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ABSTRACT

Test-time adaptation (TTA) algorithms make models more accurate on
distribution-shifted unlabeled test data. However, the growing diversity of TTA
methods has introduced a new challenge: no single TTA strategy consistently
dominates across shifts, and several methods suffer catastrophic failures on cer-
tain corruption types. This makes it essential to dynamically choose an appropriate
TTA method to adapt a given model on a given test data.

However, this is challenging as the test data is unlabeled and we cannot run all
TTA methods to choose the most accurate one due to prohibitive compute wastage.
In this paper, we discover that the entropy of the class distributions and geometric
characteristics of the embedding space produced by the source model on unlabeled
test data can predict the most accurate TTA method and post-adaptation accuracy
without adapting the model. We empirically show that such a selection of the
most accurate method can prevent catastrophic failures by choosing an appropri-
ate method. Further, our method can predict the post-adaptation accuracy with
an average RMSE of 0.054 over TTA methods. We believe this will encourage
discussions around efficient use of existing TTA methods.

1 INTRODUCTION

Machine learning models deployed in real-world settings frequently encounter distribution shifts
degrading accuracy. Test-time adaptation (TTA) addresses this challenge by adapting the model
parameters using unlabeled test data at inference time, and has shown promising improvements
across a variety of domains (Murphy et al.}|2025; |Dong et al., 2025; Dang et al., 2026).

However, as literature expands with more TTA algorithms|Liang et al.|(2025)), there is no universally
most accurate TTA strategy across all types of distribution shifts and choices of samples. This is
because the quality of an adapted model depends on the choice of samples and the order in which
they are processed by the model. This affects ¢) relative ranking of different TTA methods and 1)
make several high performing TTA methods catastrophically fail Zhao et al.|(2023). This is shown in
Figure[I]c) where the adapted model suffers from catastrophic failure after certain batch depending
on the ordering the batch.

Therefore, here we propose a meta TTA method, MORPHEUS (Figure[I[a)) to predict and adapt the
source model using the most accurate TTA method given the target data at hand. Given oracle selec-
tion of the best performing method to adapt, this simple algorithm will always be the most accurate
in the target data and is expected to be more accurate across data distributions on average. One crit-
ical constraint here is that we cannot run each adaptation method and measure the accuracy; Firstly
because it will waste a large amount of compute to adapt using all methods, and secondly, the target
data is unlabeled which makes accuracy estimation non-trivial. This is the fundamental technical
challenge we solve: how to predict post-adaptation accuracy using different TTA algorithms without
performing the adaptation.

Prior works on approximation of label-free accuracy estimation (Platanios et al., 2017} [Lee et al.,
2024b) do not address the problem of predicting post-adaptation performance before adaptation is
applied. To the best of our knowledge, this is the first attempt to fill this gap in the literature. Another
strand of literature that is related deals with ranking the models based on their transferability in the
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Figure 1: (a) High-level overview of MORPHEUS. (b) Post-adaptation accuracy across TTA methods
correlate with NC4 features extracted from source model embeddings. Shown for Resnet-18 on
CIFAR10-C (Gaussian noise; sev 5). (c) Different ordering of the batches triggers catastrophic
failures in DEYO on ImageNet-C Contrast sev-5. We show five different orderings with the same
set of samples.

context of transfer learning Zheng et al.| (2025). However, both our goal and the setting differ from
that: we aim to find the best adaptation method as opposed to selecting the best model to use in
transfer learning, and the unlike our setting, transferability assumes access to labeled target data.

Here we propose a two step method: ) to select the most accurate TTA method to be applied
given a target data and source model, and 47) to estimate post-adaptation accuracy for the selected
TTA method. We achieve both by using simple regression models. We utilize geometric features
(based on Neural Collapse - NC) extracted from embedding vectors when the source model evaluate
the target data and entropy of the class probabilities. Figure [I{b) shows that the post adaptation
accuracy closely correlate with a feature (details in Appendix) extracted from source embeddings.
Such features are efficient to compute as it only needs one forward passes on target data, without
performing adaptation itself. Below are our contributions:

1. We introduce MORPHEUS, a single forward-pass-only method for predicting post-
adaptation accuracy based on neural-collapse—inspired feature statistics.

2. We show that MORPHEUS can be used as a meta test-time adaptation strategy that pre-
vents catastrophic failures and yields more stable performance across diverse corruptions,
achieving accuracy comparable to the benchmark method (65.1% vs. 65.2%) while exhibit-
ing lower variance (0.7 vs. 0.9 std). Furthermore, we find that NC-based post-adaptation
prediction is more accurate and stable than entropy-based prediction, particularly in low-
accuracy regimes.

2 PROBLEM AND METHODOLOGY

Consider that a classification model f, trained on a labeled source dataset, D; = {X, y} is being
tested on unlabeled target data, D= {f( }. Accuracy of f, drops on D when the distribution shifts
from source to target. A test time adaptation method, A,, uses the target data X to produce the
adapted model f,,, which is expected to be more accurate on X compared to fs.

Given f, and X, multiple TTA methods could potentially be applied to adapt. The critical question
is how to choose the method that’ll produce the highest accuracy. The following are the questions
we answer in this paper:
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RQ1. Given f, and ~X and a set of k& TTA methods, select the method 4, that will produce the
highest accuracy on X.

RQ2. Considering we decided to use a TTA method, A; to adapt a model f5 on dataset X, predict
the post-adaptation accuracy, £ of f; on X.

The goal is to answer both the questions prior to adapting the model enabling efficiency.

Feature extraction. We first extract the average entropy of the class probabilities while X is
evaluated in f;. Simultaneously, we extract the embedding vectors, h ; from the penultimate layer
in f, i.e., activations from the layer just before the classifier.

Next we compute geometric features from h ¢, following the Neural Collapse (NC) phenomena |Pa-
pyan et al.| (2020). While Neural Collapse is popularly studied to formalize the convergence prop-
erties of the embedding space, here we utilize them to characterize the input distribution shift. We
utilize 5 NC features including the original 4 measures proposed by |[Papyan et al.| (2020) and the
fifth proposed in /Ammar et al.| (2023). For example, NC1 measures the L; distance of the embed-
ding vectors from the origin, and NC3 measures the distance between the class prototypes and the
parameters of the classifier layer. As the NC features require labeled data, we approximate this in D
using the pseudo labels produced by f.

Algorithms. We use two regression models, 6 and p, to solve the RQ1 and RQ2, respectively. We
select the TTA method with the highest predicted accuracy as the method to be used to adapt. In this
paper, all experiments use simple random forest regressors.

We assume that data from a subset (D;,.) of all possible domains is available prior to deployment.
We use the source model (f), to extract softmax entropy and NC-based features using the data in
Dy,. Next, learn a regression model to predict the post-adaptation accuracy given a TTA method.
In the training, we adapt f using all available TTA methods. Once a regressor is learned, we test
in the rest of the D;, domains in a dataset. Below, we show results for using softmax entropy (Our
(Ent.)) and NC-based (Our (NC)) features separately.

3 EXPERIMENTS

We evaluate MORPHEUS using popular TTA methods (details in Appendix) with hyperparameters
as in original papers. We evaluate on ImageNet-C and CIFAR-10-C (appendix) using base version
of Vision Transformer (ViT) (Dosovitskiy et al.,2021) and ResNet-18 respectively.

Corruption No Adapt SAR TENT DEYO ROID CoTTA EATA FOA Surgeon SPA Our (NC) Our (Ent.)

Noise
Gaussian 55.3(0.4) 58.0(0.2) 57.5(0.2) 58.2(0.3) 59.9(0.4) 54.3(7.7) 58.0(0.3) 57.3(0.5) 59.1(0.3) 61.0(0.5) 59.5(0.3) 61.0(0.5)
Shot 56.0(0.3) 59.2(0.4) 58.3(0.3) 59.4(0.4) 61.4(04) 58.8(2.1) 59.2(0.3) 59.0(0.3) 60.3(0.3) 62.4(0.4) 62.4(0.4) 62.4(0.4)

Impulse 56.0(0.3) 59.4(0.2) 58.6(0.2) 59.5(0.1) 61.2(0.4) 53.4(8.9) 59.3(0.3) 58.0(0.3) 60.6(0.2) 62.5(0.5) 61.3(1.2) 62.5(0.5)

Blur
Defocus 46.3(0.4) 51.9(0.6) 49.0(0.7) 52.7(0.4) 56.8(0.4) 489 (2.6) 51.8(0.6) 45.2(0.5) 55.1(0.5) 54.6(1.0) 52.7(3.2) 54.6(1.0)

Glass 34.4(0.4) 45.1(0.8) 37.7(0.7) 45.8(0.6) 52.3(0.3) 38.5(0.5) 44.1(0.4) 33.8(0.6) 45.7(0.5) 55.0(0.2) 55.0(0.2) 55.0(0.2)
Motion 52.5(0.6) 57.1(0.7) 54.6(0.7) 57.5(0.7) 60.8(0.6) 56.4(0.7) 56.8(0.8) 51.5(0.5) 58.8(0.7) 63.8(0.3) 60.3(0.6) 63.8(0.3)
Zoom 43.8(0.3) 50.0(0.3) 46.7(0.5) 50.3(0.2) 55.4(0.4) 47.9(1.3) 49.4(0.4) 43.4(0.3) 51.8(0.2) 60.1(0.3) 54.8(0.4) 60.1(0.3)
Weather

Snow 61.8(0.6) 62.7(0.6) 62.2(0.6) 63.2(0.7) 66.1(0.9) 65.6(0.5) 62.9(0.6) 64.4(1.0) 64.2(0.6) 69.9(0.5) 69.9 (0.5) 69.9 (0.5)
Frost 62.3(0.8) 58.2(1.0) 58.5(0.8) 58.5(0.9) 62.8(0.5) 64.8(0.7) 58.5(0.7) 61.3(2.4) 60.9(0.8) 69.0(0.6) 66.9(3.0) 69.0(0.6)
Fog 65.0 (0.6) 56.0(15.0) 47.3 (1.4) 62.5(1.1) 67.8(0.6) 65.2(2.5) 62.6(0.7) 68.5(0.5) 37.5(15.6) 70.4(0.6) 67.8(0.6) 67.8(0.6)

Brightness  77.2(0.4) 77.5(0.5) 77.2(04) 77.7(0.4) 78.3(0.4) 77.7(0.4) 77.7(0.4) 769 (0.4) 78.4(0.4) 79.8(0.4) 79.8(0.4) 79.8 (0.4)

Digital
Contrast 31.9(0.4) 18.1(18.6) 49.4 (0.5) 45.5(24.7) 62.9 (0.6) 35.0 (10.7) 54.4 (0.4) 47.4(0.9) 53.5(0.5) 57.6(6.9) 60.3(3.8) 60.3(3.8)

Elastic 45.3(0.2) 50.4(0.5) 47.4(04) 51.4(0.3) 58.3(0.5) 50.2(0.7) 50.3(0.3) 47.6(0.6) 52.8(0.6) 66.3(0.8) 66.3(0.8) 66.3(0.8)
Pixelate 66.4(0.3) 67.8(0.3) 67.1(0.4) 68.4(0.4) 70.1(0.3) 69.0(1.1) 67.9(0.4) 65.8(0.2) 69.8(0.3) 74.7(0.2) 73.4(1.3) 72.4(0.3)
JPEG 66.3(0.3) 67.9(04) 67.1(04) 68.1(0.4) 68.8(0.3) 68.3(0.4) 67.8(0.4) 66.5(0.7) 68.6(0.3) 71.6(0.3) 70.5(0.8) 71.6(0.3)
Avg. 54.7(0.4) 56.0(2.7) 55.9(0.5) 58.6(2.1) 62.9(0.5) 56.9(2.7) 58.7(0.5) 56.4 (0.6) 58.5(1.5) 65.2(0.9) 64.1(1.2) 65.1(0.7)

Table 1: Accuracy(%) with std-dev across corruption types and TTA methods with ViT-Base on
ImageNet-C (sev-5). Each domain use 6400 samples to adapt. Highest accuracy per corruption
type is bold, and the second-highest is underlined. We report average for a 3—fold cross validation
(individual fold are available in the Appendix. MORPHEUS on average is the most accurate.
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Table [T] shows that across methods, adaptation consistently improves performance over the no-
adaptation baseline, yielding an average gain of +8.5 points (from 54.7% to 63.2%). ROID achieves
strong performance on most blur and digital corruptions, while SPA performs well under noise and
weather corruptions. Our (Ent.) method achieves the highest overall average accuracy (63.2%),
outperforming the second-best prior method ROID (62.9%). In particular, it attains either the best
or second-best results on the majority of corruption types. Compared to existing methods, our ap-
proach demonstrates improved robustness and more stable performance, reflected by consistently
high accuracy and relatively low standard deviation.

Figure 2] illustrates the relationship between true and predicted post-adaptation accuracy across do-
mains or severity levels for representative test-time adaptation methods. Across all methods, pre-
dicted accuracy closely follows true accuracy, with most points concentrated near the identity line,
indicating a strong linear relationship. However, the degree of alignment varies across methods,
with noticeable dispersion for lower-performing regimes, particularly at lower true accuracies. This
observation is quantitatively supported by the results in Table [2| which report prediction quality
using R?, MAE, and RMSE under both NC and entropy-based settings. Overall, NC-based pre-
diction yields consistently higher R? values and lower errors across all methods, indicating more
reliable accuracy estimation. Among the evaluated approaches, TENT, Surgeon, and EATA achieve
the strongest predictive performance under the NC setting, while entropy-based prediction remains
substantially more challenging, leading to reduced correlation and increased error.
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Figure 2: True vs predicted post-adaptation accuracy (using NC stats). They correlate in both ran-
dom partitioning (a, b), and severity level-wise partitioning (c, d).

Method R? (NC) R? (Ent.) MAE (NC) MAE (Ent.) RMSE (NC) RMSE (Ent.)

SAR 0.697 0.227 0.027 0.057 0.065 0.100
TENT 0.844 0.331 0.024 0.053 0.041 0.084
DEYO 0.625 0.132 0.029 0.054 0.062 0.092
ROID 0.689 0.262 0.027 0.042 0.041 0.062
CoTTA  0.646 0.047 0.035 0.061 0.062 0.099
EATA 0.757 0.310 0.027 0.050 0.045 0.075
FOA 0.662 0.033 0.035 0.065 0.063 0.103
Surgeon 0.749 0.390 0.025 0.049 0.047 0.076
SPA 0.549 0.063 0.029 0.041 0.046 0.066
Avg. 0.679 0.189 0.029 0.053 0.054 0.086

Table 2: Average performance of different methods on NC and Entropy MORPHEUS settings. Across
methods, entropy-based predictions have higher errors than NC based prediction

4 CONCLUSIONS

We framed test-time adaptation as a decision problem: whether to adapt at all and, if so, which adap-
tation strategy to apply. By addressing method selection and post-adaptation accuracy prediction,
our work enables anticipating adaptation outcomes before incurring computational cost or risking
performance degradation. This perspective highlights that inappropriate adaptation can be ineffec-
tive or harmful, and that test-time adaptation should not be applied blindly. Our results demonstrate
the importance of decision-aware test-time adaptation and point toward more reliable and stable
deployment of adaptive models under distribution shift.
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A IMPLEMENTATION DETAILS

A.1 MORPHEUS

Algorithm 1 Morpheus pseudo-code

Require: Pretrained classifier f : R™ — R, unlabeled target data X
Require: Candidate TTA methods { A},
Require: NC feature extractor ®nc(+), predictor g(+)
Ensure: Selected adaptation method A4*
Ne < Pne(f, X) > NC features from forward passes of f
for each method Ay, do R
&k < g(ne, Ak) > &~ S(Ak(f, X), X,Y)
end for .
A* « argmax 4, &
return A*

A

B RELATED WORK AND BACKGROUND

B.1 ACCURACY ESTIMATION

Prior work on label-free accuracy estimation aims to infer test accuracy from unlabeled data using
confidence or agreement statistics (e.g.,[Platanios et al.[|(2017)). Most existing accuracy estimation
methods concentrate on ensembles of pretrained models ((Chen et al.l 2021} |Guillory et al., 2021}
Jiang et al.; Miller et al. 2021} Baek et al 2022). Among them, Agreement-on-the-Line (Baek
et al., [2022) and Accuracy-on-the-line (Miller et al.| 2021)) show a clear linear correlation between
model performance across various architectures and distribution shifts , based on the consistency
of predictions between in-distribution (ID) and out-of-distribution (OOD) data. The self-training
ensemble method (Chen et al., 2021} evaluates the accuracy of a pretrained classifier through an
iterative process that trains an ensemble on labeled training data, unlabeled test data, and incorrectly
predicted samples. Difference of Confidence (DoC) (Guillory et al. [2021) uses the disparity in
model confidence between ID and OOD samples to infer the accuracy gap caused by distribution
shifts and derive the final OOD accuracy. Recently, AETTA (Lee et al.| [2024b) proposed entropy
and consistency-based estimators to monitor accuracy during test-time adaptation. However, these
approaches estimate the performance of a fixed or current model state and are not designed to predict
or compare post-adaptation accuracy across different TTA strategies, which is the focus of our work.

B.2 NEURAL COLLAPSE

Neural collapse is a phenomenon observed when training a model after having reached near-zero
training loss (Papyan et al.| [2020). It describes the geometric properties of the last fully connected
layer weights and embeddings fed into the last layer. The behavior occurs, because large neural
networks can be interpreted as an unconstrained feature model (Hong & Ling| 2024), where any
output can be approximated by the feature extractor, and thus outputs that minimize the norm of the
weights are chosen, resulting in neural collapse. More specifically, the four properties are observed.
In below definitions, pg is the global mean of the embeddings of the training data, and . is the
class-specific mean embedding for class c in the training set. We also define the within-class covari-
ance to be By = Avg; {(hic — pe)(hic — pe)” }, where h; . is the embedding of sample z®
from class c. We also define fi. = (pte—pc)/ |tte — pcllos M = [pe—pc,c = 1,...,C] € RPXC,
W contains the last-layer weights and J. . is the Kronecker delta symbol (Papyan et al., 2020).

¢ (NC1) Variability collapse: Near-zero variation in features within same class.
EW —0

* (NC2) Convergence to simplex equiangular tight frame (ETF): The class means of the
features form the vertices of an ETF simplex.

[be = pclly = lpe = pelly | =0 Ve,
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Noise Blur Weather Digital Average
Gauss. Shot Impul Defoc Glass Motion Zoom Snow Frost Fog Brit Contr Elastic Pixel JPEG ~ Acc

Source 55.3 56.2 56.0 46.5 34.8 529 442 624 62.7 65.677.7 32.0 45.7 66.7 66.7 55.0
TENT 59.7 61.2 61.2 55.8 50.0 60.1 54.1 64.0 60.6 16.078.5 63.3 53.7 699 68.7 58.4
FOA 584 604 58.7 487 392 546 475 652 60267.277.3 51.2 503 68.9 65.6 582
Surgeon 63.4 65.3 644 61.7 633 684 159 84 70.475981.070.8 73.7 769 74.5 623
EATA 60.8 62.0 61.8 584 56.6 63.1 589 67.6 64.869.979.3 659 63.1 72.8 70.5 65.0
SAR 59.9 613 61.2 574 56.1 61.7 57.8 66.0 634 65478.8 57.5 61.7 72.1 69.9 633
DeYO 59.7 61.1 60.8 57.7 56.8 62.5 583 67.4 64.869379.3 655 64.7 733 70.7 64.8
ROID 62.0 633 63.0 60.6 59.0 649 6l1.1 69.8 67.873.279.7 67.8 67.0 743 71.8 67.0
SPA 633 653 64.5 612 635 694 67.7 742 727 75.680.8 655 74.0 77.7 748 70.0

Method

Table 3: Comparisons of state-of-the-art methods on ImageNet-C (severity level 5) with ViT-Base
regarding Accuracy (%)

1

. C ,
<HC?/’LC’> — m(sc,c’ - m VC,C

* (NC3) Convergence to self-duality: The class means and last-layer weights converge to
each other, upon rescaling.

MT

—0
HIIWIIF [ M|l ||

* (NC4) Simplification to nearest class-center: During inference, the last layer assigns
the class, by selecting the class mean with the lowest euclidean distance from the sample
embedding.

arg max(me, h(x)) + b — arg min ||h(x) — per||5
CI

CI
C EXPERIMENTAL SETTINGS

We evaluate our method with popular adaptation methods: SAR (Niu et al.| |[2023), TENT (Wang
et al.,[2021), CoTTA (Wang et al.} 2022), FOA (N1u et al.,|2024), Surgeon (Ma et al.,|2025), DEYO
(Lee et al.,[2024a)), ROID (Marsden et al., 2024), EATA (Niu et al.,[2022) and SPA (N1u et al.,[2025]).
The hyperparameters used are taken directly from their original paper. We use a batch size of 64 for
all experiments. We evaluate on ImageNet-C (50 samples x 1000 classes x 15 corruption types)
(Hendrycks & Dietterichl2019). We additionally evaluate on CIFAR-10C, which contains 10 classes
and 19 corruption types with 5 severity levels. We also consider case where not all samples are used
for adaptation. In our experiments we use base version of Vision Transformer (ViT) (Dosovitskiy
et al.,|2021) and ResNet-18 (He et al.,[2016).

D MORE RESULTS
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Figure 3: Predicting accuracy of ViT-Base based on source model NC stats (5 domains as training
data and 10 as test)
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Figure 4: Predicting accuracy of ViT-Base based on source model NC stats (severity 4 samples as
training, all remaining as test)
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Corruption No Adapt SAR TENT DEYO ROID Our (NC)
Noise

Gauss. 26.9 65.5 (0.0) 67.4(0.0) 68.4(0.3) 69.9 (0.3) 68.4(0.3)
Impulse 192 60.0(0.0) 62.9(0.0) 63.6 (0.2) 63.5(0.2) 63.6 (0.2)
Shot 34.8 68.0 (0.0) 70.8 (0.0) 72.0 (0.3) 72.1(0.5) 72.0(0.3)
Spatter 75.1 81.9 (0.0) 83.2(0.0) 84.2(0.1) 83.4(0.2) 84.2(0.1)
Speckle 40.2  67.8(0.0) 72.5(0.0) 72.5(0.4) 72.0 (0.1) 72.5(0.4)
Blur

Gauss. 37.1 85.6 (0.0) 86.7 (0.0) 87.1(0.2) 85.7(0.2) 85.6(0.0)
Glass 49.9 63.3 (0.0) 65.2 (0.0) 65.9 (0.2) 65.8(0.2) 65.9 (0.2)
Zoom 64.0 86.1 (0.0) 87.2(0.0) 87.5(0.1) 86.6 (0.2) 87.5(0.1)
Weather

Snow 76.0 80.4 (0.0) 82.2(0.0) 82.8(0.1) 82.3(0.2) 82.8(0.1)
Frost 64.8 80.0 (0.0) 81.1(0.0) 82.4(0.3) 81.9(0.2) 82.4(0.3)
Fog 73.9 83.9 (0.0) 84.9 (0.0) 85.5(0.2) 84.1(0.2) 85.5(0.2)
Brit. 90.8  90.2(0.0) 91.0(0.0) 91.1 (0.0) 91.0 (0.1) 91.1(0.0)
Digital

Elastic 74.5 74.8 (0.0) 76.3 (0.0) 76.3 (0.1) 76.2 (0.2) 76.3 (0.1)
Pixelate 450 76.9(0.0) 79.3(0.0) 80.1(0.1) 79.9 (0.2) 80.1(0.1)
Avg. 552  76.0(0.0) 77.9(0.0) 78.5(0.2) 78.2(0.2) 78.5(0.2)

Table 4: Accuracy (%) with standard deviation across different corruption types and adaptation
methods using ResNet-18 on CIFAR-10-C (severity 5). Accuracy is computed on 5000 samples,
processed in batches of 100 during adaptation. The highest accuracy per corruption type is bold,
and the second-highest is underlined. The remaining five corruption types are used to train our

method.

Corruption No Adapt SAR TENT DEYO ROID CoTTA EATA FOA Surgeon SPA Our (NC) Our (Ent.)
Noise

Shot 56.0(0.3) 59.2(0.4) 58.3(0.3) 59.4(0.4) 61.4(0.4) 58.8(2.1) 59.2(0.3) 59.1(0.3) 60.3(0.3) 62.4(0.4) 62.4(0.4) 62.4(0.4)
Blur

Defocus 46.3(0.4) 51.9(0.6) 49.0(0.7) 52.7(0.4) 56.8 (0.4) 48.9 (2.6) 51.8 (0.6) 45.2(0.5) 55.1(0.5) 54.6(1.0) 54.6 (1.0) 54.6(1.0)
Motion 52.5(0.6) 57.1(0.7) 54.6(0.7) 57.5(0.7) 60.8 (0.6) 56.4(0.7) 56.8 (0.8) 51.5(0.5) 58.8(0.7) 63.8(0.3) 63.8(0.3) 63.8(0.3)
Zoom 43.8(0.3) 50.0(0.3) 46.7(0.5) 50.3(0.2) 55.4(0.4) 47.9(1.3) 49.4(0.4) 43.4(0.3) 51.8(0.2) 60.1(0.3) 60.1(0.3) 60.1(0.3)
Weather

Snow 61.8(0.6) 62.7(0.6) 62.2(0.6) 63.2(0.7) 66.1(0.9) 65.6(0.5) 62.9 (0.6) 64.4(1.0) 64.2(0.6) 69.9 (0.5) 69.9 (0.5) 69.9 (0.5)
Frost 62.3(0.8) 582(1.0) 58.5(0.8) 58.5(0.9) 62.8(0.5) 64.8(0.7) 58.5(0.7) 61.3(2.4) 60.9(0.8) 69.0 (0.6) 69.0 (0.6) 69.0(0.6)
Fog 65.0 (0.6) 56.0 (15.0) 47.3(1.4) 62.5(1.1) 67.8(0.6) 65.2(2.5) 62.6 (0.7) 68.5(0.5) 37.5(15.6) 70.4 (0.6) 67.8 (0.6) 67.8(0.6)
Digital

Elastic 453(0.2) 50.4(0.5) 47.4(0.4) 51.4(0.3) 58.3(0.5) 50.2(0.7) 50.3(0.3) 47.6(0.6) 52.8(0.6) 66.3(0.8) 66.3(0.8) 66.3(0.8)
Pixelate 66.4(0.3) 67.8(0.3) 67.1(0.4) 68.4(0.4) 70.1(0.3) 69.0(1.1) 67.9(0.4) 65.8(0.2) 69.8(0.3) 74.7(0.2) 72.0(2.4) 70.1(0.3)
JPEG 66.3(0.3) 67.9(0.4) 67.1(0.4) 68.1(0.4) 68.8(0.3) 68.3(0.4) 67.8(0.4) 66.5(0.7) 68.6(0.3) 71.6 (0.3) 69.3(1.2) 71.6(0.3)
Avg. 56.6 (0.4) 58.1(2.0) 55.8(0.6) 59.2(0.5) 62.8(0.5) 59.5(1.3) 58.7(0.5) 57.3(0.6) 58.0(2.0) 66.3(0.5) 65.5(0.8) 65.5(0.5)

Table 5: Accuracy (%) with standard deviation across different corruption types and adaptation
methods with ViT-Base on ImageNet-C (severity 5). Accuracy is calculated on the 6400 samples
used to adapt. The highest accuracy per corruption type is bold, and the second-highest is underlined.
The remaining five corruption types were used to train our method. (1)
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Corruption No Adapt SAR TENT DEYO ROID CoTTA EATA FOA Surgeon SPA Our (NC) Our (Ent.)
Noise

Gaussian 55.3(0.4) 58.0(0.2) 57.5(0.2) 58.2(0.3) 59.9(0.4) 54.3(7.7) 58.0(0.3) 57.3(0.5) 59.1(0.3) 61.0(0.5) 61.0(0.5) 61.0(0.5)
Shot 56.0(0.3) 59.2(0.4) 583(0.3) 59.4(0.4) 61.4(04) 58.8(2.1) 59.2(0.3) 59.0(0.3) 60.3(0.3) 62.4(0.4) 62.4 (0.4) 62.4(0.4)
Impulse 56.0 (0.1) 59.4(0.2) 58.6(0.2) 59.5(0.1) 61.2(0.4) 53.4(8.9) 59.3(0.3) 58.0(0.3) 60.6(0.2) 62.5(0.5) 62.5(0.5) 62.5(0.5)
Blur

Glass 34.4(0.4) 45.1(0.8) 37.7(0.7) 45.8(0.6) 52.3(0.3) 38.5(0.5) 44.1(0.4) 33.8(0.6) 457 (0.5) 55.0(0.2) 55.0(0.2) 55.0(0.2)
Weather

Snow 61.8(0.6) 62.7(0.6) 62.2(0.6) 63.2(0.7) 66.1(0.9) 65.6(0.5) 62.9(0.6) 64.4(1.0) 64.2(0.6) 69.9 (0.5) 69.9 (0.5) 69.9(0.5)
Fog 65.0 (0.6) 56.0 (15.0) 47.3(1.4) 62.5(1.1) 67.8(0.6) 65.2(2.5) 62.6(0.7) 68.5(0.5) 37.5(15.6) 70.4 (0.6) 67.8 (0.6) 67.8(0.6)
Brightness  77.2(0.4) 77.5(0.5) 77.2(0.4) 77.7(0.4) 78.3(0.4) 77.7(0.4) 77.7(0.4) 76.9 (0.4) 78.4(0.4) 79.8(0.4) 79.8(0.4) 79.8(0.4)
Digital

Contrast 31.9(0.4) 18.1(18.6) 49.4 (0.5) 45.5(24.7) 62.9 (0.6) 35.0(10.7) 54.4(0.4) 47.4(0.9) 53.5(0.5) 57.6(6.9) 62.9 (0.6) 62.9 (0.6)
Pixelate 66.4(0.3) 67.8(0.3) 67.1(0.4) 68.4(0.4) 70.1(0.3) 69.0(1.1) 67.9(0.4) 65.8(0.2) 69.8(0.3) 74.7(0.2) 74.7 (0.2) 74.7(0.2)
JPEG 66.3(0.3) 67.9(0.4) 67.1(0.4) 68.1(0.4) 68.8(0.3) 68.3(0.4) 67.8(0.4) 66.5(0.7) 68.6(0.3) 71.6(0.3) 71.6 (0.3) 71.6(0.3)
Avg. 57.0(0.4) 57.2(3.7) 582(0.5) 60.8(2.9) 64.9(0.5) 58.6(3.5) 61.4(0.4) 59.8(0.6) 59.8(1.9) 66.5(1.1) 66.8(0.4) 66.8(0.4)

Table 6: Accuracy (%) with standard deviation across different corruption types
methods with ViT-Base on ImageNet-C (severity 5). Accuracy is calculated on th

and adaptation
e 6400 samples

used to adapt. The highest accuracy per corruption type is bold, and the second-highest is underlined.

The remaining five corruption types were used to train our method. (2)

Corruption No Adapt SAR TENT DEYO ROID CoTTA EATA FOA Surgeon SPA  Our (NC) Our (Entr.)
Noise

Gaussian 553(0.4) 58.0(0.2) 57.5(0.2) 58.2(0.3) 59.9(0.4) 54.3(7.7) 58.0(0.3) 57.3(0.5) 59.1(0.3) 61.0 (0.5) 58.0(0.3) 61.0(0.5)
Impulse 56.0 (0.1) 59.4(0.2) 58.6(0.2) 59.5(0.1) 61.2(0.4) 53.4(8.9) 59.3(0.3) 58.0(0.3) 60.6(0.2) 62.5(0.5) 60.0(1.9) 62.5(0.5)
Blur

Defocus 46.3(0.4) 51.9(0.6) 49.0(0.7) 52.7(0.4) 56.8(0.4) 48.9(2.6) 51.8(0.6) 45.2(0.5) 55.1(0.5) 54.6(1.0) 50.7(5.3) 54.6(1.0)
Glass 34.4(04) 45.1(0.8) 37.7(0.7) 45.8(0.6) 52.3(0.3) 38.5(0.5) 44.1(0.4) 33.8(0.6) 45.7(0.5) 55.0(0.2) 55.0(0.2) 55.0(0.2)
Motion 52.5(0.6) 57.1(0.7) 54.6(0.7) 57.5(0.7) 60.8(0.6) 56.4(0.7) 56.8(0.8) 51.5(0.5) 58.8(0.7) 63.8(0.3) 56.8(0.8) 63.8(0.3)
Zoom 43.8(0.3) 50.0(0.3) 46.7(0.5) 50.3(0.2) 55.4(0.4) 47.9(1.3) 49.4(0.4) 43.4(0.3) 51.8(0.2) 60.1(0.3) 49.4(0.4) 60.1(0.3)
Weather

Frost 62.3(0.8) 58.2(1.0) 58.5(0.8) 58.5(0.9) 62.8(0.5) 64.8(0.7) 58.5(0.7) 61.3(2.4) 60.9 (0.8) 69.0 (0.6) 64.7(5.3) 69.0 (0.6)
Brightness  77.2(0.4) 77.5(0.5) 77.2(0.4) 77.7(0.4) 78.3(0.4) 77.7(0.4) 77.7(0.4) 76.9 (0.4) 78.4(0.4) 79.8(0.4) 79.8 (0.4) 79.8 (0.4)
Digital

Contrast 31.9(0.4) 18.1(18.6) 49.4 (0.5) 45.5(24.7) 62.9 (0.6) 35.0 (10.7) 54.4 (0.4) 47.4(0.9) 53.5(0.5) 57.6 (6.9) 57.6(6.9) 57.6(6.9)
Elastic 453(0.2) 50.4(0.5) 47.4(0.4) 51.4(0.3) 583(0.5) 50.2(0.7) 50.3(0.3) 47.6(0.6) 52.8 (0.6) 66.3 (0.8) 66.3(0.8) 66.3 (0.8)
Avg. 50.5(0.4) 52.6(2.3) 53.7(0.5) 55.7(2.9) 60.9(0.5) 52.7(3.4) 56.0(0.5) 52.3(0.7) 57.7(0.5) 63.0(1.1) 59.8(2.2) 63.0(1.1)

Table 7: Accuracy (%) with standard deviation across different corruption types
methods with ViT-Base on ImageNet-C (severity 5). Accuracy is calculated on th

and adaptation
e 6400 samples

used to adapt. The highest accuracy per corruption type is bold, and the second-highest is underlined.

The remaining five corruption types were used to train our method. (3)
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Figure 5: Accuracy per batch for a model adapted using the SPA method on (a) Fog and (b) Contrast
(ImageNet-C) domains. Results are shown for five different batch orders, considering only the first
100 batches. This results are obtained if we do not apply pre-processing to the ImageNet-C images
(e.g. without normalisation).
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