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Abstract

Test-time adaptation (TTA) has emerged as a viable solu-
tion to adapt pre-trained models to domain shifts using unla-
beled test data. However, TTA faces challenges of adaptation
failures due to its reliance on blind adaptation to unknown
test samples in dynamic scenarios. Traditional methods for
out-of-distribution performance estimation are limited by
unrealistic assumptions in the TTA context, such as requir-
ing labeled data or re-training models. To address this issue,
we propose AETTA, a label-free accuracy estimation algo-
rithm for TTA. We propose the prediction disagreement as
the accuracy estimate, calculated by comparing the target
model prediction with dropout inferences. We then improve
the prediction disagreement to extend the applicability of
AETTA under adaptation failures. Our extensive evaluation
with four baselines and six TTA methods demonstrates that
AETTA shows an average of 19.8%p more accurate estima-
tion compared with the baselines. We further demonstrate the
effectiveness of accuracy estimation with a model recovery
case study, showcasing the practicality of our model recovery
based on accuracy estimation. The source code is available
at https://github.com/taeckyung/AETTA.

1. Introduction

The rise of deep learning has impacted various fields with
remarkable achievements [4, 13, 17, 32, 33]. In real-world
deep learning applications, the divergence between training
and test data, known as domain shifts, often leads to poor
accuracy. For instance, object detection models encountering
previously unseen data (e.g., variations of objects) or dis-
tributional shifts (e.g., weather changes) might suffer from
performance degradation. To overcome this challenge, Test-
Time Adaptation (TTA) [2, 11, 12, 28, 29, 34-36] has been
regarded as a promising solution recently and actively stud-
ied. TTA aims to adapt pre-trained models to domain shifts
on the fly with only unlabeled test data.

Despite recent advances in TTA, significant challenges
hinder its practical applications. The core issue is that TTA’s

Online Test Streams

Mode|A$ - -
Model B @ 5 ol

Proposed Method

Adapted Accuracy
Model ' Estimation

Prediction
¥ Disagreement — =

B
+y D = Estimated acc.

Dropout G,
Inferences \7

Figure 1. AETTA estimates the model’s accuracy after adaptation
using unlabeled test data without needing source data or ground-
truth labels. AETTA can be integrated into existing TTA methods
to estimate their accuracy under various scenarios.

reliance on unlabeled test-domain samples makes TTA sus-
ceptible to adaptation failures, especially in dynamic envi-
ronments where the domain continuously changes [29, 30].
Although recent TTA studies deal with dynamic test streams
in TTA [11, 12, 29, 35, 36], the inherent risk of TTA-
blind adaptation to unseen test samples without ground-
truth labels—remains a critical vulnerability. Notably, the
absence of ground-truth labels makes it difficult to moni-
tor the correctness of the adaptation. While various out-of-
distribution performance estimation approaches have been
proposed [1, 5, 15, 27], such methods necessitate labeled
train data for accuracy estimation, which is impractical for
TTA scenarios.

In light of these challenges, we propose AETTA (Accu-
racy Estimation for Test-Time Adaptation), a novel accuracy
estimation method designed for TTA without reliance on
labeled data or source data access (Figure 1). AETTA lever-
ages prediction disagreement with dropout inferences, where
the prediction disagreement between the adapted model and
dropout inferences serves as a basis for performance estima-
tion. To enhance AETTA’s robustness to adaptation failure
scenarios, we propose robust disagreement equality that dy-
namically adjust the accuracy estimates based on model
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failures. The key idea is to extend the well-calibration as-
sumption (i.e., predicted probabilities of expected model
predictions are neither over-/under-confident [21]) to cover
over-confident models (e.g., adaptation failures) via adaptive
scaling of the predicted probability. In addition, we provide
theoretical analysis on how AETTA can estimate accuracy
with unlabeled test data.

We evaluate AETTA on three TTA benchmarks
(CIFAR10-C, CIFAR100-C, and ImageNet-C [18]) with
two scenarios of fully TTA (i.e., adapting to each corrup-
tion) [34] and continual TTA (i.e., continuously adapting to
15 corruptions) [35]. We evaluate the accuracy estimation
of AETTA integrated with six state-of-the-art TTA algo-
rithms [12, 28, 29, 34-36]. We compare AETTA with four
baselines that could be applied in the TTA setting. The result
illustrates that AETTA shows an average of 19.8%p more
accurate estimation compared with the baselines in various
TTA methods and evaluation scenarios.

Furthermore, we explore the impact of performance es-
timation in TTA through a case study where we avoided
undesirable accuracy drops in TTA based on AETTA. We
propose a simple model recovery algorithm, which resets the
model when consecutive estimated accuracy degradation or
sudden accuracy drop are observed. Our case study shows
that our model recovery algorithm with accuracy estimation
achieved 11.7%p performance improvement, outperforming
the best baseline that knows when distribution changes by
3.0%p. The result shows an example where accuracy estima-
tion could benefit TTA in practice.

2. Preliminaries
2.1. Test-Time Adaptation (TTA)

Consider the source data distribution DS, and the target
data distribution D7 and its random variable (X,Y"), where
Y is typically unknown to the learning algorithm, and K
is total number of classes. The covariate shift assump-
tion [31] asserts a disparity between the source and tar-
get data distributions, defined by D% (x) # D7 (x) while
maintaining consistency in the conditional label distribution:
D3 (ylx) = D7 (y[x).

Let h ~ H 4 denote a hypothesis that predicts a single
class for a single input and f denote a corresponding soft-
max value before class prediction. We define the hypothesis
space H 4 as a hypothesis space H induced by a stochastic
training algorithm A [21]. The stochasticity could arise from
a different random initialization or data ordering.

Assuming an off-the-shelf model hg ~ H 4 pre-trained
on D, the goal of (fully) test-time adaptation (TTA) [34]
is to adapt hg for the target distribution D7 to produce h,
using a batch of the unlabeled test set in an online manner.

2.2. Accuracy Estimation in TTA

We adopt a common TTA setup where source data is unavail-
able and target test data lacks labels [12, 28, 29, 34-36]. The
objective of TTA accuracy estimation is to predict the test
accuracy (or error) with unlabeled test streams.

Given an adapted model h(-; ©) at time ¢, we denote the
test error of model h(+; ©) by:

Errpr(h) £ Epr[L(h(X) #Y)]. (1)

Note that we use the terms test accuracy and test error de-
pending on the context, and the sum of them is 1. Given the
temporal nature of TTA, we consider estimating the accuracy
of the model h(-; ©)-which has been updated before time
t—with the test batch X. Following the estimation, the test
batch X is used for adaptation.

3. Methodology
3.1. Disagreement Equality

We introduce an approach for estimating the test error of a
model that is adapted at test time. The key idea is to compare
the model’s output against outputs generated through dropout
inference. Remarkably, this estimation process does not rely
on access to the original training or labeled test data, which
contrasts with existing accuracy estimation methods [1, 5, 15,
21, 27]. For example, generalization disagreement equality
(GDE) [21] proposes a theoretical ground for estimating
model error by measuring the disagreement rate between
two networks. However, GDE requires multiple pre-trained
models from different training procedures to calculate the
disagreement rate.

Instead of multiple pre-trained models, our strategy uti-
lizes dropout inference sampling, a technique where random
parts of a model’s intermediate layer outputs are omitted dur-
ing the inference process [9]. From a single adapted model,
we simulate the behavior of independent and identically dis-
tributed (i.i.d.) models by dropout inference sampling.

Definition 3.1. The hypothesis space H 4 satisfies the
dropout independence if for any i ~ H 4, h and its dropout
inference samples are i.i.d. over H 4.

To estimate the accuracy of the model, we propose pre-
diction disagreement with dropout inferences (PDD) that
calculates a disagreement between the adapted model A(-; ©)
and the dropout inferences h(-; ©%°P°U*) with respect to test
samples as:

N

PDDDT(h) £ Epr %Z 1 [h(){'7 @) 7& h(X; @dropouti)} ’
=1

(2

where IV is the number of dropout inferences.



We now provide the theoretical background to estimate
test error with PDD. We first define the expectation function
h [21] over hypothesis space H 4, which produces proba-
bility vector of size K. For k-th element hy,(x), we define:

I (%) £ Eneau [L[0(x) = K], 3)

which indicates the probability of a sample x sampled from
DT being classed as the class k. Note that the expectation
function does not represent the model’s accuracy; it indicates
the probability of the input being classified as a particular
class, regardless of the ground truth labels.

Then, we define a confidence-prediction calibration as-
sumption, indicating that the value of h for a particular class
equals the probability of the sample having the same ground-
truth label [21].

Definition 3.2. The hypothesis space H 4 and correspond-
ing expectation function h satisfies confidence-prediction
calibration' on D7 if for any confidence value ¢ € [0, 1]
andclassk € [1,---, K]:

p(Y =klhe(X) =q) = q. )

With PDD and the assumption of dropout independence
and confidence-prediction calibration, we are able to esti-
mate the model’s prediction error h (Theorem 3.1). Detailed
proof is provided in the Appendix A.1.

Theorem 3.1 (Disagreement Equality). If the hypothesis
space H 4 and corresponding expectation function h satisfies
dropout independence and confidence-prediction calibration,
prediction disagreement with dropouts (PDD) approximates
the test error over H 4:

Ep~w 4 [Errp7 (h)] = Epop [PDDp (R)]. 5)

3.2. Robust Disagreement Equality

Adaptation failures in TTA are often coupled with over-
confident incorrect predictions. Figure 2 shows an illustra-
tive example of this case; as the expectation function’s ac-
curacy drops, the confidence increases, and predictions are
skewed towards a few classes”. This violates the confidence-
prediction calibration, leading to a high misalignment be-
tween test error and PDD (red lines in Figure 3).

To tackle the issue, we propose a robust confidence-
prediction calibration to provide the theoretical ground
of accuracy estimation for both well-calibrated or over-
confident expectation function h.

'We rename the term from class-wise calibration [21] to clearly state
the purpose of the calibration.

2Using the probabilistic property of expectation of dropout infer-
ences [9], we approximate h(X) as Ez_, [Edropous [1(X; ©%FoPoRE)]].
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Figure 2. Batch-wise accuracy, confidence, and prediction distribu-
tion when a model failed to adapt. TENT [34] is used on CIFAR100-
C with continually changing domains. The model becomes over-
confident, and predictions are skewed.

Definition 3.3. The hypothesis space H 4 and correspond-
ing expectation function h satisfies robust confidence-
prediction calibration on D7 if for any confidence value
q € [0,1], any class k € [1,- - -, K], and the over-confident
class k', there exists a weighting constant b > 1 and corre-
sponding 0 < a < 1 that satisfies:

p(Y = K'|hw(X) = q) = aq, (6)

and )
p(Y = klh(X) = q) =bg fork #K. (D)

Robust confidence-prediction calibration adjusts the over-
confident expectation function h to have a lower probability
on the misclassified class k¥’ via multiplying a < 1. Note
that we can easily expand Definition 3.3 for multiple over-
confident classes. Then, we estimate the test error with The-
orem 3.2 (detailed proof in the Appendix A.2).

Theorem 3.2 (Robust Disagreement Equality). If the hy-
pothesis space H 4 and corresponding expectation function
h satisfies dropout independence and robust confidence-
prediction calibration with a weighting constant b, predic-
tion disagreement with dropouts (PDD) approximates the
test error over H 4:

Eh~7—LA [EerT(h)} =b EhN’HA [PDDDT (h)] —C, (8

where
C= / (b—a) a(1 — @) p(h(X) = @)da. (9
q€[0,1]

3.3. Accuracy Estimation for TTA

With Theorem 3.2, we propose an empirical approach to
estimate the single model test error. Our experiments show
that a single model’s disagreement (and the test error) lies
close to the robust disagreement equality. This aligns with
the previous finding that a single pair of differently-trained
models’ disagreement rate (and the test error) lies close to
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Figure 3. Correlations between the confidence value of estimated expectation function h and (1) ground-truth accuracy (GroundTruth), (2)
conditional probability p(Y” = k’|ﬁk/ (X) = q) of confidence-prediction calibration (CPC), and (3) robust confidence-prediction calibration
(RCPC). We used six TTA methods in CIFAR100-C with continual domain changes. We observed accuracy degradation in TENT and EATA
and improvement in SAR, CoTTA, RoTTA, and SOTTA. When models failed to adapt, the original CPC misaligned with the ground truth. In
contrast, our WCPC dynamically scaled the probability p, thus showing better alignment.

the disagreement equality [21]. Therefore, we approximate
a single model test error as:

EerT(h) ~ b PDD'DT(h), (10)
where we omit C' due to the insufficient information regard-
ing the true value of p(hy (X) = ¢). Note that C' ~ 0 for
models with calibration.

Now, we discuss selecting a proper weighting constant b.
Note that a desirable b should dynamically suppress the over-
confident expectation function depending on the context so
that the confidence-prediction calibration assumption holds.
To this end, we use the skewness of the predicted outputs as
an indicator of model over-confidence. Out intuition is based
on the observation that the predicted class distribution is
highly skewed when the adaptation fails (Figure 2b), which
aligns with the findings from prior studies [19, 24]. Specifi-
cally, we estimate the skewness of predictions by calculating
the entropy (Ent) of the batch-aggregated softmax values
from the dropout inferences over a test batch Xj:

1

m Z f(X; (__)dropouti) 7

1
E®'8 = Ent )i Z
1=1 xeX;

a1
where £2"8 would maximize as E™* = Ent (1 /K) with
uniform predictions among the batch (e.g., no failures); while
the minimum value would be 0 when entire batch predicts a
single class (e.g., adaptation failures).

We then model b with £2"€ as:

- (22)

where « € [0, 00) is a hyperparameter. If the adaptation does
not fail, predictions are uniformly distributed as E2"8 =
E™* and b = 1. Note that a = b = 1 drives Theorem 3.2
to be equivalent to Theorem 3.1. We found that modeling b
with the average batch-wise entropy effectively corrects the
correlation between confidence and prediction probability,
as illustrated in Figure 3 (blue dots).

Eave
Ernax

12)

Finally, with Equation 10 and Equation 12, we propose
Accuracy Estimation for TTA (AETTA):

Eave
Emax

Errpr(h) %( >_ PDDp7 (h). (13)

Observe that « 0 and oo result in Errpr(h) =
PDDp7 (h) and Exrrp7(h) = 1, respectively. Setting a small
« would result in a lesser penalty with adaptation failures.
On the other hand, choosing a high o would undesirably
penalize model improvement cases. Our experiment found
that accuracy estimation is not too sensitive to o (Figure 5b),
and we chose o = 3 for the other experiments.

Algorithm 1 AETTA: batchwise TTA accuracy estimation

Input: Test batch X;, model f, number of dropout infer-
ences [V
PDD + 0
Yere o
Y f(X4;0)
fori e {1,---,N} do
Yd — f(Xt;edropouti)
Y8 Y8 4 Avg(YY)
PDD < PDD + Avg(1[arg max(Y) # arg max(Y9)))
Yave %Yavg

PDD <— +-PDD > Avg. over dropouts

E2v8 + Ent(Y?"8) > Entropy of avg. batch
av| -«

Err + (£5) PDD > Errpr(h)

Acc +— 1 —Err

We summarize the accuracy estimation procedure in Algo-
rithm 1. We first infer with the adapted model for the current
test batch X;. Then, we repeatedly perform dropout infer-
ence sampling. With NV samples from dropout inferences, we
estimate the entropy of the batch-aggregated softmax output
E?"8_ Finally, we calculated the expected error of the model
by AETTA. We apply the exponential moving average to the
final accuracy estimation for stable error estimation.



Table 1. Mean absolute error (MAE) (%) of the accuracy estimation on fully TTA (adapting to each corruption type). Bold numbers are the

lowest error. Averaged over three different random seeds for 15 types of corruption.

TTA Method
Dataset Method TENT [34]  EATA [28] SAR[29]  CoTTA[35] ROTTA [36]  SoTTA [12] Ave. (1)
SrcValid 18.37 £0.29 14.37 033 21.28 +0.27 18.43 x0.16 20.35 131 13.13 0585 17.66 +0.24
Fully SoftmaxScore [7] 6.26 +0.49 478 +0.12 5.21 +022 10.96 +0.28 6.01 +0.23 4.97 +0.50 6.37 +0.10
CIFAR10-C GDE [21] 18.69 +0.28 16.95 +0.22 21.25 +0.27 14.50 +0.03 23.27 043 16.45 +0.21 18.52 +0.13
AdvPerturb [23] 23.06 +1.17 24.97 +1.00 21.89 +0.95 18.00 +0.82 19.35 +0.99 23.68 +0.85 21.83 +0.92
AETTA 4.00 +0.03 3.87 z0.14 3.89 +0.07 6.83 047 6.44 =135 5.28 +0.87 5.05 046
SrcValid 38.96 +0.22 10.71 +031 42.68 +0.21 44.58 +0.30 23.50 +051 19.34 +0.63 29.96 +0.09
Fully SoftmaxScore [7] 17.34 +0.10 27.86 +1.11 24.56 +0.25 34.50 035 24.18 +0.19 23.98 +0.21 25.40 +023
CIFAR100-C GDE [21] 40.11 =0.05 71.53 +2.12 42.51 023 33.21 024 48.02 +0.56 34.24 +0.12 44.94 +0.23
AdvPerturb [23] 24.17 +041 8.22 +0.56 22.91 +0.60 20.53 +0.14 17.84 +0.65 25.77 047 19.91 +0.26
AETTA 6.89 +0.15 20.15 +1.70 6.54 +0.15 6.05 +0.12 6.88 +0.10 5.29 +0.18 8.63 0.4
SrcValid 39.13 +0.89 35.89 +0.79 29.77 +0.94 41.09 +0.53 10.28 +0.28 16.00 +0.33 28.69 +0.54
Fully SoftmaxScore [7] 20.67 +0.01 21.06 +0.03 24.42 +0.08 19.62 +0.02 21.03 x0.04 23.60 +0.07 21.73 +0.03
ImageNet-C GDE [21] 70.58 +0.01 66.17 +0.07 63.48 +0.03 72.76 +0.02 66.39 +0.04 52.74 +0.02 65.35 +0.02
AdvPerturb [23] 12.56 +0.03 14.52 +0.01 18.76 +0.06 11.05 z0.02 12.93 x0.04 22.90 +0.02 15.45 +0.02
AETTA 6.14 +0.03 6.48 +0.02 6.43 +0.09 6.02 +0.03 14.82 +0.01 17.40 +0.26 9.55 +0.07

Table 2. Mean absolute error (MAE) (%) of the accuracy estimation on continual TTA (continuously adapting to 15 consecutive corruptions).

Bold numbers are the lowest error. Averaged over three different random seeds for 15 types of corruption.

TTA Method
Dataset Method TENT [34]  EATA [28] SAR[29]  CoTTA[35] ROTTA[36] SoTTA[I2] Avg. (1)
SrcValid 10.84 +1.83 11.06 +o0.11 21.29 +0.26 18.30 +0.25 13.37 +0.89 9.40 085 14.04 +0.58
Continual SoftmaxScore [7] 41.10 1166 1540 473 521 +022 12.96 +0.37 12.57 043 4.37 £0.09 15.27 251
CIFAR10-C GDE [21] 46.29 +10.93 26.44 +5.16 21.25 +0.27 14.69 +o0.15 17.50 +0.30 17.03 0.70 23.87 +2.43
AdvPerturb [23] 15.56 +1.53 20.93 +2.83 21.88 +0.93 17.79 +0.74 22.95 082 23.63 +0.78 20.45 £ 1.17
AETTA 9.05 +1.02 7.13 333 3.89 +0.06 5.82 +030 5.36 +1.22 4.73 +034 6.00 =035
SrcValid 11.00 +0.58 1.68 +o0.18 38.20 022 46.09 +0.38 1943 +1.17 17.16 +1.57 22.32 +052
Continual SoftmaxScore [7] 58.29 +1.82 76.58 +0.71 24.05 +0.29 36.27 +0.68 27.19 x0.12 21.89 +035 40.71 +043
CIFAR100-C GDE [21] 80.87 +1.29 94.01 043 39.21 £0.22 35.43 +030 41.68 045 35.29 +0.27 54.41 +0.18
AdvPerturb [23] 10.12 +0.24 1.97 +033 24.93 +0.57 19.62 +o0.15 21.18 071 25.12 +0.39 17.16 £0.32
AETTA 5.85 036 4.18 +0.82 6.67 +0.12 6.55 +0.17 5.86 +0.10 5.32 018 5.74 +0.13
SrcValid 33.30 +0.93 36.42 +0.76 22.30 +0.55 41.06 +0.54 9.56 +0.26 14.28 +0.28 26.15 +0.53
Continual SoftmaxScore [7] 19.34 +0.02 20.16 +0.05 21.91 zo.16 19.63 0.1 17.56 +0.08 19.67 +0.50 19.71 +053
ImageNet-C GDE [21] 68.30 +0.01 66.58 +0.03 64.36 +0.15 72.81 +0.07 73.76 +0.22 55.76 +0.45 66.93 +0.14
AdvPerturb [23] 14.82 +0.02 14.15 x0.06 19.17 +0.14 11.06 z0.02 11.05 z0.05 20.83 +0.39 15.18 +0.09
AETTA 5.66 +0.05 6.73 £0.03 6.68 +0.04 5.98 +0.04 11.19 z0.12 19.22 +0.79 9.24 +0.14

4. Experiments

We describe our experimental setup and present the results.
Please refer to the Appendix D for further details.

Scenario. We consider both fully (non-continual) and contin-
ual test-time adaptation scenarios. In the fully TTA setting,
target domains are each corruption type [34], while in the
continual setting, the target domain continually changes to
15 different corruptions [35]. During adaptation, we calcu-
late the accuracy estimation for every batch and report the
mean absolute error between the ground-truth batch-wise
accuracy. We ran experiments with three random seeds (0,
1, 2) and reported the average values. We use the test batch
size 64 for all TTA baselines, with a memory size 64 for
ROTTA [36] and SoTTA [12]. We specify further details of
the hyperparameters in the Appendix D.2.

Datasets. We use three standard benchmarks for test-time
adaptation: CIFAR10-C, CIFAR100-C, and ImageNet-

C [18]. Each dataset contains 15 different corruptions
with five levels of corruption, where we use corruption
level 5. CIFAR10-C/CIFAR100-C/ImageNet-C contains
10/100/1,000 classes with 10,000/10,000/50,000 test data,
respectively. We use pre-trained ResNet18 [17] as an adapta-
tion target, following a recent study [12].

TTA Methods. We consider six state-of-the-art TTA meth-
ods. TENT [34] updates BN parameters with entropy min-
imization. EATA [28] utilizes entropy thresholding-based
sample filtering and anti-forgetting regularization. SAR [29]
also adapts sample filtering with sharpness minimization [8].
CoTTA [35] addresses the continual setting by augmenta-
tions and stochastic restoration of model weights to avoid
catastrophic forgetting. ROTTA [36] adapts with robust batch
normalization and category-balanced sampling with timeli-
ness and uncertainty. SOTTA [12] utilizes high-confidence
uniform-sampling and entropy-sharpness minimization for
robust adaptation in noisy data streams [8].
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Figure 4. Qualitative results on continual CIFAR10-C, CIFAR100-C, and ImageNet-C.

Accuracy Estimation Baselines. We evaluate four distinct
accuracy estimation baselines that could be applied to TTA
settings: SrcValid, SoftmaxScore, GDE, and AdvPerturb.

e SrcValid is a widely used technique that validates per-
formance by leveraging labeled source data. It computes
the accuracy using a hold-out labeled source dataset to
estimate the target performance. Importantly, the hold-out
source data for validation were not used for training in
other baselines to ensure they do not affect the model per-
formance. Note that TTA usually assumes that source data
are unavailable during test time; hence, this baseline is
unrealistic in TTA. We nonetheless include SrcValid as
one of our baselines to understand its performance when
the source data are accessible.

¢ SoftmaxScore [7] utilizes the confidence scores derived
from the last softmax layer as the model’s accuracy, which
is also a widely used baseline [5, 6]. It estimates the target
domain accuracy by averaging softmax confidence scores
computed from the current test batch. In addition, we
apply temperature scaling [16] to improve the estimation
performance [10].

* Generalization disagreement equality (GDE) [21] aims to
estimate test accuracy by quantifying the (dis)agreement

rate between predictions on a test batch generated by a pair
of models. Since training multiple models is impractical,
we compare the current adapted model and the previous
model right before the adaptation. We also report a com-
parison with the original GDE and multiple pre-trained
models in Appendix B.

* Adversarial perturbation (AdvPerturb) [23] also aims
to estimate the OOD accuracy by calculating the agree-
ment between the domain-adapted model and the source
model, where adversarial perturbations on a test batch are
applied to penalize the unconfident samples near the de-
cision boundary. We note that the original paper aims to
predict the accuracy of the source model, while our goal
is to predict the accuracy of the adapted model.

Results. Table 1 and Table 2 show the results on the fully
and continual TTA settings. We observe that none of the
baselines could reliably predict the accuracy among different
scenarios. On the other hand, AETTA achieves the lowest
mean absolute error, including adaptation failure cases (e.g.,
TENT in continual CIFAR10/100-C). On average, AETTA
outperforms baselines by 19.8%p, validating the effective-
ness of our robust prediction disagreement in diverse scenar-
ios. More details are in the Appendix F.
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Figure 5. Impact of hyperparameters on the accuracy estimation
performance.

Qualitative Analysis. We qualitatively analyze the results
of the baselines and AETTA to understand the behavior.
Figure 4 visualizes the ground-truth accuracy and the
estimated accuracy from the baselines and AETTA under
adaptation failure and non-failure cases. The Gaussian
filter is applied for visualization. We observe that AETTA
generally shows a reliable estimation of the ground-truth
accuracy in diverse scenarios (fully and continual) and
datasets (CIFAR10/100-C and ImageNet-C). SrcValid cor-
rectly estimated when model accuracy decreases; however,
it consistently predicted high accuracy when the adaptation
did not fail. This limitation might be due to the distributional
gap between source and target data. SoftmaxScore [7]
captures the trend of ground-truth accuracy in some cases,
but it overestimates the accuracy when the model accuracy
drops. This is mostly due to the over-confident predictions
from the model. GDE [21] showed to constantly predict
high values among different TTA methods. Note that GDE
was originally designed to utilize various pre-trained models.
To use GDE in TTA, we utilize adapted models sampled
at different stages of adaptation. The result suggests that
utilizing multiple models from the single stochastic learning
process might not be sufficient to consist of independent
and identically distributed (i.i.d.) ensembles, leading to
inaccurate estimation. AdvPerturb [23] shows accuracy
estimations when ground-truth accuracy decreases but
shows high errors in other cases. We believe this happens
because it aims to evaluate the performance of the source
model, not the adapted model. We found similar patterns
were observed with different TTA methods.

Impact of Hyperparameter N. The number of dropout in-
ferences, IV, is a hyperparameter for calculating the test error.
We conducted an ablation study in continual CIFAR100-C
with varying N € {5,10,15}. As shown in Figure 5a, we
found the effect of hyperparameter N is negligible. We inter-
pret this result as the effect of calculating prediction disagree-
ment over sufficient batch size with dropout independence,
which could reduce the probabilistic variances from dropout
inference sampling. We adopt a single value of N = 10 for
the other experiments.

Impact of Hyperparameter o. We investigate the im-
pact of a, a hyperparameter to control the strength of ro-
bust confidence-prediction calibration. We conduct an ab-
lation study in continual CIFAR100-C with varying o €
{0,...,5}, where @ = 0 indicates no weighting, thus
Err = PDD. Figure 5b shows the result. Note that estima-
tions are often inaccurate when o = 0, which shows the
importance of our robust equality. Setting a reasonable «
is important to predict failed adaptation cases (TENT and
EATA) properly, but it is generally robust after certain values.
We adopt o = 3 for the other experiments.

5. Case Study: Model Recovery

The deployment of TTA algorithms encounters a significant
challenge when exposed to extreme test streams, such
as continuously changing corruptions [35]. Several TTA
algorithms (e.g., TENT [34]) were not designed to exhibit
robustness under such extreme conditions. Consequently,
the model weights are poorly updated, leading to perfor-
mance degradation, even worse than the source model.
Although recent studies attempt to manage dynamic test
streams [11, 12, 35], TTA algorithms are still susceptible
to adaptation failures [30]. To tackle the issue, we perform
a case study of model recovery based on the accuracy
estimation.

Recovery Algorithm. We introduce a simple reset algorithm
based on our accuracy estimation with AETTA. Our reset
algorithm detects two cases: (1) consecutive low accuracies
and (2) sudden accuracy drop. First, we reset the model
if the five recent consecutive estimated accuracies (e.g.,
t —4,---,t) are lower than the five previous consecutive
estimations (e.g.,t — 9,---,¢ — 5). This way, we can detect
the gradual degradation of TTA accuracy. Second, we apply
hard lower-bound thresholding, which resets the model if
the estimated accuracy is below the threshold (e.g., 0.2).
This could prevent catastrophic failure of TTA algorithms.

Baselines. Some TTA studies covered the model recov-
ery/reset as a part of the TTA algorithm: Episodic resetting
(Episodic) [37], where the model resets after every batch;
Model Recovery Scheme (MRS) [29], where the model re-
sets when the moving average of entropy loss falls below a
certain threshold; Stochastic restoration (Stochastic) [35],
where a small number of model weights are stochastically
restored to the initial weight of the source model; and Fisher
information based restoration (FisherStochastic) [3], which
applies stochastic restoration for layer importance measured
by Fisher information matrix. We also include a baseline
(DistShift), which assumes that the model knows when the
distribution changes and thus acts as an oracle. DistShift
resets the model when the test data distribution (corruption)
changes, which is not feasible in practice.



Table 3. Average accuracy improvement (%p) with model recovery. Bold number is the highest improvement. Averaged over three different

random seeds for 15 types of corruption.

TTA Method

Method TENT [34] EATA [28] SAR [29] CoTTA [35] ROTTA [36] SoTTA [12] Avg. (1)
Episodic [37] 33.58 +1.04 51.28 +0.52 -7.00 +0.26 1.65 +o0.10 -22.57 x0385 -26.40 £ 051 5.09 024
MRS [29] 24.12 +2.11 0.00 +0.00 0.00 +0.00 0.00 +0.00 -1.97 +223 0.00 +0.00 3.69 +0.22
Stochastic [35] 3593 +078 -0.01 +0.47 -2.00 +0.48 0.00 +0.00 -2.55 049 0.35 051 5.29 +0.19
FisherStochastic [3] 40.27 £1.29 0.12 +1.16 -4.85 +0.13 0.13 +0.03 -2.89 +0.13 -1.36 051 5.24 +0.29
DistShift 38.93 +1.15 22.17 238 -3.25 +0.10 1.51 £0.09 -7.63 £0.23 0.68 +0.19 8.74 0.5
AETTA 36.79 +1.20 48.64 +0.74 -5.66 +0.20 1.64 0.1 -6.03 +0.89 -4.97 +1.58 11.73 z 034
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Figure 6. An example of model recovery compared with DistShift.
Reset points are marked over the x-axis.

Results. Our simple recovery algorithm outperforms
the baselines, including DistShift, which relies on an
impractical assumption of knowing when the corruption
changes. Episodic [37] showed high accuracy improvements
under adaptation failures; however, it prevents continuous
adaptation, even without adaptation failures. MRS [29]
fails to recover among various TTA methods due to the
hard-coded threshold of loss value. Stochastic [35] and
FisherStochastic [3] show marginal improvements while
failing to recover EATA. Our proposed reset algorithm
successfully recovers from adaptation failures while
minimizing the negative effect on TTA without failures.

Qualitative Analysis. Figure 6 shows an example of our
model recovery compared with DistShift. Notably, our re-
covery algorithm resets only when an accuracy degradation
trend is detected. On the other hand, DistShift failed to re-
cover in the early steps since it resets the model only on
distribution shifts. This implies that estimating performance
degradation is more beneficial than knowing when the do-
main changes to improve TTA performance.

6. Related Work

Test-Time Adaptation. Recent progress in the field of
test-time adaptation (TTA) has focused on improving model
robustness [2, 11, 12, 28, 29, 35, 36] and addressing novel
forms of domain shifts [11, 12, 35]. On the other hand, an
analysis [30] pointed out the conventional TTA approaches
remain prone to adaptation failures and demonstrated the
importance of model recovery. In alignment with this insight,

trained models [1, 5, 15, 21, 27]. Accuracy-on-the-line [27]
and Agreement-on-the-line [ 1] have demonstrated a notable
linear relationship between performances in a wide range
of models and distribution shifts, relying on the consistency
of model predictions between in-distribution (ID) and out-
of-distribution (OOD) data. The Difference of Confidence
(DoC) [15] leverages differences in the model’s confidence
between ID and OOD data to estimate the accuracy gap
under distribution shifts for calculating the final OOD accu-
racy. Self-training ensemble [5] estimates the accuracy of
the pre-trained classifier by iteratively learning an ensemble
of models with a training dataset, unlabeled test dataset, and
wrongly classified samples. All these methods require la-
beled ID data to estimate OOD accuracy. To our knowledge,
no existing studies target the accuracy estimation in TTA
where source data and labels are unavailable.

7. Conclusion

We proposed a label-free TTA performance estimation
method without access to source data and target labels. Based
on the dropout inference sampling, we proposed calculating
the prediction disagreement to estimate the TTA accuracy.
We further improved the method with robust disagreement
equality by utilizing the batch-aggregated distribution to pe-
nalize skewed predictions. Our method outperformed the
baselines in diverse scenarios and datasets. Finally, our case
study of model recovery showed the practicality of accuracy
estimation. Our findings suggest that accuracy estimation is
not only feasible but also a valuable tool in advancing the
field of TTA without the need for labeled data.
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AETTA: Label-Free Accuracy Estimation for Test-Time Adaptation

Supplementary Material

A. Proof of Theorems
A.l. Proof of Theorem 3.1

We start expanding test error Err with few modifications from GDE [21]:

EhN?‘lA [EIIDT <h)]
2 By [Epr[1(h(X;0) # V)]
= Ep7[En,[L(A(X;0) #Y)]

/(1 — he(x)) p(X =x,Y =k, h(X) = q)dxdq

/ (1— hi(x)) (Y = k, h(X) = @)p(X = x|Y = k, h(X) = q)dxdq
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Then, we expand the prediction disagreement with dropouts (PDD) from its definition:

Ef~4 [PDDp7 (h)] (28)
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Equation 27 is equivalent to Equation 42:
EhNHA [EerT (h)] = Ehw’HA [PDDDT (h)]a (43)

which concludes the proof of Theorem 3.1.

A.2. Proof of Theorem 3.2

From robust confidence-prediction calibration, the over-confident model’s conditional probability of the major class &’ is
scaled by a, while other classes’ conditional probabilities are equally scaled up by b. Then, Equation 27 now becomes:

EhN’;'-LA [EII‘DT(h)] (44)
K—-1 B ~
= [ ST = KA = () = )1 - a)dg 45)
q€[0,1] x—o
- / o P =K () = (i) = )1 —0) + 3 p = K () = ps(X) =)L~y (40
k#£k’
— [ a6 =)= 0)+ 3 bap(a(X) = )1 - g
q€[0,1] le k!
(robust confidence-prediction calibration) 47
:/ aq(1 - q) p(hw (X) = q)dg + b/ > a(1—q) p(hi(X) = g)dg. (48)
[0,1] [0.1] 4 Zp

We rewrite Equation 48 as:

h 1 a -
/q o k; q(1 = q) p(hi(X) = @)dg = 7 En~rn [Error ()] = /q con q(1 - q) p(hw (X) = q)dg. (49)

Then, we rewrite PDD (Equation 42):
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= / Ta q(1—q) plhe(X) = q)dq + gEhNHA [Exrrpr(h)]. (Equation 49) (54)
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Finally, we obtain the equality between Err and PDD:
En~ata[Errp7 (h)] (55)

— b Ejn. [PDDpr (1)] — / L (ma)a ) plhae () = )y (56)

which concludes the proof of Theorem 3.2. Note that without weighting (a = b = 1), the result is identical to Theorem 3.1.



B. Additional Experiments

GDE with multiple pre-trained models. We compare AETTA with the original version of GDE (denoted as GDE*),
utilizing multiple pre-trained models with access to training data. We report the result in Table 4. Due to the misalignment of
confidence-prediction calibration, GDE* underperforms AETTA even with full access to source data.

Table 4. Mean absolute error (MAE) (%) of the accuracy estimation on continual CIFAR100-C.

TTA Method
Dataset Method TENT [34] EATA [28] SAR [29] CoTTA[35]  RoTTA[36]  SoTTA[I2] Ave. (1)
Continual GDE* [21] 14.54 +8.14 4.11 +243 7.27 +0.16 9.89 +0.29 7.44 +0.13 5.79 x0.23 8.17 £0.87
CIFAR100-C  AETTA 5.85 036 4.18 +0.82 6.67 +0.12 6.55 +0.17 5.86 +0.10 5.32 +0.18 5.74 +0.13

ImageNet-R. To demonstrate the dataset generality of AETTA, we report the accuracy estimation result on ResNet18
architecture on ImageNet-R (Table 5). AETTA outperformed the baselines in all TTA methods, showing AETTA is applicable
in various datasets (e.g., CIFAR10-C, CIFAR100-C, ImageNet-C, and ImageNet-R).

Table 5. Mean absolute error (MAE) (%) of the accuracy estimation on ResNet18 on ImageNet-R. Bold numbers are the lowest error.
Averaged over three different random seeds.

TTA Method
Dataset Method TENT [34]  EATA [28] SAR[29]  COTTA[35] RoOTTA[36]  SoTTA [12] Ave. (1)
SrcValid 37.00 +0.14 37.91 z0.18 36.58 +0.24 35.05 +0.16 34.43 +0.05 37.82 +041 36.46 +0.05
SoftmaxScore [7] 10.79 x0.17 13.87 +0.09 15.02 +0.14 14.76 +0.07 14.08 +0.04 12.25 + 042 13.46 +0.06
ImageNet-R  GDE [21] 62.81 +0.12 61.36 +0.14 63.27 +0.18 64.86 +0.10 62.64 +0.12 55.23 +0.29 61.70 +0.02
AdvPerturb [23] 13.42 +028 16.04 +0.36 17.90 +0.28 21.19 022 31.12 +0.12 991 +0.73 18.26 +0.03
AETTA 8.02 +0.12 6.87 +0.08 7.06 0.19 7.07 +o0.11 8.63 +0.19 6.79 +0.29 7.41 +0.05

ResNet50. To demonstrate the model generality of AETTA, we report the accuracy estimation result on ResNet50 architecture
on ImageNet-C (Table 6). AETTA outperformed the baselines in general, showing AETTA is applicable to diverse model
architectures.

Table 6. Mean absolute error (MAE) (%) of the accuracy estimation on ResNet50 on ImageNet-C. Bold numbers are the lowest error.
Averaged over three different random seeds for 15 types of corruption.

TTA Method
Dataset Method TENT [34]  EATA [28] SAR[29]  CoTTA[35] RoTTA[36]  SoTTA[I12] Ave. (1)
SrcValid 46.46 +0.15 34.19 +0.67 30.35 +0.75 46.47 047 12.28 +0.11 19.28 +0.18 31.50 +0.26
Fully SoftmaxScore [7] 23.58 +0.03 24.14 +0.04 26.22 +0.05 23.57 +0.04 24.32 +0.02 17.87 +0.24 23.28 +0.03
ImageNet-C GDE [21] 68.39 +0.04 57.08 +0.08 55.81 +0.06 68.36 +0.04 58.69 +0.09 48.15 033 59.41 +0.04
AdvPerturb [23] 12.77 +0.04 21.16 x0.05 23.66 +0.08 12.77 +0.05 16.44 +0.00 25.28 +0.32 18.68 +0.05
AETTA 6.14 +0.05 9.15 +0.03 8.50 +0.07 6.15 +0.04 28.28 +0.03 36.90 +0.36 15.85 +0.09
SrcValid 46.38 +0.10 35.83 +074 24.35 +1386 46.46 +0.22 13.79 z0.16 5.12 +029 28.65 +0.46
Continual SoftmaxScore [7] 23.58 +0.03 21.34 +0.06 16.64 +0.25 23.61 +0.01 19.99 +0.25 51.60 +0.75 26.13 +0.12
ImageNet-C GDE [21] 68.36 +0.03 58.41 +0.14 60.20 +0.24 68.38 +0.01 68.98 +0.52 86.08 +0.36 68.40 +0.09
AdvPerturb [23] 12.80 +0.04 19.82 +0.12 21.50 +0.14 12.77 +0.02 13.77 035 4.79 x0.17 14.24 +0.07

AETTA 6.15 +0.05 10.81 x0.01 6.41 +0.08 6.00 +0.04 14.90 =030 421 012 8.08 = 0.04




C. Discussion

Potential Societal Impact. The computational overheads associated with test-time adaptation (TTA) could raise environ-
mental concerns, particularly regarding carbon emissions. Our algorithm introduces /N extra model inferences for accuracy
estimation. Importantly, our approach of utilizing dropout inference is computationally lightweight compared to baseline
methods involving model retraining [21] and adversarial backpropagation [23]. Recent advancements, such as the memory-
economic TTA [20], are anticipated to tackle these challenges effectively. This implies that, despite the computational demands,
the environmental impact of our approach could be mitigated by integrating emerging strategies for resource-efficient TTA
implementations.

Limitations and Future Directions. Our research investigates the possibility of accuracy estimation for TTA with only
unlabeled data. A promising direction for further improvements is the (1) optimization of the weighting constant b (or
corresponding a), which stands to fine-tune the calibration process, and (2) estimation of the variable C' for more precise error
estimates. Also, we presented a case study on model recovery to demonstrate the practicality of accuracy estimation. While
we chose a heuristic method to reset the model for the simplicity of analysis, there exists room for improvement to be more
effective. Beyond model recovery, we also envision the potential of accuracy estimation in broader applications, such as model
refinement and maintenance processes, and enhancing the dynamics of human-Al interactions, which we leave as future work.

D. Experiment Details

We conducted all experiments under three random seeds (0, 1, 2) and reported the average values with standard deviations.
The experiments were performed on NVIDIA GeForce RTX 3090 and NVIDIA TITAN RTX GPUs.

D.1. Accuracy Estimation Details

AETTA (Ours). We used the number of dropout inference samples N = 10 and prediction disagreement weighting
hyperparameter o = 3 for all experiments. The maximum entropy for the model ™ is calculated as E"** = Ent(fK /K)
where K is a number of classes and TK is one vector with size K'; which results in 2.3, 4.6, and 6.9 for 10, 100, and 1,000
classes. We applied the Dropout module for each residual block layer in ResNet18 [17], where the dropout rate is 0.4, 0.3, and
0.2 for 10, 100, and 1,000 classes, following previous studies which apply different hyperparameters for different numbers of
classes [12, 28, 35].

SrcValid. For SrcValid, we used labeled source-domain validation data and calculated the accuracy. We used 1,000 random
samples from the validation set of the source dataset.

SoftmaxScore. For SoftmaxScore [7], we utilized the average softmax score for the current test batch as the estimated
accuracy. We additionally applied temperature scaling [16] with temperature value 7' = 2, which showed the best estimation
performance on CIFAR10-C, to enhance the estimation performance.

GDE. For generalization disagreement equality (GDE) [21], we calculated the (dis)agreement rate between predictions
of the test batch over a pair of models. Unlike the setting in domain adaptation of utilizing multiple pre-trained models, we
utilized the models in different adaptation stages. Specifically, we compared the two models: (1) the currently adapted model
and (2) the previous model right before the adaptation. This follows the suggestion that utilizing only two models is sufficient
to calculate disagreement [21].

AdvPerturb. Adversarial perturbation [23] estimates the source model accuracy by calculating the agreement between the
domain-adapted and source models by applying adversarial perturbation on the source model side. In the TTA setting, we
compared the test-time-adapted model with the source model and applied the FGSM [14] adversarial attack with attack size
following the original paper (¢ = 1/255).

D.2. TTA Method Details

In this study, we followed the official implementation of TTA methods. To maintain consistency, we adopted the optimal
hyperparameters reported in the corresponding papers or source code repositories. We also provide additional implementation
details and the use of hyperparameters if not specified in the original paper or the source code.



TENT. For TENT [34], we configured the learning rate as LR = 0.001 for CIFAR10-C/CIFAR100-C and LR = 0.00025
for ImageNet-C, aligning with the guidelines outlined in the original paper. The implementation followed the official code.’

EATA. For EATA [28], we followed the original configuration of LR = 0.005/0.005,/0.00025 for CIFAR10-C/CIFAR100-
C/ImageNet-C, entropy constant Ey = 0.4 x In K, where K represents the number of classes. Additionally, we set the cosine
sample similarity threshold e = 0.4/0.4/0.05, trade-off parameter 8 = 1/1/2, 000, and moving average factor o = 0.1. The
Fisher importance calculation involved 2,000 samples, as recommended. The implementation followed the official code.*

SAR. For SAR [29], we selected a batch size 64 for fair comparisons. We set a learning rate of LR = 0.00025, sharpness
threshold p = 0.5, and entropy threshold Fy = 0.4 x InK, following the recommendations from the original paper. The top
layer (layer 4 for ResNet18) was frozen, consistent with the original paper. The implementation followed the official code.’

CoTTA. For CoTTA [35], we set the restoration factor p = 0.01, and exponential moving average (EMA) factor o = 0.999.
For augmentation confidence threshold p;;,, we followed the authors’ guidelines as p;;, = 0.92 for CIFAR10-C, py, = 0.72
for CIFAR100-C, and p;;, = 0.1 for ImageNet-C. The implementation followed the official code.’®

ROTTA. For RoTTA [36], we utilized the Adam optimizer [22] with a learning rate of LR = 0.001 and 8 = 0.9. We
followed the original hyperparameters, including BN-statistic exponential moving average updating rate o = 0.05, Teacher
model’s exponential moving average updating rate v = 0.001, timeliness parameter A\; = 1.0, and uncertainty parameter
Au = 1.0. The implementation followed the original code.’

SoTTA. For SoTTA [12], the Adam optimizer [22] was employed, featuring a BN momentum of /m = 0.2 and a learning rate
of LR = 0.001 with a single adaptation epoch. The memory size was set to 64, with the confidence threshold C configured
as 0.99 for CIFAR10-C (10 classes), 0.66 for CIFAR100-C (100 classes), and 0.33 for ImageNet-C (1,000 classes). The
entropy-sharpness L2-norm constraint p was set to 0.5, aligning with the suggestion [8]. The top layer was frozen following
the original paper. The implementation followed the original code.?

D.3. Experiment Setting Details

Datasets. CIFAR10-C/CIFAR100-C/ImageNet-C [18] are the most widely used benchmarks for test-time adaptation
(TTA) [11, 12, 28, 29, 34-36]. All datasets contain 15 corruption types, including Gaussian, Snow, Frost, Fog, Brightness,
Contrast, Elastic Transformation, Pixelate, and JPEG Compression. Each corruption is applied in 5 levels of severity, where
we adopt the highest severity level of 5. CIFAR10-C and CIFAR100-C consist of 50,000 train images and 10,000 test images
for 10 and 100 classes. ImageNet-C consists of 1,281,167 train images and 50,000 test images for 1,000 classes.

Pre-Training. We employed the ResNetl8 [17] as the backbone network. The model is trained for each CIFAR10-
C/CIFAR100-C/ImageNet-C on the training dataset. For CIFAR10-C/CIFAR100-C, we utilized the stochastic gradient descent
with a batch size of 128, a learning rate of 0.1, and a momentum of 0.9, with cosine annealing learning rate scheduling [25] for
200 epochs. For ImageNet-C, we utilized the pre-trained model from TorchVision [26].

Test-Time Adaptation. For the fully TTA, each TTA method adapts to one corruption at a time. For the continual TTA, each
TTA method continually adapts to 15 corruptions in the predefined order of [Gaussian, Snow, Frost, Fog, Brightness, Contrast,
Elastic Transformation, Pixelate, and JPEG Compression], following the previous study [35]. For all experiments, we use the
batch size of 64, with memory size 64 for ROTTA [36] and SoTTA [12] for a fair comparison.

3https://github.com/DequanWang/tent
“https://github.com/mr-eggplant /EATA
Shttps://github.com/mr-eggplant/SAR
Shttps://github.com/ginenergy/cotta
Thttps://github.com/BIT-DA/RoTTA
8https://qithub.com/taeckyunq/sotta


https://github.com/DequanWang/tent
https://github.com/mr-eggplant/EATA
https://github.com/mr-eggplant/SAR
https://github.com/qinenergy/cotta
https://github.com/BIT-DA/RoTTA
https://github.com/taeckyung/sotta

D.4. Model Recovery Details (Section 5)

AETTA (Ours). With AETTA, our reset algorithm detects two cases: (1) consecutive low accuracies and (2) sudden accuracy
drops. For consecutive low accuracies, we utilize the information of estimated accuracy from each 5 batches. Regarding hard
lower-bound thresholding, we employ a threshold value of 0.2. We reset both the model’s weights to those from the source
model and the optimizer’s state to its initialization value.

Episodic. Episodic resetting was first introduced by MEMO [37], where the model resets after every batch. We reset both
the model’s weights and the optimizer’s state to its value before adaptation.

MRS. The Model Recovery Scheme (MRS) was initially introduced by SAR [29] to recover the model from collapsing.
The reset occurs when the moving average of entropy loss falls below a certain threshold. We utilized the threshold value of
0.2 introduced in the original paper. We reset both the model’s weights to those from the source model and the optimizer’s
state to its initialization value.

Stochastic. Stochastic restoration was first introduced by CoTTA [35]. A small number of model weights are stochastically
restored to the initial weights of the source model, with a certain probability specified by the restoration factor. We use the
restoration factor 0.01, as introduced in the original work.

FisherStochastic. Fisher information based restoration was proposed by PETAL [3], based on the stochastic restoration [35].
It applies stochastic restoration based on layer importance measured by the Fisher information matrix (FIM). We use an
FIM-based parameter restoration quantile value of 0.03 for CIFAR100-C, as recommended in the original paper. The parameter
with an FIM value less than 0.03-quantile would be restored to the original source weight.

DistShift. DistShift assumes that the model knows when the distribution changes and thus acts as an oracle. Resetting occurs
when the test data distribution (corruption) changes. We reset both the model’s weights to those from the source model and the
optimizer’s state to its initialization value.

E. License of Assets
Datasets. CIFAR10/CIFAR100 (MIT License), CIFAR10-C/CIFAR100-C (Creative Commons Attribution 4.0 International)
and ImageNet-C (Apache 2.0).

Codes. Torchvision for ResNet18 and ResNet50 (Apache 2.0), the official repository of TENT (MIT License), the official
repository of EATA (MIT License), the official repository of SAR (BSD 3-Clause License), the official repository of CoTTA
(MIT License), the official repository of ROTTA (MIT License), and the official repository of SOTTA (MIT License).



F. Result Details

We report the detailed results per corruption in the main experiments. Table 1 in the main paper is detailed in Table 7, Table 8§,
and Table 9. Table 2 in the main paper is detailed in Table 10, Table 11, and Table 12. Table 3 in the main paper is detailed in
Table 13.

Table 7. Mean absolute error (MAE) (%) of the accuracy estimation on fully CIFAR10-C. Averaged over three different random seeds.

Noise Blur Weather Digital

TTA Method Acc. Estimation Gau. Shot  Imp. Def. Gla. Mot. Zoom Snow  Fro. Fog Brit.  Cont.  Elas. Pix. JPEG Avg.(l)

2485 21.82 3241 11.60 3249 1278 11.16 1590 1790 13.12 846 12.62 21.53 1635 2257 1837

SreValid £083  £074  £090 2053  £150  £045  £062  +057  x104  £078  £035 %033 %126  +068 %126  +£029

Soft S 7 8.40 6.57 12.95 3.96 1430 3.76 3.52 4.40 6.20 4.08 3.13 4.06 6.62 4.63 7.32 6.26

oftmaxScore [7] (10 Loo1  s15 2050 #2012 2002 £036  £008  £094  £050 2008  £036  £100  £047  £140  £049

TENT [34] GDE [21] 2529 22.16 3275 12.07 3326 1278 1125 16.02 1857 13.56 8.81 1272 21.58 16.64 2297 18.69

+0.67 +0.78 +1.04 +0.92 +1.83 +0.55 +0.84 +0.55 +1.07 +1.14 +0.38 +0.25 +1.23 +1.03 +1.34 +0.28

48.04 44.69 4120 2888 1096 1875 2250 556 1427 10.58 248 5238 473 3574 520 23.06
AdvPerturb [23]

+226 +391 +5.55 +3.38 +2.02 +2.07 +1.34 +043 +242 +222 +0.08 +1.67 +0.25 +1.12 +0.10 +1.17

AETTA 4.12 4.67 4.59 3.14 7.05 3.20 3.07 3.66 4.07 3.32 2.70 4.29 4.01 3.69 4.41 4.00

£045  £042 %045 %011 %049 %003  £035 011 %058 %026  +005 019 038 013 %035 %003

SreValid 18.53 16.06 24.04 10.55 2395 11.72 1026 1281 12.85 1027 17.78 8.88 19.00 12.62 16.18 14.37

revall £043 106 %175 %025 %207  £061 =011 031 %048 %036 %032  £082 134 056  *101 %033

Soft S 7 4.75 3.85 9.08 4.14 8.77 3.92 4.44 3.50 3.54 4.02 4.79 4.22 4.38 3.58 4.70 4.78

oftmaxScore [7]  [46; 1037 2024 2041 £209 2009 042 5030  £039  £024 2048  £047 2040  £037 4042 £0.12

EATA [28] GDE [21] 22.88 2042 3068 11.07 30.04 1258 10.78 1499 1452 1148 8.27 932  21.01 1485 2131 16.95
= £072  £072 %046 %019 %250 %056  £038 028 %056 %03 %046  +048 2092 011 097 %022

5021 45.60 44.13 3134 1632 1930 2295 643 1752 1362 273 5600 493 3756 599 2497
436  £384  £472  £285  £062 178 £210 %019  £303 %085 015 %118 2006 %069 070  £100

386  4.09 5.56 3.07 6.88 3.42 3.07 3.25 3.48 3.31 2.73 2776 445 334 472 387

AdvPerturb [23]

AETTA £028  £025 2077 £023  £105 2020  £029  £003 012  £033 %011 %023 %010 %035 %075 %014
SreValid 32.05 3047 3729 1222 3383 1371 12.62 1837 19.73 14.61 9.26 13.12 2328 20.67 28.02 21.28
revall £103 2081 2079 2020  £043 2010  £036  +036  £052  +057 %024 %043 %020 %002 %054  £027
Soft S 7 4.21 4.08 5.52 6.28 4.89 5.92 6.49 4.85 4.86 5.80 7.11 5.34 4.26 4.55 3.94 5.21
oftmaxScore [7] /0% Lo17 k059 £031  £020 2026 052 2027  £029  £059  £048 030  £024  £009 %011  £022

31.88 3038 37.17 1222 3372 1371 12,62 1837 19.73 1461 926 13.12 2328 20.67 27.99 2125
£108  £085  +078  £020  +046 010  *036  £036  *052 %057  £024 %043 2020 %002 055 %027

4225 3773 3852 3055 9.85 1817 2166 460 1448 11.73 271 5281 492 3136 698 21.89

SAR [29] GDE [21]

AdvPerturb [23]

£234 2289 £453 301 £185  £149  £237  £060 %298  +052  £014 %208  £004  £089  £044  £095
AETTA 491 5.15 4.75 2.92 542 3.09 3.18 3.55 3.65 3.25 2.81 3.58 3.87 3.69 4.47 3.89

L084  £089 2019  +0I14  £047 2006  +021  +037 %017  +034 %006 %061  +015 %043 %023 %007

SreValid 23.70 21.84 2879 1246 2957 1392 1275 1730 17.21 14.75 9.26 1514 2129 17.69 20.78 1843

revall £075  £028 2021 033 £062  £006  £025  +041 %030  +051 %021 %006 %043 %014 %038 %016

Soft S 7 16.82 17.21 1633 6.71 1230  7.02 7.30 9.69 12.00 7.54 7.18 7.90 12.01 11.76  12.69 10.96

oftmaxScore [7] 45" Lo63 2022 2042 4015  £043 071 2048 063 £045  £056 061 5038  £074 4063  £028

CoTTA [35] GDE 1] 1565 1429 1935 12.08 21.18 13.08 12.20 1443 13.44 13.60 9.20 13.16 1640 1391 1546 14.50

+0.77 +0.35 +0.33 +0.17 +0.52 +0.16 +0.07 +0.15 +0.17 +0.49 +0.16 +0.30 +0.06 +0.58 +0.45 +0.03

16.79 1509 18.84 31.44 681 2083 2318 6.05 1183 1725 2.64 5525 1463 2196 741 18.00
£032  +£089  +383  £323 051 £216  £246  +033 156  +120  £006  +182  +£1.63  +1.58 068  +0.82

1534 1526 1498 3.02 645 3.22 320 411 5.57 3.48 279 424 556  6.10 9.18 6.83

AdvPerturb [23]

AETTA L106  £154 2087 £006  £060 =017  £028  +024 =048  +039 %005 %010  £063 %092 %089 %047
SreValid 2712 2775 1488 12.12 2535 5.02 4.88 1433  36.52 11.62 3555 3593 20.00 796 2623 20.35
reval £707  £621 %334 %316  £109 %023  £072  £302 %199 %144 %235  £082 014 072 %098 %131
Soft S 7 4.68 4.64 5.19 7.29 4.77 7.12 7.73 6.49 6.28 7.32 8.40 4.71 5.25 5.89 4.39 6.01
oftmaxScore [7]  [44  sous 2031 £050  £027 2050  £065  £031  £047 076 2059  £047 5004  £043  £014 2023
ROTTA [36] GDE 1] 3294 30.87 3940 12.02 34.18 1348 12.01 1790 21.73 1393 890 40.52 22.68 21.22 2731 2327
- £075  £091 2072 £022 2090  £048 2026  +080 =082  +051 %042 %250  +044 %037 %069  +043
AdvPerturb [23 40.38 36.59 35.02 29.64 929 1731 2145 481 1196 1124 270 2649 542 2992 8.06 19.35
VPerturb [23] U35 i0ks  saer £204  sl72 2101 250 2035 £241  £041  £009 484 2024 £045  £059  £099
AETTA 13.47 1335 9.74 3.55 542 3.68 3.88 4.45 493 4.51 3.31 12.13  4.66 4.97 4.57 6.44
+5.78 +5.69 +3.87 +0.44 +1.13 +0.27 +0.43 +0.93 +1.02 +0.62 +0.33 +6.65 +1.17 +1.13 +0.24 +1.35

SreValid 11.98 10.86 8.25 9.73 23.16 4.54 4.74 5.55 16.12  4.56 13.62  38.68 19.00 557 20.67 13.13

+4.00 +0.74 +0.47 +2.10 +0.58 +0.68 +1.04 +0.66 +2.74 +0.17 +2.37 +6.48 +0.45 +0.67 +0.57 +0.85

; 4.10 446 450 5.45 5.05 5.47 6.14 4.82 491 5.61 6.17 4.36 4.23 5.25 4.07 4.97
SoftmaxScore [7]

013 £027  #017  £1.04  £065  £0.69  +0.62 053  +097  £082 100  £085 =04l £070  £026  +0.50
SoTTA[12] GDE [21 2346 20.15 29.27 10.60 2884 11.03 10.00 13.53 1442 10.67 7.09 1381 19.08 1425 20.51 1645
21 £077  £046  +045  £038  +086  %0.11 056 £058  £016  £040  £009 %196  £052 %050 082  x021

AdvPerturb [23] 4794 4398 4474 30.14 1247 1881 2285 548 1601 1278 2.68 49.76 495 37.03 563 23.68

vrerturd |2 £336  +£357  £405  £233 281 £168 261 £077  £286  +113  £020  +232  £033 134  £043 085

9.08 9.51 9.23 3.58 5.01 3.63 3.77 386 499 424 305 5.15 433 5.43 4.41 5.28

AETTA +2.79 +2.49 +2.73 +0.27 +0.52 +0.45 +0.57 +0.42 +1.17 +0.90 +0.07 +1.28 +0.63 +1.39 +0.51 +0.87




Table 8. Mean absolute error (MAE) (%) of the accuracy estimation on fully CIFAR100-C. Averaged over three different random seeds.

Noise Blur Weather Digital
TTA Method Acc. Estimation Gau. Shot  Imp. Def. Gla. Mot. Zoom Snow  Fro. Fog Brit.  Cont.  Elas. Pix. JPEG Avg.(])
SreValid 46.38 45.01 51.81 3142 4943 3351 3137 39.05 38.89 3425 28.72 33.04 4181 3552 4424 38.96
revall L1017 116 £179 %067 %058  £064  £035  £033 %028 %038 %033 061  £075 051 066 %022
Soft S 7 13.70 1453 1133  20.57 1353 1991 21.14 1730 17.10 1895 21.15 17.26 18.07 19.69 1589 17.34
oftmaxScore [7] 74" L0585  £070  £040 4049  £060 025 2027  £023  £023  £002  +066 2057 013 4014  £0.10
TENT [34] GDE [21] 4921 4738 5491 31.71 50.52 3361 31.61 40.02 4032 3641 28.89 3274 4220 3620 4587 40.11
= £079  £087 %053 %036 %075 %070  £037 045 %013 %033 %017 %061  £070 011 %035 %005
AdvPerturb [23 3692 38.54 3593 31.08 2647 18.05 24.02 833 2192 1926 458 4838 543 37.17 642 24.17
VPerturb [23] U7 TL024 w049 w042 #0153 £082 2077 2053 £107  £003  £038 025 2010  £242  £025 204l
AETTA 6.55 6.09 7.60 5.57 10.27  6.05 5.60 8.26 7.21 5.81 5.54 7.32 6.99 5.50 8.96 6.89
£059 017 %031 %018 %036 %037  £053 009 %003 %009  £028  £056  £066 023 008 %015
SrcValid 7.65 7.33 7.51 1532 835 1356 12.54 9.21 8.91 9.31 17.52 1560 9.99 9.80 8.09 10.71
revall £094 033 %042 %191 %045  £108  £132 =168 %048 %073 %175  £077  £131 028 %044 %031
Soft S 7 36.65 35.32 40.06 1538 3565 19.64 20.05 27.09 31.54 24,67 1580 2568 31.88 26.64 31.81 27.86
oftmaxScore [7] V55 Tios k216 £148 4220  £202  £594  £480  £428  £445  s267 4741 2277 2228 4085 £Lil
EATA [28] GDE [21] 83.95 83.36 8821 5573 8437 6293 6031 7324 77.51 7026 40.71 62.07 79.02 7139 7995 7153
- £183  £131 %066 %368  +149  £276  £735 438 286 %424 %337 958  £284 =101 107 %212
AdvPerturb [23 9.32 8.30 5.08 16.05 5.75 7.72 1048  4.03 6.07 6.79 390 21.65 2.93 12.38  2.87 8.22
VPerturb [23] 0o L0so  s0l6  £145 087  £040  £196 2044 116  £107 2018  £692  £009 061  £007  £056
AETTA 18.86 1947 1876 17.54 26.65 21.51 1945 2039 1876 19.32 11.18 2344 2458 2048 21.82 20.15
£219  £146  £527  £156  +214  £148  £291 2207 179  £012  +182  £490  £069  +246 500  +170
SrcValid 5344 5146 59.19 3252 5390 3500 33.63 43.03 43.55 38.69 30.12 33.17 43.77 39.64 49.16 42.68
revall £056  +076 %077 %017 %052 %071 2021 048 %030 %040 %020 040 040 044 %023 %02l
Soft S 7 20.82 2198 1842 2791 20.67 2677 27.81 2433 2401 26.76 2792 2597 2572 2620 23.11 24.56
oftmaxScore [7] 465" o4 s024  £039  £057 2056  £020  £05I 2040 048 2006  £020 5041  £038 4008 2025
SAR [29] GDE [21] 53.09 51.11 5881 3245 5363 3491 33.60 4290 4342 38.63 30.05 33.08 43.65 39.50 48.87 4251
- £053 069 077 %021 %055 %076  £026 057 032 %043 %019  £044 2037 044 021 %023
AdvPerturb [23 35.15 36.42 3287 30.78 2387 1674 2252 721 21.01 1854 430 4828 5.65 3421 6.09 2291
VPerturb [23] U2 iies w113 2058 £107  £022 1046 £046  £061  £059  £042 016 2037  £297  £046  £060
AETTA 5.75 5.33 6.90 5.19 9.56 6.43 5.82 8.34 7.15 5.47 5.37 6.04 6.57 5.72 8.50 6.54
£045  £029 024 %022 £054  £032  £030 028  £038  +018  £019  £023 2050 033 %024 %015
Srevalid 53.11 51.88 57.18 36.41 5390 3859 37.33 4493 4430 4399 32.17 4150 4574 4052 47.13 4458
reval £039 044 %018 %061 %059  £067 2046 062 032 %046  £016  +122  £020 010 %013 %030
Soft S 7 34.06 35.00 3231 3288 32.16 33.73 3470 3625 3642 3635 3059 3211 36.57 3882 35.60 34.50
oftmaxScore [7]  ".540  Los0  £035  £053 4058 2076 £060  £096  £036  £055 2077  £049  £030  £021 4009  £035
CoTTA [35] GDE 1] 36.44 3559 38.06 31.10 38.74 31.56 30.66 3225 3199 32.19 29.77 33.19 33.02 2945 3416 3321
“ £063  £034 2050  £004 2055  £059  £031  +084 2024  +047 %036 %008  +017 %039 %050  +024
AdvPerturb [23] 26.80 26.32 2690 3256 12.67 2433 27.17 5.68 11.58 30.58 5.21 4759 10.03 1424 6.28 20.53
vierturb |2 £088  £095  £045 %056 %028  £097  £014 018 031 %042 %030  £076  £060 160 019  +0.14
AETTA 9.24 9.97 8.79 5.03 4.83 4.73 4.92 4.66 4.76 441 5.04 5.68 4.78 6.27 7.65 6.05
+0.38 +0.55 +0.53 +0.20 +0.22 +0.21 +0.11 +0.11 +0.43 +0.16 +0.36 +0.24 +0.22 +0.28 +0.15 +0.12
SreValid 28.06 29.10 1622 3438 1057 7.34 17.58 1431 30.17 1575 30.84 28.00 31.30 15.53 4338 23.50
reval £260  £249 043 £194  x113 %025  £221 155 %128 %245 %227 154  £165 136 %176 %051
SoftmaxS 7 18.70 19.63 17.09 29.83 21.67 28.86 30.26 2559 21.84 2833 2995 1355 27.63 2673 23.09 24.18
oftmaxScore [7] 56" 1063 2046  £032  £049  £009  £035 5036  £054  £032 2016 4061  £023  £037 5049  £0.19
RoTTA [36] GDE [21 59.99 5943 63.72 3371 56.11 36.10 34.68 4627 52.01 41.07 3191 62.02 4538 44.14 5379 48.02
- 21 L107  +LI1 2099 £018 2024 2055  £067  +067  +059  +017 %062 %022 %057 %105 %067 %056
AdvPerturb [23] 2547 26,56 2508 2892 1997 1541 21.68 6.37 13.92 15.02 450 20.75 6.84 28.80 8.34 17.84
vierturb |2 £149  £130 090 %025 %092 066  £069 019 074 %093 %035 125 053 346 %062 %065
AETTA 6.37 6.88 4.81 4.74 6.28 5.29 5.18 7.22 7.58 4.74 479  21.01 5.53 5.28 7.43 6.88
£121 £064 043 %023 %034 011 2042  £043 146  £026  +048 335  £049 056 121  +0.10
Srevalid 1343  12.55 8.28 37.61 1241 6.47 1299 1644 13.05 7.58 10.12  51.02 3545 11.12 41.55 19.34
revai £225  £141 168 %305 %374  £088  £160 142 %158 %080  £170 434 2057 435 %087 %063
SoftmaxS 7 21.66 22.18 1931 2596 21.08 2526 26.54 2457 2412 2549 2625 23.62 2530 25.17 2323 2398
oftmaxScore [7] g4 Lo4s  £005  £020  £062 2047  £043  £052  £019 1026 2047 1052 5045  £020 5039 021
SoTTA[12] GDE [21 41.62 40.60 48.16 2649 4428 28.68 26.67 33.51 34.05 3044 2430 2773 3620 31.28 39.52 3424
[_ ] +0.27 +0.39 +0.43 +0.24 +0.48 +0.42 +0.34 +0.51 +0.18 +0.51 +0.32 +0.69 +0.21 +0.44 +0.24 +0.12
AdvPerturb [23] 41.39 4135 38.06 32.19 2792 18.64 2483 10.19 2405 2134 484 4866 674 3848 7.88 25.77
vierturb |2 £133  £119 094 %031 %151 014 2076 029 %089 %074 %051  £026  £0I8 195 029 %047
AETTA 8.11 7.95 6.35 4.67 5.03 4.28 4.50 4.68 4.73 5.00 4.18 5.30 4.58 4.94 5.02 5.29
£091  £039 %055 %032 %026 018  £028 021 042 %037 %004 020  £007 048 019  +0.8




Table 9. Mean absolute error (MAE) (%) of the accuracy estimation on fully ImageNet-C. Averaged over three different random seeds.

Noise Blur Weather Digital
TTA Method Acc. Estimation Gau. Shot  Imp. Def. Gla. Mot. Zoom Snow  Fro. Fog Brit.  Cont.  Elas. Pix. JPEG Avg.(])
SreValid 53.54 52,12 5328 54772 53.66 4296 32.78 3725 38.77 2506 1047 5356 27.86 2235 28.55 39.13
revall £108 102 £095 %095 %107  £092  £083 096 %097 %094 %067  +077  +085  £070 071 %089
Soft S 7 11.11 1197 1135 9.82 10.59 19.16 26.76 2244 21.08 3141 3487 952 2883 3226 28.88 20.67
oltmax core[ ] +0.14 +0.06 +0.03 +0.09 +0.07 +0.09 +0.09 +0.05 +0.06 +0.05 +0.01 +0.04 +0.05 +0.14 +0.11 +0.01
TENT [34]  GDE [21] 85.03 8375 84.81 8574 84.87 7426 6429 6895 7047 5671 4178 84.43 5948 5393 60.29 70.58
= £014 006 %004 %009 %008 010  £008 006 %007 %002 %002 %009  £007 012 %014 %001
AdvPerturb [23 13.38  14.08 1344 443 5.21 11.48 1147 17.17 867 26.80 6.56 11.99 1797 19.11 6.69 12.56
VPerturb [23] )" 1005 s004  £005 2014 £005  £0.13 2003 £0.10  £003  £016  £003  £003  +014 2019  £003
AETTA 4.88 4.27 493 7.23 5.03 4.53 4.72 4.35 4.37 9.50 8.88 6.24 7.34 8.95 6.82 6.14
£010  £002 %009 %011 %015 %009  £012 013 %011 %012 %005 002  £006 021 %017 %003
SrcValid 50.34 4889 49.88 5247 51.11 40.01 28.80 3241 3523 2178 888 51.16 23.11 19.03 2530 35.89
revall £101 088 %076 %059 %057  £083 2084 071  £095 %093 %053  £097  £1I8 072 092 %079
Soft S 7 1231  13.18 1271 1026 1097 19.72 27.54 2379 2146 3090 3296 10.51 29.11 31.61 2890 21.06
oftmaxScore [7] (4 Jois  s004 014 £005 2003 £010 5012 £008  £011  £008  £008  £007  £008 004 2003
EATA [28] GDE [21] 81.21 79.99 80.82 77.04 7795 7022 60.30 6437 6725 5343 4026 76.64 5533 50.67 57.02 66.17
- £016 027 %003 %050 %007 %013  £002 0I5 %016 %010 %001  £003  £009 007 003 %007
AdvPerturb [23 1544 1626 1570 4.89 6.05 13.36 1492 2093 10.72 2938 5097 13.31 2232 21.23 7.34 14.52
VPerturb [23] o Lolo £007 2007 #0014  s001  £009  £014  £022  £013 2007 4014  £000  £019  £014 2001
AETTA 5.28 4.72 5.28 7.45 5.12 4.37 5.23 4.60 4.73 1046 9.22 5.38 8.25 9.47 7.68 6.48
£012  £005 007 %009 %010  £007  £0I8 013 %013 %012 %009  £009 016 010 005 %002
SreValid 39.53  37.69 39.79 43.89 4375 33.12 2552 2790 3143 17.14 9.03 40.82 19.89 16.74 20.27 29.77
revall +122 146 %136 %100 %082 %077  £106 086 103 %046 %071  +033  £125 089  *114 %094
Soft S 7 18.07 19.20 18.08 1490 1523 24.02 29.50 2657 23.87 33.16 3457 12.88 31.62 3320 3147 2442
oftmaxScore [7] 436 1020 2021  £025 4020  £006 006 2009 016  £011  £009 4175  £009 4020  £002  £008
SAR [29] GDE [21] 75.10 7320 75.19 77.65 7744 6624 58.62 6148 6523 50.56 4051 74.62 5329 49.16 5397 6348
- £028 021 %025 %021 %028 %007  £007 010 %016 %007 %012 %099  £008  £020 002 %003
AdvPerturb [23 2295 24.15 2286 7.84 1046 18.99 17.74 24.62 13.19 3289 6.06 2128 2545 2336 9.55 18.76
VPerturb [23] U007 Loii s025 £001 £036  £007 013 2002 £007  £005  £006 094 5043 015 5011  £006
AETTA 5.38 5.24 5.11 8.06 6.19 4.53 5.17 4.97 4.71 9.73 8.68 5.39 7.76 8.66 6.89 6.43
£027 016  £015 %004 %027  £008  £014 =011  £004 %016  +010  £033 2017 019 003 %009
Srevalid 5520 54.09 5487 56770 5543 4510 3491 39.13 40.12 2792 1068 56.19 29.77 2440 31.80 41.09
reval £050  £055 049 %086 %045  £055 2054 055 %054 %056 %044  x065  £049 041 %056 %053
Soft S 7 9.93 10.66 10.24  8.36 9.36 17.69 25.68 2147 20.57 3040 3507 7.79 28.04 31.69 27.39 19.62
oftmaxScore [7]  [405;  Loa1 2003 £010  £005  £004 4003 2007  £005  £006  £008  £0.13 2003 011  £008  £002
CoTTA [35] GDE 21] 86.85 85.76 86.52 88.18 87.04 76.83 66.63 70.86 71.81 59.64 4223 87.87 61.50 56.13 63.53 72.76
- £006  £003 2002 £002 2005 014  £003  +007 %006  +006 %009 %013 %003 %011 %008  +002
AdvPerturb [23 11.73  12.19 11.84 3.81 4.33 9.70 9.46 1550 7.86 24.07 6.72 9.11 1596 1756  5.96 11.05
VPerturb [23] 507 Jooo  £003  £006  £003  £009  £006 5003  £0.13  £009  £020 013  £009  £016  £034  £002
AETTA 4.76 4.00 4.79 7.69 5.04 4.63 4.49 4.39 4.25 8.97 8.81 6.70 7.00 8.44 6.27 6.02
£007  £004 2007  £0I8  £006  £008  £0I5  +008 =010  +012 %009 %018  £002 %019 %019 %003
SreValid 1532 1373 15.71 4.79 17.18 5.81 9.04 8.44 5.54 8.84 10.68 14.01 7.27 5.59 1232 10.28
reval £010 068  £0.04 %054 %134  £055  £150 080 %033 %121 %077  +055  £034 2027 091 %028
SoftmaxS 7 11.98 12.84 1231 9.96 10.93 19.51 27.15 2328 20.61 31.75 33.58 11.05 29.18 32.08 29.22 21.03
oftmaxScore [7] 547 Lo28  £013  £018  £012  £009  £018 5002  £0.11  £010  £005  £0.14 2004  £009  £010  £004
RoTTA [36] GDE [21 80.31 79.07 80.18 8225 81.56 7030 6045 6430 67.01 52.64 3845 7750 55.15 5024 5648 66.39
- 21 £005  £033 2021 £026  £012 =010  £017  +007 %025  +018 %003 %021 %007 %001 %020 %004
13.96 1455 1424 4.68 5.18 11.83 12.11 17.54 791 2754  6.71 1227 18.72 19.66  7.09 12.93
AdvPerturb [23] 000" L0300 w013 £009 2005 2005 2002 2006 2002 2011 2008 2011 2001 2002  £019 2004
AETTA 1433 1497 1449 8.62 7.53 1433 13.02 11.06 1236 17.18 16.82 8.27 1524 32.03 22.07 14.82
£004  £022 %010 %048 %033 2027  £016 016 %013 %013 %013 2027  £005  £007 %011 %00l
Srevalid 28.39 2590 2846 9.76 7.02 2134 1278 1859  6.08 18.38 12.63 22.00 1336 943 5.84 16.00
revai £039  £041 %079 %210 %068  £288  £176 086 071 %076 %092  £098  £119 081 067 %033
SoftmaxS 7 19.01 2058 19.52 1657 1793 2441 2795 2676 23.75 3023 30.71 6.66 30.04 30.52 29.35 23.60
oftmaxScore [7] 1, Lol £027 042 £007 2009 015  £028  £009  £010  £004  £036  £014  £009 021 2007
SoTTA[12] GDE [21 62.46 60.09 62.04 6431 6347 5392 48.60 50.02 54.63 42.15 3524 6478 4355 40.82 45.04 52.74
21 L0106  £020 =018 £025  £016  £034  £035  £029 =018  +015 %017 %007 %018 %015 %007 %002
AdvPerturb [23] 27.73 29.55 2838 12.10 1745 2433 23.11 3031 17.63 36.11 5,52 2122 31.03 2634 12.61 2290
vierturb |2 £010 021 %031 %029 %017 018  £023 026 %008 %008  +012 032 2008 010 %006 %002
AETTA 1792 1873 1632 14.69 7.64 1894 17.21 1692 1449 20.84 1854 12.70 2046 2544 20.13 17.40
£025  £095  £200 %133 %029  £059  £054 051 037 %002  £044 106  £039 042 017  £026




Table 10. Mean absolute error (MAE) (%) of the accuracy estimation on continual CIFAR10-C. Averaged over three different random seeds.

t
TTA Method Acc. Estimation Gau. Shot  Imp. Def. Gla. Mot. Zoom Snow  Fro. Fog Brit.  Cont.  Elas. Pix. JPEG Avg.(])
SreValid 2485 17.83 2228 8.89 19.20 8.62 7.16 9.00 8.13 7.34 4.44 6.28 7.70 5.22 5.68 10.84
1 £083  £152 %017 %117 %328 345  £271 373 %254 %232 %057 189  £352 167 %227  +183
Soft S 7 8.40 12.84 2430 2045 38.03 3745 3721 4253 4588 4995 49.10 5689 62.16 6330 68.01 41.10
oftmaxScore [7] (10 1207 2453 £700 21159 1478 51696  £1910  £1800 £1587  +1458 21263 1350  £1288  £1202  +1166
TENT[3]  GDE [21] 2520 2233 3367 2564 4516 4170 4088 4623 4925 5299 5155 5915 6502 6540 70.16 4629
= £067  £177 442 %692 1064 +1371  £1632  +1818  +1691  +1483 1376 1201 %1236 +1194 1123  £1093
AdvPerturb [23 48.04 4446 4482 1598 1029 6.10 7.51 4.17 6.54 9.16 2.32 17.84 397 8.40 3.74 15.56
VPerturb [23]  [)56  Lisso  s741  £794  £200  £085 479 2050  £269 5321  £035  £1001 2058  £306 5023 4153
AETTA 4.12 4.02 4.63 8.37 6.92 11.18 1040 948 1223 1140 1330 14.01 14.17 1396 12.58 10.05
£045  £026 %031 £330 %072  £448  £613 258 564  £547  £062 538  £647 2459 501  +1.69
SrcValid 18.53 11.25 1743 7.76 2095 8.86 7.02 1091 9.68 7.36 4.34 6.45 16.05 8.15 11.16 11.06
revall £043 030 %146 %072 %186 %099  £097 106 %126 %145 %070 016  £185 085 %245 %011
Soft S 7 4.75 6.20 15.17 10.01 21.53 1850 1543 16.81 17.71 1533 1230 1449 21.08 18.07 23.67 1540
oftmaxScore [7] [0, Liie 4170 £373  £327 2797 4695  £413  £704 4757 5582 554 4463  £659 4632 5473
EATA [28] GDE [21] 22.88 2096 3137 21.28 3643 29.58 25.03 2676 27.17 2391 1929 2144 31.55 2622 32.68 2644
- £072  £147 207 %463 %332  +864  £781 468 762 %861  £698 617  +468 677 587 %516
AdvPerturb [23 50.21 4551 4295 2378 1243 11.88 16.14 4.38 12.59 9.28 2.47 4414  4.71 28.64 4.84 20.93
VPerturb [23] YN0 U520 £529  £530 4075 £402  £475 2046 4326 5272 £007  £638  £028 681 2067  £283
AETTA 3.86 3.98 5.96 5.97 9.89 10.47  8.03 7.47 7.79 7.02 5.59 6.80 6.69 7.13 1022 7.13
£028 002  £190 4248  +184  £625  £524 319  £572  +480  £333 337 313 433 452 £33
SreValid 32.05 3047 3742 1220 33.88 13.69 12.62 1837 19.73 14.61 9.26 13.12 2328 20.67 28.03 21.29
revall £103  £076 042 %020 %052 012  £036 036 %052 %057  £024 043  £020 002 053 %026
Soft S 7 4.21 4.04 5.54 6.28 491 593 6.49 4.85 4.86 5.80 7.11 5.34 4.26 4.55 3.94 5.21
oftmaxScore [7] /03 1020 2053 £032  £014 2025 052 2027  £029 5059  £048 030 2024  £009 %011  £022
SAR [29] GDE [21] 31.88 30.35 37.25 12.19 3380 13.68 12.62 1837 19.73 14.61 9.26 13.12 2328 20.67 28.01 21.25
- £108  £080  £049  £020 %052  £013  £036 036 052 %057  £024  £043  £020 002 052 4027
AdvPerturb [23 4225 3775 3840 3055 9.77 18.20 21.66 4.60 1448 11.73 271 52.81 492 3136 698 21.88
VPerturb [23] VN0 001 k424 301 5193 £152 237 2060  £298 5052 £0.14 4208 £004 089 2045  £093
AETTA 491 5.14 4.77 291 5.45 3.08 3.18 3.55 3.65 3.25 2.81 3.58 3.87 3.69 4.48 3.89
£084 085  £015  £0.14 %050  £006  £021 037 %017 %034 %006  +061 0I5 043 023 %006
SreValid 2370 21.71 28.09 1226 28.88 13.78 1246 17.09 17.19 1534 9.18 16.33 21.34 1688 20.29 18.30
reval £075 016 %028 %005  £055 %009  £035 059 %048 %036 %014  £042  £068  £025 %038 %025
Soft S 7 16.82 16.82 1638 8.79 13.43  9.90 10.29 12.04 14.12 10.76 1049 9.82 1390 15.08 1573 12.96
oftmaxScore [7] 451" Los1 2027 £051  £032  £053 048  £084  £052  £050  £065 061 5044  £074 5081  £037
CoTTA [35] GDE [21 1565 1446 1948 1193 2135 13.05 12.00 1471 13.73 1420 9.14 14.62 16.83 13.66 1556 14.69
- 21 £077  +003 2059 £006  £041 =002 £021  +035  £030  +032 %013 %020  £033 %033 %037 %015
AdvPerturb [23] 16.79 15.00 1937 31.13 7.05 2030 23.01 5.86 11.50 1632 255 5339 1396 23.41 7.14 17.79
vierturb | 2- £032  £078  £392 %319 %041 2225  £244 042 %157 %137 %009 132 162 177 062 %074
AETTA 1534 13.13 12.06 3.15 5.08 3.29 3.18 345 3.92 3.51 2.75 5.01 4.15 4.18 5.06 5.82
L106  £139 2089 £002  £030 =004  £030  +005 =027  +021 %002 %015  £021 %037 %057 %030
Srevalid 27.12 2634 9.26 7.15 2437  5.96 4.82 4.60 1757 4.44 469 21.73 16.11 8.78 17.58 13.37
reval £707  £679 %275 %106 %072  £094  £105  £029 170 %077 %063  +414 2021 075 024 %089
SoftmaxS 7 4.68 5.10 5.00 11.86  8.45 13.92 1537 1495 1551 16.15 15.69 1548 15.65 1552 1531 1257
oftmaxScore [7]  [04  Lo20  £009  £078  £059 5106 084  £047  £036 063 5045 047  £013  £031 1030 5043
RoTTA [36] GDE 21 3294 2797 3395 13.61 2849 11.81 9.71 1320 1286 1137 7.00 11.11  16.67 13.76 18.09 17.50
- 21 £075  £110 2074  £039  £073 =016  +021  +020 =046  +026 %028 %041 %031 %019 %036 %030
AdvPerturb [23] 40.38 39.03 40.39 29.63 1344 18.72 23.67 6.03 17.61 13.01 273 5328 484 3660 490 2295
vierturb | 2- £257  £320 %388  £287 %220 144 #3012 2060 %315 %057 %009  +074 013 121 044 %082
AETTA 13.47 1240 10.05 3.69 5.45 3.39 3.24 3.67 3.90 3.75 2.77 3.37 4.00 3.48 3.73 5.36
£578  £505 352 %021 %092 015 2016  £069 061  £044 %003  +036 014  £022 035  +122
Srevalid 11.98 5.70 9.03 6.60 21.16 641 3.82 9.00 5.61 5.74 3.94 1530 1565 594 15.07  9.40
revai £400  £102 %317 %208  +140  £073 2036 138 %097 %040 %035  £222  £040 052 %088 %085
SoftmaxS 7 4.10 4.13 3.96 4.79 5.39 3.72 4.37 3.67 3.55 4.41 4.39 6.63 3.88 4.35 4.15 4.37
oftmaxScore [7] 413 o6  so6 018 127 1026 08 2024  £036  £053  £081 032 2022  £02  £057  £009
SoTTA [12] GDE [21 2346 17.63 24.00 14.12 2642 1542 1127 1505 1427 1333 8.85 1549 19.61 1591 20.61 17.03
[_ ] +0.77 +0.94 +0.97 +1.41 +1.21 +0.99 +0.58 +0.48 +0.48 +0.37 +0.15 +1.19 +1.30 +1.09 +1.00 +0.70
AdvPerturb [23] 4794 4749 50.19 2666 1653 15.64 21.76 4.96 15.67 1046 2.61 48.72  4.51 3566 5.64 23.63
vrerturd 12- £336  £459  £541 %129 %172 %097  £219 025 %326 %047 %019  x034 034 051 052 %078
AETTA 791 5.83 5.76 3.27 4.58 3.57 3.28 3.49 3.66 3.79 2.94 3.81 4.20 4.07 3.87 4.27
L1106 £056 077 %006 011 019  £017 010 008  +0.3 %002 021  £001  £007 002  +0.12




Table 11. Mean absolute error (MAE) (%) of the accuracy estimation on continual CIFAR100-C. Averaged over three different random seeds.

t
TTA Method Acc. Estimation Gau. Shot  Imp. Def. Gla. Mot. Zoom Snow  Fro. Fog Brit.  Cont.  Elas. Pix. JPEG Avg.(])
SreValid 46.38 32.85 2845 1251 1692 5.5 3.84 3.88 2.77 2.32 2.12 2.00 1.87 1.73 1.65 11.00
revall L1017 £359  £399  £084 %240  £060  £073 145 087 %035 %020 013 0I5 030 026 %058
Soft S 7 13.70 5.34 1391 21.16 3851 5042 5940 70.82 7856 82.11 8499 89.52 8746 88.87 89.56 58.29
oftmaxScore [7] 74" 1021 s058  £094  £159  £450 4635 2552  £343  £188  £114 402 2172 165 4063 182
TENT 34 GDE 1] 4921 4812 60.77 5699 7434 7788 8228 90.14 9371 9533 9586 9693 9688 9725 9731 80.87
= £079  £060  £020 %130 %115  £424  £511 £330 %163 %077 %045  £043 2062 075 082 %129
AdvPerturb [23 3692 36.25 29.26 1391 8.56 3.79 3.68 3.08 3.96 2.58 1.47 2.10 2.26 2.46 1.53 10.12
VPerturb [23] U3¢ TLos1 s1a1 s0s4 #2717 2085 £101 =081 2212 £056  £043 028  £107  £066  £006  £024
AETTA 6.55 7.40 7.52 13.45  6.30 6.87 8.36 8.09 5.08 3.84 3.53 2.97 2.73 2.54 2.51 5.85
£059 010 054 %040 %056  £081  £109  £280 %137 %058  £033  £032  £035 051 042 %036
SreValid 7.65 1.97 1.59 1.47 1.24 1.36 1.31 1.22 1.07 1.01 0.94 0.98 1.13 1.11 1.09 1.68
revall £094 017 %033 %043 %022 %026  £023 020 %010 %008 %004 011  £020 011 %010  +0.8
Soft S 7 36.65 6429 7097 75.02 77.61 7847 7846 79.04 8242 8135 8435 89.83 8275 8333 84.09 76.58
oftmaxScore [7] V55’ Liss k145 £173  +185 2234 061 2036 £071  £018 2031 075 2091  £163  £109  £071
EATA [28] GDE [21] 83.95 94.00 9499 9452 9515 9473 9457 93.63 9531 9546 9531 94.60 9455 9451 9481 94.01
- +183 088 074 %094 %050 131 #0116 =11l %151 %038 %051 134  £070 048  *149 %043
AdvPerturb [23 9.32 4.85 2.07 1.55 1.41 1.31 1.22 1.21 0.88 0.89 0.52 1.08 0.98 1.27 0.93 1.97
VPerturb [23] 0o L1ss t0s4 £070  £020  £043  £016 2052  £036  £027  £007  £057  £025  £022 2014  £033
AETTA 18.86  7.14 2.59 421 3.33 2.64 2.03 1.90 1.78 1.74 1.97 8.42 2.10 1.92 2.04 4.18
£219 2267 040 %324 %213 £135  £025 004 006  £006  +034  £1000  £009 010 048 %082
SrcValid 5344 4448 50.08 32.15 47.60 3357 30.57 38.18 36.38 3500 27.36 29.30 39.09 33.58 4222 3820
revall £056 009 066 %018 %038  £057 2027 081 046 %048  £032  £055  £036 022 034 %022
Soft S 7 20.82 2348 20.68 2576 2130 2492 2640 2371 2390 25.12 2621 2549 2485 2513 2295 24.05
oftmaxScore [7] 46" To20 2005 019 £050 2054  £030 5068 026 5032  £019 4024 2045 4006 4060  £029
SAR [29] GDE [21] 53.09 44.65 5131 33.64 48.74 34.68 3144 39.11 37.62 3645 2886 3048 40.06 3455 4342 3921
- £053 017 041 %017 %041  £061 2031 072 029 %028  £008  £033  £027 024 028 4022
AdvPerturb [23 35.15 4248 40.57 2946 28,50 1657 23.68 8.75 25.17 18.91 4.57  49.75 5,52 3829 654 2493
VPerturb [23] U7 12 s060  £065 #1019  £038 4046 2068 046  £075  £042 4052 2024  £290 2050  £057
AETTA 5.75 5.35 6.31 6.59 9.11 7.66 6.16 8.37 7.06 6.12 5.78 5.65 6.32 5.90 7.93 6.67
£045  £022 008  £022 %029  £031 2037 047 021 %009  £030  £001  £036 035  +0.15  +0.12
SreValid 53.11 5192 57.00 36.42 54.13 3930 38.28 4648 46.81 47.73 3394 4455 49.18 4297 4948 46.09
reval £039  £046 %031 %036 %072 %046  £042 048 %058 %089  £043 125  £038 008 027 %038
Soft S 7 34.06 3458 32.05 33.14 3192 3468 3583 3694 3746 36.13 3694 4090 38.04 42.67 3870 36.27
oftmaxScore [7] g4 to52  £053  £076  £080  £079 1082  £104  £085  £091  £103  £070  £086 064  £068  £0.68
CoTTA [35] GDE 1] 36.44 36.25 3937 3148 40.05 3273 32.12 3487 3540 3628 31.54 3731 3698 3282 37.87 3543
“ L063  £017 2040 +046  £054  £055  £019  +038  x079  +078 %036 %043  £026 %043 %069 %030
AdvPerturb [23] 26.80 26.08 27.02 3275 11.69 2372 2636 5.63 9.87 27.10 487 4456 757 1456  5.74 19.62
vierturb | 2- £088  £093 %054 %077 %089  £109  £040 017 %012 %057 %027 141  £044 139 %025 %015
AETTA 9.24 8.52 6.75 5.20 5.06 5.54 5.70 5.49 5.88 6.71 7.38 9.70 6.33 5.14 5.66 6.55
£038  £055 2035  £003  £025 =016  +029  +031 =033  +059 %010 %072  +014 %027 %045 %017
Srevalid 28.06 29.86 13.52 2272 1832 12.14 5.78 8.58 2332 1068 6.52 25.88 3345 1398 38.61 1943
reval £260  £279 112 %061 %173  £085  £025 039 %081 %260  £130  +411  £064 380 073 %117
SoftmaxS 7 1870 21.28 1945 2825 2290 29.05 31.75 2849 2937 30.03 31.39 2852 3099 29.72 28.03 27.19
oftmaxScore [7] 56" Loa0 2034 £020 4062  £026  £027 2044  £019  £028  £069 04  £070  £036  £041  £0.12
RoTTA [36] GDE 21 59.99 5735 6131 3640 5391 3473 31.10 39.01 3756 37.15 2690 33.56 3831 34.69 4329 41.68
- (211 L107  £080 2096  £092 2073 2063  £063  +031 2048  +045 %024 %020  +064 %046 %095 %045
AdvPerturb [23] 2547 28.60 27.71 2638 22.80 1578 2344 893 24.12  16.68 4.56 44.85 596 36.17 6.18 21.18
vierturb | 2- £149  £091 %081 %074 %170  £072  £096 085 %074 %095 %043  x074 2033 316 %016 %071
AETTA 6.37 7.00 4.77 6.20 6.54 5.69 4.89 6.59 4.83 5.52 4.78 7.60 5.40 4.92 6.84 5.86
£121 £080 044 %032 %045 2027 2024 015 %055 %025  £026  +080 016 069 076  +0.10
SreValid 13.43 8.45 9.32 1485 23.51 9.03 6.22 2637 10.83 8.66 20.27 35.17 29.05 1448 33.72 17.56
revai £225  £126 %250 %202 %362  £189  £114  £250  £376 %184  £021  £257  £338 2468 071 %157
SoftmaxS 7 21.66 2256 1888 21.70 18.70 2258 2448 21.62 22.08 22.18 23.67 21.86 2245 2242 2145 21.89
oftmaxScore [7] (g4 Lo7s  s055  £073  £101 2047  £034  £061  £010 4008 5048  £055 5065  £063 049 2035
SoTTA [12] GDE [21 41.62 3746 46.03 3339 4499 3205 28.16 3519 3380 3274 2634 2923 3740 3199 3842 3525
(211 £027  £091 2018  +087  £103  £066  +028  +080 %028  +013  £048 %080  £078  +L1l %057 %027
AdvPerturb [23] 41.39 45.03 4028 2584 2678 1658 2372 9.68 2471 19.14 452 47.12 570 3797 841 25.12
vrerturd 12- £133 £081 %121 %041 %190 085 2036 069 074 %083 %020  +127  £002 221 %072 %039
AETTA 8.11 7.19 7.34 4.99 4.97 4.30 4.33 4.86 4.90 5.23 4.24 5.20 4.61 5.01 4.58 5.32
£091  £044 079 %031 %025 019  £014  £024 034 %046  £019 032  £010  £027 013  +0.8




Table 12. Mean absolute error (MAE) (%) of the accuracy estimation on continual ImageNet-C. Averaged over three different random seeds.

t
TTA Method Acc. Estimation Gau. Shot  Imp. Def. Gla. Mot. Zoom Snow  Fro. Fog Brit.  Cont.  Elas. Pix. JPEG Avg.(])
SreValid 53.54 48.82 47.13 48.84 4494 3483 26.16 3241 31.80 21.17 893 4325 20.57 17.02 20.10 33.30
revall £108 120 %116 %107 %116 125 =118 121 %102 %105 %073 072 066 049 %027 %093
Soft S 7 11.11 1376 1442 11.60 13.15 19.04 2478 19.82 1935 26.70 28.68 997 2538 2650 2586 19.34
oftmaxScore [7] .51, Jgo3 2000  £001 4012 £008 006 2006 011  £007 2008 005 5009  £013 4007  £002
TENT [34]  GDE [21] 85.03 80.80 79.82 82.06 7946 7043 6192 6834 68.10 5745 4438 79.03 5735 5354 56.74 68.30
= £014 2002 %006 %002 %013 %017  £006 008 %010 %007 %007 %007  £007 008 %008 %001
AdvPerturb [23 13.38 1692 18.51 5.92 9.30 15.03 14.79 1837 12.01 26.75 5.86 17.02 2198 1840 8.03 14.82
VPerturb [23] 10" 1007 s008  £007  £016  £020 006 £009  £004  £006 2009  £005 2002  £0.10  £009  £002
AETTA 4.88 4.53 5.19 8.64 5.99 5.60 4.74 5.75 4.81 6.50 5.62 6.85 543 5.27 5.12 5.66
£010  £006 %022 %011 %006 %025  £016 020 %007  +013  £012 013 019 012 %015 %005
SrcValid 50.34 4873 49.54 51.63 50.92 3999 30.20 34.05 3629 2321 9.74  49.05 2537 20.56 26.64 3642
revall £101  £091 %080 %070 %057 %075  £106  £072 %093 %069 %059  x079  £063 080 092 %076
Soft S 7 1231 1295 1255 1051 1060 19.20 26.02 22.11 20.15 2926 3142 11.22 27.09 29.88 27.14 20.16
oftmaxScore [7] (4 Jo12  s006  £020 007 2017  £002 5006 2041 011  £005  £046 %014  £008  £007 2005
EATA [28] GDE [21] 81.21 80.02 80.73 76.16 77.51 6992 6137 6581 68.10 54.61 41.10 7494 57.03 5196 5828 66.58
- £016 003 %007 %024 %044 012 2006 011 007 %010 %005  +060  £017 008 006 %003
AdvPerturb [23 1544 1625 1588 5.13 6.00 13.33  13.52 1948 10.13 28.15 6.26 1543 20.22 20.08 6.95 14.15
VPerturb [23] 5o, 1013 s000  £006  £003  £014 4019 2004  £008  £004  £018 4065 2019  £0.17  £011  £006
AETTA 5.28 4.75 5.43 7.19 493 4.28 5.39 4.53 5.01 11.19 1040 4.79 8.85 1046 8.41 6.73
£012  £005 %005  £0.11 %006  £010  £0I8 009 %006 %008  +013  £020  £021 022 %007 %003
SreValid 39.53  26.07 2430 33.06 2655 23.04 1850 2448 2445 1504 699 3256 1451 11.73 13.62 22.30
revall £122 105 £102 %050 %130 %042 011 014 %062 %055 %044  £097 134 083 068 %055
Soft S 7 18.07 2221 21.62 1392 1691 1936 2396 2032 20.23 27.65 2954 11.81 2678 28.10 28.13 2191
oftmaxScore [7] ¢3¢ T025  £020 016 £029  £028 4021 2016  £008  £007 2002  £070 2007  £006 %007  £0.16
SAR [29] GDE [21] 75.10 67.51 6829 7794 7327 6921 6270 67.53 6689 5550 4527 7324 56.67 5198 5424 64.36
- £028 030 %023 %010 %031  £032  £022 016 %010 %009 %005  £029 016  £009 009 %05
AdvPerturb [23 2295 30.05 30.19 797 16.05 17.26 1644 2051 14.11 28,50 537 2267 2431 2091 1033 19.17
VPerturb [23] - TU0o7 TL03: k024 £003 £038  £023 014 2021 £0.12  £004 2020 1025 2001  £010  £017  £0.14
AETTA 5.38 4.83 4.67 13.98 991 9.50 6.54 7.50 5.88 5.58 4.96 6.59 4.97 5.01 4.94 6.68
£027  £005 %002 %007 %030  £015  £015  £005 014 %011 %002 011  £001 006 002 %004
SreValid 5520 54.08 5485 56.48 5535 4525 3490 39.10 40.10 2796 10.73 56.36 29.61 2428 31.70 41.06
reval £050  £055 %050 %054 %061  £055  £055 060 %057 %051 %040  £045 2071 056  +0.66 %054
Soft S 7 9.92 10.66  10.25 8.45 9.39 17.61 2568 2149 20.60 3040 3508 7.74 28.08 31.71 2743 19.63
oftmaxScore [7]  [4;  Lou1  £003  £002 2003 2002 £005  £012  £010  £006  £008 018 £008  £009  £007 001
CoTTA [35] GDE [21 86.92 85.84 8659 88.22 87.15 77.00 66.67 70.86 71.83 59.67 4225 88.09 6151 56.11 63.50 72.81
- 21 L0011 2000 2005  +010 011 =010  +008 =017 %017  +013 %007 %004  £010 %010 %014 %007
AdvPerturb [23] 11.72 1220 11.85 3.88 4.36 9.61 9.48 1552 7.89 2408 6.72 9.07 1597 1759 5098 11.06
vierturb | 2- £007  £009  £003 %015 %010  £009 =011 017 %014 %008 %021 017  £009 015 033 %002
AETTA 4.75 4.01 4.80 7.44 5.06 4.66 4.51 4.42 4.24 8.98 8.83 6.46 6.96 8.36 6.26 5.98
£007  £003  £007  £020  £022  £006  +0I3  +003 =008  +013 %009  +044 %007 %024 %019 =004
Srevalid 1532 18.63 2133 7.87 4.26 4.70 9.33 7.02 4.60 7.37 5.56 19.87 595 5.32 6.34 9.56
reval £010  £024 %024 %064 %010 %033  £078 035 %014 %056  +051  £335  £065 025 060 %026
SoftmaxS 7 1198 1657 17.30 1334 1679 17.72 2062 17.70 17.19 1856 26.66 7.63 21.56  20.65 19.14 17.56
oftmaxScore [7] 507 Lols  s014 022  £035  £039 014 2017  £005  £023 2007  £141 2024  £015  £011  £008
RoTTA [36] GDE 21 80.31 75.64 7558 7875 7550 73.86 70.37 73.65 73.73 7321 60.84 8580 68.56 6935 7130 73.76
- 21 £005  £034 2012 £045  £041 2052  £027 016 =024  +033 %008 %229 %012 %037 %026 %022
13.96 18.59 20.19 6.39 12.37  10.70  9.35 12.77  9.00 12.01 4.08 9.25 15.19 7.64 4.28 11.05
AdvPerturb [23] 000" L0300 Lod9 s009 2049 2043 2004 2009 2005 2003 2004 =109 5043 2024 2021 2005
AETTA 1433  12.64 9.38 7.12 5.32 6.73 9.97 1478 1399 10.84 1230 11.51 11.92 1148 1547 11.19
£004  £040 071 %097 %083 013 2043  £030 019 %007  £007  +242  £035  £103 056  +0.2
Srevalid 2839 2464 2133 1191 6.16 1234 7.23 1457 8.24 19.17 9.67 2336 11.31 9.89 5.92 14.28
revai £039  £241  £205 %091 %022  £106  £143  £182 %060 %097  +083  +146  £068 084 043 %028
SoftmaxS 7 19.01 20.35 1930 10.82 1091 11.64 1947 20.00 19.98 27.16 2853 686 2573 2797 2739 19.67
oftmaxScore [7] g1, Lola  s032 052 £119  £229  £135 2074 016  £013 2016  £057 5050  £024  £025  £050
SoTTA [12] GDE [21 62.46 5840 59.83 68.57 67.82 6551 56.52 5627 5753 4474 38.05 6336 4833 43.13 4589 55.76
21 +0.16 +0.17 +0.27 +0.46 +1.14 +2.04 +1.44 +0.64 +0.16 +0.34 +0.20 +0.63 +0.37 +0.26 +0.28 +0.45
AdvPerturb [23] 27.73 31.55 3082 9.56 1454 1459 1739 24.67 1620 33.31 5.19 2324 27.07 24.12 1245 20.83
vrerturd 12- £010 015 %031 %042 %085 172  £085 045 %032 %021 %008 093  £024 030 %009 %039
AETTA 1792 16,51 1841 20.63 16.50 18.76 16.27 1890 1999 25.06 21.37 19.28 17.33 23.02 1830 19.22
£025  £062 009 %051 %053  +482  £431 116 %158 %190  +110 151 116 112 088  £079




Table 13. Average accuracy improvement (%p) with model recovery. Averaged over three different random seeds.

t
Gau.  Shot Imp. Def. Gla. Mot. Zoom Snow  Fro. Fog  Brit. Cont. Elas. Pix. JPEG Avg.(1)

Enisodic [37 -1041 -10.27 -4.58 2241 1447 38.62 4444 41.68 4455 5144 6295 61.34 50.74 5372 4253 3358

pisodic [37] £085 %040  £093 113 072  £200 282  £266 %361  £292 %148  £123 %107 045  +057 104

MRS [29] 0.00 0.00 0.00 0.00 0.00 0.00 0.00 20.38 4440 5345 5925 5827 4438 46.87 3481 24.12

- £000 %000  £000  £000 000  +000 000 +1828 #1341 136 104  £348 %380  £507 %696 2.1

Stochastic [35 -0.48 2.40 6.59 20.81 19.07 37.15 4449 43.04 46.81 5122 61.12 5945 48.60 53.83 4489 3593

TENT [34 ochastic [35] £048 %063  +056 =110 %131 =175  +28  +188 %267  £181 134 %053 =116  £109 %182  +078
B4 FisherStochastic [3 0.45 4.13 791 2324 2179 41.00 4798 4745 51.60 5752 6552 6603 55.12 61.53 52.85 40.27
isherStochastic [3] [0 o1 soss 2083 #045  £172  £204 2331 £374  £338  £151 5045 4164  £059 2045  £129

DistShift 0.00 0.52 5.11 2392 2031 40.73 47.28 46.85 4987 56.18 65.19 63.53 5379 60.17 50.53 38.93

£000 %073 008  +083  £073  +229 244 302 %351  +286 173 144  x110  £053 %041 LIS

AETTA =327  -1.57 1.50 23.05 17.29 39.66 46.02 4459 46.55 5421 63.87 6271 52.67 5691 47.67 36.79

£091 %076 045  +089 124 239 271  +261 %393  £272 %158 121 %081 116 %146 120

Episodic [37 28.27 37.60 31.76 6390 4046 6149 63.09 5208 52.18 56.85 66.88 63.27 5245 5518 4379 51.28

pisodic [37] £276  +131 %081 048  £052 %103  £042  £059  £062  +084  £036 017 %056  £054  £046  +052

MRS [29] 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

- £000 %000  £000 %000  £000  £000 000  £000 %000  £000 %000  £000 %000  £000 %000  +0.00

Stochastic [35] 1.28 -043 0.01 -0.03 -0.06 -074 0.03 -020 0.35 0.16 0.14 0.10 -0.21 -0.21 -0.29 -0.01

EATA [25] ochastic {95 £079 %100 127 %076 075 %046 034 %080 070  +077 089  £066 %031 2049 %006  +047
FisherStochastic [3] 1.27 0.16 0.55 -0.09 -030 -044 -0.14 -0.07 0.00 0.11 0.39 0.47 0.06 0.01 -0.17  0.12
isherstochastic 11,1 os w170 2153 %135 =105 £127  s114  +L01 £127 %138 £154 113 %081  £107 062 %116

DistShift 0.00 8.72 5.02 3433 869 3029 3789 1897 16.83 2431 54.64 4338 1347 2246 13.61 22.17

18 1 +0.00 +1.54 +1.00 +7.43 +1.25 +8.46 +1.08 +1.48 +0.86 +3.47 +4.55 +8.46 +1.74 +3.63 +230 +2.38

AETTA 25.52 3573 2752 5991 32.61 5793 6050 50.05 4948 56.00 6497 62.84 49.02 5448 43.01 48.64

£204  £187 166 %241 346  +186  £021  £052 %050  £055 %095  £028 %075  £130  £097 074

Episodic [37] -7.28 -14.44 -1437 -0.14 -855 -1.79 -365 -693 -878 -524 285 -494 -593 -875 -11.33 -7.00

pisodic [ £041 %047 037 %027 048 011 %026  £067 %034  £020 %037  £027 %054 063 %051 %026

MRS [29] 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

£000 %000  £000  £000 %000  +000  £000 000 %000  £000  £000 %000  £000  £000 %000  +0.00

Stochastic [35] -2.16  -538 481 1.07 -3.35 0.10 -0.77  -1.89 -3.17 -1.22 0.05 -1.98 -1.26 -240 -2.77 -2.00

SAR [29] ochastic [5- £029  +065 %057  £026  £076 %050 030  £106 =082  +040 045  £021 %006  £091  £092  +048
- FisherStochastic [3 -3.68 944 995 084 -657 -080 -269 -541 -7.03 -379 -1.84 -3.63 -448 -621 -8.02 -4.85
isherStochastic [3] [oss 030 £022 2029  £048  £028  £028 5041  £028  £027  £037 5014 047  £036  £059  £0.13

DistShift 0.00 -6.23 -7.32 120 -493 -034 -205 -368 -570 -199 -1.20 -2.58 -3.51 -484 -558 -325

1stSht £000 %040  £023 %005 043 %027 %031  £037 %031  £027 %034 019 %043 041 %038  +0.10

AETTA -481 -1045 -11.13 026 -7.17 -1.19 -323 -624 -8.02 -433 -233 451 -473 -771 -928 -5.66

£079 %079 030  £032 081  £029  +031  £067 4039  £010 %033  £023 %063  £090  +075 %020

Episodic [37] 0.04 0.04 -0.16  0.11 0.40 0.86 1.09 1.77 2.67 4.14 1.77 3.28 3.55 2.71 2.44 1.65

PISOdIC |- £015 %008 010 %016 054  +014 007  £017 %042  £060 %040  £047 %039  £024  +024  %0.10

MRS [29] 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

o £000 %000  £000 %000 000  +000 %000  £000 %000  £000 %000  £000 %000  £000  +000  +0.00

Stochastic [35] 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

COTTA [35] ochastic {55 £000 %000  £000 %000 000  £000 000  £000 %000  £000 %000  £000 %000  £000  +000  +0.00
© o FisherStochastic [3 0.00 -0.01 0.01 0.08 -0.12  0.10 0.06 0.13 0.17 0.25 0.11 0.26 0.16 0.39 0.34 0.13
isherStochastic [3] [001  L01o  s006 2008 £012  £0.12 2004 2000  £018  £009  £008  £011  £0.13  £008 2008 4003

DistShift 0.00 0.03 -0.15 0.06 0.23 0.70 0.94 1.58 2.49 3.75 1.75 3.03 3.33 2.51 2.39 1.51

1stoht £000 %012 011 %013  £050 014 006  £012 %040  £067 %039  £053 %035  £013  £034  £0.09

AETTA 0.04 0.01 -0.20  0.10 0.36 0.84 1.08 1.77 2.66 4.12 1.75 3.28 3.57 2.71 2.46 1.64

£002 %008 010 %017 054 =011 008 015 %040  +062 =040 050 %040  £025 %025 0.1
Episodic [37 -2493 -27.94 -28.25 -2530 -22.52 -18.68 -25.71 -12.13 -2639 -19.78 -426 -4554 -9.18 -38.08 -9.80 -22.57

pisodic [37] £206  +145  £139  £105  #112 %041  £090  £062 071  £140  £002 081 %069  £290  £068  +085

MRS [29 0.00 0.00 0.00 0.00 -145 -071 -071 -1.32 -1.61 -026 -1.80 -10.03 -4.13 -390 -3.60 -1.97

[ ] +0.00 +0.00 +0.00 +0.00 +2.50 +1.24 +1.23 +2.29 +279 +0.45 +3.24 +15.10 +6.75 +6.62 +5.15 +223

Stochastic [35 -0.01 -1.11 -149 -080 -259 -1.11 -134 -334 490 -2.12 -124 -843 -290 -3.71 -3.13 -2.55

ROTTA [36] ochastic [35] £005 %041 048  +040 080  +044 014 016 %124 061 %042 216 %073  £102  +014 049
0 20 FisherStochastic [3] 0.06 -0.53 -1.09 -043 -1.67 -079 -092 -2.74 -486 -1.10 -130 -14.10 -525 -439 -426 -2.89
isherstochastic 1] o0 2020 %008 2047 2010 %019 2026  £030 %049 2059  £058 %320  £102 055 %017 0.3

DistShift 0.00 -3.39 -432 212 -361 -138 -471 -7.69 -1656 -450 -547 -3453 -752 -1148 -11.39 -7.63

1stSht £000 %063  +033 2080 031  +026  +045 %011 %046  £068 053 %213 =134 046 %032  +023

AETTA -1.65 -4.18 -21.72 -0.19 -432 -265 -463 404 -7.17 -457 -009 -963 -49 -1339 -730 -6.03

£134 %072 +1169  +108 081  +086  £103 2070 041 057  £023  £120 %095 064 %071  £089
Episodic [37] -41.21 -45.52 -41.25 -26.70 -2823 -18.73 -26.11 -13.13 -27.12 -21.52 -2.35 -47.36 -7.10 -37.60 -12.16 -26.40

pisodic |- £171 %096 082 %044 184  +068 025  £053 069  +024 %035  £101 %090  £226 %042 05l

MRS [29] 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

- £000 %000  £000 %000 000  £000 000  £000 %000  £000 %000  £000 %000  £000  +000  +0.00

Stochastic [35 -1.39  -1.88 -1.05 372 -1.21 2.05 1.04 036 -0.15 1.43 1.48 1.35 -0.11 0.50 -0.83 0.35

SOTTA [172] ochastic [35] £046  +081 %003 =028 164 %076 054  £096 =061  £119 034  £051 %029  £104  £049 =051
0 FisherStochastic [3 -333 523 451 4.22 -4.15 1.65 0.42 -1.37 201 -0.24 1.21 -055 -1.85 -1.01 -3.73 -1.36
isherStochastic [3] [0 [0el  iou0  s043  sl6l 071 £103 2024 £021 072  £084  £159  £084  £107 011 205l

DistShift 0.00 -4.06 -3.60 6.17 0.01 3.94 0.90 1.75 -0.92 228 2.83 1.94 0.52 0.25 -1.87  0.68

1stSht £000 %034  £037 %058 165  +076 038  £013 %026  £042 %066 058 %095 082  +054  +0.19

AETTA -7.58 -10.51 -18.71 154 -5.16 043 290 -225 -629 -2.56 0.88 -840 -1.87 -4.69 -6.53 -497

£191 %283 41880 4035  £100 #1014 149 129 051  +085 032  £060 %078  £023 %075  +158
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