function is then applied to
the logits to obtain the probability distribution over the classes.

4 Proposed Method

The works in [20, 27] show that models are often capable of learning causal features, even when their
predictions are predominantly driven by non-causal features with spurious correlations. However,
the predictive in�uence of these causal features is frequently obscured or suppressed due to the
heavily weighted non-causal components in the learned representations. Based on this observation,
we propose TACT, a method that identi�es non-causal features and reduces their in�uence by causally
trimming the learned representations. We hypothesize that non-causal features are embedded in
representations along a speci�c direction. Such direction is of the maximum variance when the
non-causal features change. To suppress their in�uence, we subtract the projection of both the
input representation and class prototypes onto this identi�ed direction. This operation attenuates
the non-causal information present in both elements. Since class prototypes serve as canonical
representations for each class, and the non-causal direction estimated from a single test sample may
be noisy, we maintain a moving average of the updated prototypes throughout test-time adaptation.
At inference, predictions are made by measuring the similarity between the adapted representation
and the moving average of the updated prototypes, thereby reducing in�uence of non-causal features.

4.1 Non-Causal Feature Identi�cation

Given a samplex at test time, if we have access to additional samples generated with the same causal
factors but different non-causal factors, we can compare their representations to infer the in�uence of
non-causal factors. Changes in the representations across these samples can be attributed to variations
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in these non-causal factors. By systematically analyzing these representational differences, we can
isolate and identify the components of the representation that correspond to non-causal features.

To simulate variations in the data-generating process, we apply data augmentation to target non-causal
features [9, 11, 18, 31, 32]. For a test samplex, we generaten augmented samplesf ~x i gn

i =1 that
preserve the causal feature while varying the non-causal factors. We collect the representations of
these samples in a matrixZ = [ z; ~z1; :::; ~zn ]> , wherez is the representation of the original sample
and~zi are those of the augmented samples.

We interpret non-causal features as corresponding to speci�c, disentangled directions in the repre-
sentation space, consistent with prior work that indicates high-level semantic concepts are linearly
encoded as vector directions in learned representations [1, 39, 46]. For instance, the vector difference
between “woman” and “man” would resemble that between “queen” and “king” [33], both aligning
to the direction representing gender. Along this direction, speci�c instances of the gender concept,
such as “male” and “female”, take different magnitudes.

Given representations of samples that differ only in their non-causal factors, the direction along which
the representations change the most is expected to capture the non-causal features. This dominant
direction can be identi�ed via Principal Component Analysis (PCA) which analyzes the covariance
matrix of the representations to extract the principal components. Principal components are vectors
along which the representations' projections exhibit maximum variances. We �rst compute the
mean of the representations as:�z = 1

n +1 z + n
n +1

P n
i =1 ~zi . Using this mean, we construct a matrix

�Z = [�z; �z; ::; �z]> that has the same size as the representation matrixZ. The covariance matrix of the
representations is then given by� Z = ( Z � �Z)> (Z � �Z). The eigenvectors of� Z correspond to the
principal components, and their eigenvalues quantify the variance along these components [22]. Since
� Z is a real symmetric matrix, its eigenvectors form an orthonormal basis inRd [16]. Using spectral
decomposition, we express the covariance matrix as:� Z = Q�Q > , whereQ = [ e1; e2; :::; ed] is
an orthogonal matrix whose columns are the orthonormal eigenvectors, and� is a diagonal matrix
containing the eigenvalues of� Z . Here,ei denotes the direction along which the variance of the
projected representations is thei th largest.

4.2 Causal Trimming to Reduce Non-Causal Feature

Prior work has demonstrated that applying linear transformations to representations can manipulate
the semantics they encode [40, 50]. Since the principal componentsf ei gd

i =1 form an orthonormal
basis inRd, any representationz can be expressed as a linear combination of these components. To
reduce the in�uence of non-causal features, we propose to trim the representation by removing its
components along the top-m principal components:

ẑ = z �
mX

i =1

(z � ei )ei (1)

Since eachei is a vector of unit length, the term(z � ei )ei is the projection ofz onto ei whose
magnitude is given by the dot product(z � ei ). By subtracting these terms, we obtain an updated
representation̂z which is composed of components only formed byf ei gd

i = m +1 . If causal features
are invariant under data augmentations and their corresponding semantic directions are orthogonal
to those of the removed directions, causal information present inz is preserved in the trimmed
representation̂z.

4.3 Model Adaptation

In a prototype-based classi�er, each class prototypeqj serves as a template representation learned by
the classi�erh, summarizing the representations of samples belonging to classj . However, if the
learned representations encode non-causal features, the prototypes will be in�uenced by these features.
To mitigate this issue, we apply the same causal trimming to the class prototypes. Speci�cally, letqj
be the prototype of classj . Given the top-m principal componentsf ei gm

i =1 that are used to trim the
test sample representationz, we obtain the trimmed prototypêqj for each classj 2 f 1; 2; : : : ; cg as:

q̂j = qj �
mX

i =1

(qj � ei )ei (2)
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Since the identi�ed non-causal directions may vary across samples due to noise or context-speci�c
factors, we compute a batch-wise average of trimmed prototypes to obtain a more stable estimate. To
track the estimate across batches during adaptation, we maintain a moving average of the trimmed
prototypes during test-time adaptation. Suppose we obtain trimmed prototypesq̂( i )

j for each classj at

batchi , the moving-average�̂qj is updated by�̂qj = i � 1
i

�̂qj + 1
i q̂( i )

j . This moving average serves as a
more robust estimate of the causally re�ned prototypes, effectively smoothing out sample-speci�c
variance. The prediction made by the average of the trimmed prototypes is the same as that of
an ensemble over the logits produced by individual trimmed prototypes, resulting in more stable
predictions. At test time, for a given input samplex, we compute the causally trimmed representation
ẑ and compare it to the moving-averaged trimmed prototypes�̂qj . The logit for classj is given by the
dot product̂z � �̂qj , and the �nal predicted labely is given by:

y = arg max
j

exp (ẑ � �̂qj )
cP

i =1
exp (ẑ � �̂qi )

(3)

5 Theoretical Analysis

We present the conditions under which TACT would correct a wrong prediction and maintain a correct
prediction. We consider binary classi�cationY 2 f +1 ; � 1g. The two prototypes learned by the
binary classi�erh are represented asf q+1 ; q� 1g. We drop the bias term for simplicity. Meanwhile,
we assume the existence of causal prototypesf p+1 ; p� 1g, which always make correct predictions
on the learned representations and do not leverage non-causal features. To simplify the analysis, we
consider the decision boundary vectors� q = q+1 � q� 1 and� p = p+1 � p� 1. We analyze the
representationz of an instance with labely. Given the principal componentsf ei gd

i =1 computed from
z and its augmented variants, we writez as

P d
i =1 � i ei , where� i is the magnitude ofz's projection

on ei . Similarly, we de�ne the learned decision boundary� q's projection magnitude asf 
 i gd
i =1 .

We write the projection magnitude of causal decision boundary� p asf � i 
 i gd
i =1 , to view� p as a

transformation from� q by a projection magnitude� i on the direction of each principal component.

We can obtain̂z by trimming the top-m principal components (PCs) forz. Proposition 1 shows the
conditions under which TACT can correct a wrong prediction.

Proposition 1. For anyz that is misclassi�ed by the learned decision boundary� q, the misclassi-
�cation can be corrected by using the representation obtained after removing the top-m principal
components, if both of the following two conditions are satis�ed:

y
mX

i =1

� i 
 i < 0 and y
dX

i = m +1

� i 
 i > 0 (4)

�
�
�
�
�

mX

i =1

� i 
 i

�
�
�
�
�

>

�
�
�
�
�

dX

i = m +1

� i 
 i

�
�
�
�
�

(5)

Appendix A.1 provides the formal proof. Equation(4) captures the case in which a prediction based
solely on the top-m PCs leads to an incorrect outcome, whereas a prediction based on the remaining
PCs yields the correct result. Equation(5) requires the absolute value of the prediction score derived
from the top-m PCs must be greater than that from the remaining PCs. Together, these conditions in
Proposition 1 suggests that a wrong prediction can be corrected by TACT when the top-m PCs are
solely responsible for the wrong prediction, and the prediction made by the top-m PCs weighs more
than the prediction made by the remaining PCs.

In Proposition 2, we establish the conditions under which the trimmed representationẑ retains
suf�cient causal information to preserve the correct prediction by the causal decision boundary� p.

Proposition 2 (Causal Preservation). For any original representationz, the trimmed representation
ẑ preserves the correct prediction under the causal decision boundary� p if any one of the following
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conditions holds: 8
>>>>>><

>>>>>>:

y
mP

i =1
� i � i 
 i = 0

y
mP

i =1
� i � i 
 i < 0

0 < y
mP

i =1
� i � i 
 i < y

dP

i =1
� i � i 
 i

(6)

The proof is provided in Appendix A.2. Equation(6) characterizes three cases: (a) the top-m PCs
have no contribution to the causal prediction; (b) the top-m PCs has a negative in�uence on the
causal prediction and thus their removal is bene�cial; (c) the top-m PCs has a positive contribution,
but the representation forms by all PCs contribute even more strongly. When the top-m PCs have
no contribution to the causal predictions, they are considered non-causal features. In other words,
the removed componentz � ẑ does not contain causal information. When the top-m PCs contain
causal information,m should be selected such that the top-m PCs contribute less to the prediction
compared to all the PCs, ensuring that the trimmed representationẑ remains causally informative. In
other words, suf�cient causal features need to be preserved after causal trimming.

Finally, in Proposition 3, we identify the conditions under which causal trimming would have no
negative impact on the prediction of samples that are already correctly classi�ed.

Proposition 3. Supposez is correctly classi�ed by the learned decision boundary� q. The trimmed
representation̂z obtained via TACT will still be classi�ed correctly if either of the conditions holds:

1. y(z � ẑ)� q � 0, or

2. y(z � ẑ)� q > 0, and Equation(7) holds, assuminĝz already satis�es the Causal Preserva-
tion condition (Proposition 2).

sign

 
dX

i = m +1

� i � i 
 i

!

= sign

 
dX

i = m +1

� i 
 i

!

(7)

The proof can be found in Appendix A.3. Equation (7) indicates that when classi�cation relies only
on the representations formed by the remaining PCs, the learned decision boundary makes the same
prediction as the causal decision boundary. Proposition 3 also shows that if a correct prediction is
made by the learned decision boundary, TACT will preserve this correstness as long as the removed
partz � ẑ contributes negatively or does not contribute to the prediction. On the other hand, when
the trimmed representation̂z contains suf�cient causal information as established in Proposition 2,
the learned decision boundary is required to align directionally with the causal decision boundary
de�ned by the remaining PCs.

6 Performance Study

We study the test-time adaptation performance under real-world distribution shifts, using datasets
from multiple modalities, including image, audio, and text. Compared to prior works that pri-
marily benchmark on image data, our comprehensive experiments offer broader insights into the
generalizability of TACT and other TTA methods.

Datasets.We summarize the datasets used in our experiments below:

� Birdcalls [15, 24, 34], curated by [9], is an audio classi�cation dataset to identify bird species
from clips recorded in diverse environments. Each clip is converted into a Mel spectrogram
for classi�cation. Distribution shifts stem from variations in microphone gain settings, habitat
acoustics (e.g. other animal sounds), and bird population. The test set includes 724 audio clips.

� Camelyon17 [2], sourced from from the Wilds benchmark [28], is a medical imaging dataset
for binary classi�cation of tumor versus normal tissue images. The distribution shift arises
from variations in slide staining protocols, patient demographics, and scanner equipment. The
test set consists of 85,054 images.

� CivilComments [3], from the Wilds benchmark [28], is a natural language dataset comprising
user-submitted text comments. The task is to classify whether a comment is toxic or non-toxic.
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The toxicity is spuriously associated with the mention of certain demographics in the training
data. The test set contains 133,782 comments.

� ImageNet-R [14] contains 30,000 images of objects from 200 ImageNet [42] classes. The
images consist of various renditions, resulting in visual domain shifts from the original dataset.

� ImageNet-V2 [41] is collected years after the original ImageNet using the same methodology,
and includes 10,000 images across 1,000 original classes. It represents a natural temporal shift.

Non-causal feature identi�cation for TACT. We applied the following data augmentations to identify
non-causal features in each dataset: For Birdcalls, we follow [9] that investigates augmentations that
randomize features independent of labels but dependent on distributions. Here, random color jitter is
applied to the Mel spectrograms to simulate changes in microphone gain settings. For Camelyon17,
we use stain color jitter [49] as suggested in [9] to mimics variations in histopathological slide
staining. For CivilComments, we randomly prepend or append short demographic-referencing
sentences to the original text. The full list of sentences is provided in Appendix B. For ImageNet-R
and ImageNet-V2, where the sources of distribution shift are unknown, we experiment with general-
purpose image augmentations. Speci�cally, we apply AutoAugment [6] with ImageNet policy and
RandomAugment [7]. Both methods apply a series of transformations to the images. A detailed
discussion on augmentation design and selection in practice is presented in Appendix C.

Baselines.Since TACT is a backpropagation-free approach, we compare TACT with the following
state-of-the-art (SOTA) TTA backpropagation-free algorithms:

� T3A [19] adapts the classi�er by updating class prototypes using con�dent test-time represen-
tations.

� LAME [ 4] adjusts model output probabilities via Laplacian-adjusted maximum likelihood
estimation.

� FOA [36] introduces an adaptable prompt at model input to match the representation statistics
of test and train data.

We also implement a variant called TACT-adapt, where predictions from TACT are used to guide
gradient-based model updates with cross entropy lossL CE . We employ the information maximization
lossL IM proposed in SHOT [30] as regularization. We optimize the model using the objective:
L = L CE (ŷ; yTACT) + � L IM (ŷ). ŷ is the model's prediction, andyTACT is TACT's prediction.� is
the hyperparameter balancing the two terms.

We compare TACT-adapt with the following SOTA backpropagation-based methods:

� SHOT [30] adapts the feature extractor using information maximization and cross entropy loss
on con�dent prediction.

� Tent [51] performs entropy minimization to update the af�ne parameters of normalization
layers at test time.

� SAR [38] builds upon Tent by incorporating sharpness-aware minimization and model reset to
mitigate over�tting to noisy samples.

� DeYO [29] identify con�dent samples that leverage causal features only by image augmenta-
tions that destroy shapes and using con�dence-reweighted entropy minimization to update the
af�ne parameters.

� TAST [21] adapts a trainable module on top of the trained feature extractor via self-training
with nearest neighbor information.

� TSD [53] enhances feature representations through self-distillation and local clustering, ensur-
ing alignment and uniformity while �ltering noisy labels.

� PASLE [17] re�nes uncertain pseudo-labels progressively using selective label enhancement
with candidate label sets and classi�er-consistent loss.

Model architecture. We study TACT on transformer-based architectures, which are increasingly
used in practice but remain relatively underexplored in TTA. Speci�cally, we use ViT-B/32 [8] as
the backbone for Birdcalls, Camelyon17, ImageNet-R, and ImageNet-V2, and DistilBERT [43] for
CivilComments. Appendix D.1 provides more details on model studied.

Hyperparameters and model selection.We use a test batch size of 64 [29, 36]. There are two
hyperparameters in TACT, the number of augmentationn and the number of removed principal
componentsm. We searchn 2 f 21; 22; : : : ; 28g, m 2 [1; 16] andm is an integer. For TACT-
adapt, we search� 2 f 1; 5g � f 0:1; 1; 10; 100g. The rest hyperparameters follow the search space
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Table 1: Test-time adaptation performance (%). We group the methods into backpropagation-free
(BP-free) and backpropagation-based (BP-based). The best performance of each dataset is in bold.

Method Birdcalls Camelyon17 CivilComments ImageNet-R ImageNet-V2

No TTA 22.74 62.31 55.38 41.83 62.97

T3A 26.16� 1.33 69.96� 1.98 56.43� 0.00 41.78� 0.12 62.93� 0.02
BP- LAME 23.66� 1.01 62.38� 0.03 56.24� 0.10 41.77� 0.01 63.00� 0.02
free FOA 26.95� 1.81 58.36� 0.77 - 41.46� 0.16 62.76� 0.08

TACT 31.14� 1.69 70.17� 0.05 71.80� 0.35 43.59� 0.02 63.33� 0.10

SHOT 26.82� 5.14 80.28� 5.61 13.93� 0.97 48.79� 0.08 63.32� 0.09
Tent 23.16� 0.42 62.29� 0.01 55.38� 0.00 42.08� 0.05 63.09� 0.03
SAR 23.16� 0.42 62.30� 0.00 55.38� 0.00 42.58� 0.11 62.97� 0.01

BP- DeYO 23.29� 0.39 69.64� 1.47 - 46.87� 0.08 62.96� 0.01
based TAST 26.08� 1.11 83.01� 1.42 56.56� 0.20 41.09� 0.08 62.84� 0.07

TSD 27.33� 1.75 67.33� 4.74 55.38� 0.00 41.76� 0.01 62.98� 0.01
PASLE 27.35� 1.79 60.66� 0.04 55.77� 0.15 46.08� 0.09 63.15� 0.04
TACT-adapt 31.25� 3.59 83.70� 1.10 71.98� 0.19 48.81� 0.05 63.44� 0.07

of SHOT. For all baseline methods, we perform hyperparameter tuning within the search spaces
speci�ed in their respective papers. The detailed con�gurations and search procedures are provided
in Appendix D.2. Following the protocol recommended in [59], we employ oracle selection to choose
the best-performing hyperparameters, ensuring a fair and consistent evaluation across all methods.

6.1 Test-time Adaptation Performance

Following the evaluation protocol of each dataset, we use macro F1 for Birdcalls, accuracy for
Camelyon17, ImageNet-R and ImageNet-V2, and worst-group accuracy for CivilComment, whose
data are grouped by demographic attributes and toxicity. Due to the high variability observed in
Birdcalls, each experiment is repeated ten times, whereas experiments on the remaining datasets are
conducted three times. The mean and standard deviation are summarized in Table 1.

We see that TACT consistently outperforms existing backpropagation-free methods on all the datasets,
with substantial gains of 4% on Birdcalls, 15% on CivilComments, and 1.7% on ImageNet-R.
Further, TACT-adapt achieves the best overall performance across all datasets, outperforming both
backpropagation-free and backpropagation-based baselines. These results suggest that non-causal
features are a major source of performance degradation under distribution shift, and that removing
them improves predictive reliability. It also con�rms the value of TACT not only as a standalone
method but also as a reliable supervisory signal for test-time learning.

We note that TACT performs well when causal features are approximately invariant under augmenta-
tion. For ImageNet-R and ImageNet-V2, AutoAugment [6] and RandomAugment [7] maintain the
key causal features, which are object structure and shape [10, 29]. Other causal features that could
be helpful in inferring objects, such as color when inferring strawberries, are altered. In addition,
the models we perform adaptation on do not have their representation space explicitly constrained
such that causal and non-causal features are linearly encoded, disentangled, or orthogonal. Yet, the
approximate separation of causal and non-causal features by PCA yields consistent performance
gains, suggesting the robustness of TACT.

6.2 Visualization of Predictions after Causal Trimming

To gain insight into the predictions made after causal trimming, we employ GradCAM [45] to
visualize the focus of the original predictions and those made by TACT on samples from ImageNet-R.
GradCAM identi�es which parts of an input image contribute most to a prediction by computing
the gradients of the predicted class score with respect to the embeddings of the image patches.
The resulting heatmaps are overlaid on the input images, where brighter regions indicate higher
importance for the prediction.

The visualization results are presented in Figure 3. Compared to the original predictions, TACT
places less emphasis on non-causal information, such as background elements. For instance, in the
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