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A. Efficiency for TTA methods

Memory efficiency. Existing TTA works [23, 28, 29] up-
date model parameters to adapt to the target domain. This
process inevitably requires additional memory to store the
activations. Fig. 6 describes Eq. (1) of the main paper in
more detail. For instance, 1) the backward propagation from
the layer (c) to the layer (b) can be accomplished without
saving intermediate activations f; and f;+1, since it only re-
quires B?iil =2LW! | and %:Bzil wWE=22w! Wi op-
erations. 2) During the forward propagation, the learnable
layer (a) has to store the intermediate activation f;_; to cal-
culate the weight gradient 2% I s

OW;—1 =19

Computational efficiency. Wall-clock time and floating
point operations (FLOPs) are standard measures of com-
putational cost. We utilize wall-clock time to compare the
computational cost of TTA methods since most libraries
computing FLOPs only support inference, not training.
Unfortunately, wall-clock time of EATA [23] and our ap-
proach can not truly represent its computational efficiency
since the current Pytorch version [24] does not support
fine-grained implementation [1]. For example, EATA fil-
ters samples to improve its computational efficiency. How-
ever, its gradient computation is performed on the full mini-
batch, so the wall-clock time for backpropagation in EATA
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is almost the same as that of TENT [28]. In our approach,
our implementation follows Algorithm 1 to make each reg-
ularization loss ng applied to parameters of k-th group
of meta networks 6 in Eq. (3). In order to circumvent
such an issue, the authors of EATA report the theoretical
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Figure 6. Forward and backward propagation. The black and
red lines refer to forward and backward propagation, respectively.
f and (a, b, ¢) are the activations and the linear layers, respectively.

WideResNet-40 [31]

Avg. err  Mem. (MB) Theo. time Wall time

Source 69.7 11 - 40s

Con. TENT [28] 38.3 188 - 2m 18s
CoTTA [29] 38.1 409 - 22m 52s
EATA [23] 37.1 188 2m 8s 2m 22s
Ours (K=4) 36.4 80 (80, 58%1) 2m 27s 2m 49s
Ours (K=5) 36.3 92 (77, 51%)) 2m 31s 2m 52s

ResNet-50 [12]

Avg. err Mem. (MB) Theo. time Wall time

Source 73.8 91 - Im 8s
Con. TENT [28] 459 926 - 4m 2s
CoTTA [29] 40.2 2064 - 38m 24s
EATA [23] 39.9 926 3m 45s 4m 15s
Ours (K=4) 39.5 296 (86, 68%1) 4m 16s 4m 41s

Ours (K=5) 39.3 498 (76, 46%.) 4m 26s Sm 14s

Table 8. Comparison of training time on CIFAR100-C. We re-
port both theoretical time (in short, theo. time) and wall-clock
time, taking to adapt to all 15 corruption types. Theoretical
time is calculated by assuming that the ML frameworks (e.g., Py-
torch [24]) provide fine-grained implementations [1]. Con. TENT
refers to continual TENT.



Algorithm 1: PyTorch-style pseudocode for EcoTTA.

img t: test image
model: original and meta networks

ent_min() : Entropy minimization loss

Detach_parts () : Detach the graph connection
between each partition of networks

Attach_parts(): Attach the graph connection
between each partition of networks

I

for img_t in test_loader:
# 1. Forward
output = model (img_t)
# 2. Compute entropy loss
loss_ent = ent_min (output)
loss_ent .backward ()

# 3. Re-forward

# (This process is not required
# in fine-grained ML frameworks.)
Detach_parts (model)

_ = model (img_t)

# 4. Compute regularization loss

reg_loss = 0

for k_th_meta in meta_networks:
reg_loss += k_th_meta.get_1l1 loss()

reg_loss.backward()

# 5. Update params of meta networks
optim.step()
optim.zero_grad()

Attach_parts (model)

time, which assumes that PyTorch handles gradient back-
propagation at an instance level. Similar to EATA, we
also report both theoretical time and wall-clock time in Ta-
ble 8. To compute the theoretical time of our approach,
we simply subtract the time for re-forward (in Algorithm 1)
from wall-clock time. We emphasize that this is mainly an
engineering-based issue, and the optimized implementation
can further improve computational efficiency. [23].

Using a single NVIDIA 2080Ti GPU, we measure the
total time required to adapt to all 15 corruptions, includ-
ing the time to load test data and perform TTA. The results
in Table 8 show that our proposed method requires neg-
ligible overhead compared to CoTTA [29]. For example,
CoTTA needs approximately 10 times more training time
than Continual TENT [28] with WideResNet-40. Note that
meta networks enable our approach to use 80% and 58%
less memory than CoTTA and EATA, even with such minor
extra operations.

B. Discussion and further experiments

Comparison on gradually changing setup. In Table 1
and 2, we evaluate all methods on the continual TTA
task, proposed in CoTTA [29] and EATA [23], where
we continually adapt the deployed model to each cor-
ruption type sequentially. Additionally, we conduct ex-
periments on the gradually changing setup. This grad-
ual setup, proposed in CoTTA, represents the sequence by
gradually changing severity for the 15 corruption types:

Method Con. TENT [28] EATA [23] CoTTA [29]  Ours (K=4)
Avg.err (%) 38.5 31.8 32.5 314
Mem. (MB) 188 188 409 80 (58, 80%.)

Table 9. Comparision on gradually changing setup. To con-
duct experiments, we use WRN-40 backbone on CIFAR100-C.
The values in parentheses refer to memory reduction rates com-
pared to TENT/EATA and CoTTA, sequentially.

Method | Con. TENT [28] | PETL[I5] PETL+SDR  Ours (K=4)
Avg. err (%) 383 733 25 36.4
Mem. (MB) 188 141 141 80

Table 10. Comparisons with methods for PETL. We com-
pare our method with methods [15] for parameter-efficient trans-
fer learning (PETL) with WRN-40 on CIFAR100-C. PETL+SDR
refers to PETL with our proposed self-distilled regularization.

Round | Con. TENT| TS DO LS KD Ours (K=4)
1 383 374 410 384 398 36.4
10 99.0 9.1 963 41.1 404 36.3

Table 11. Comparisons with methods for continual learning.
We report an average error rate (%) of 15 corruptions using WRN-
40 on CIFAR100-C. In the table, TS: Entropy minimization with
temperature scaling [1 1], DO: Dropout [26], LS: Label smoothing
with the pseudo label [21], and KD: Knowledge distillation [14].
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The results in Table 9 indicate that our approach outper-
forms previous TTA methods [23,28,29] even with the grad-
ually changing setup.

Comparisons with methods for parameter efficient
transfer learning. While our framework may be similar
to parameter-efficient transfer learning (PETL) [15, 16,27]
in that only partial parameters are updated during training
time for PETL or test time for TTA, we utilized meta net-
works to minimize intermediate activations, which is crucial
for memory-constrained edge devices. We conduct experi-
ments by applying a PETL method [15] to the TTA setup.
The adapter module is constructed by using 3x3 Conv and
ReLU layers as the projection layer and the nonlinearity, re-
spectively, and these modules are attached after each resid-
ual block of the backbone networks. The Table 10 shows
that PETA+SDR needs a 177% increase in memory usage
with a 6.1% drop in performance, compared to our method.

Comparisons with methods for continual learning. Typ-
ical continual learning (CL) and continual TTA assume su-
pervised and unsupervised learning, respectively. However,
since both are focused on alleviating catastrophic forget-
ting, we believe that CL methods can also be applied in
continual TTA settings. The methods for addressing catas-
trophic forgetting can be divided into regularization- and
replay-based methods. The former can be subdivided into
weight regularization (e.g., CoTTA [29] and EATA [23])



Method Mem. (MB) Round1 Round4 Round7 Round10
Source 280 37.2 37.2 37.2 37.2
Con. TENT 2721 54.6 49.6 37.4 29.9
Con. TENT * 2721 56.5 52.7 42.7 36.5
CoTTA * 6418 56.7 56.7 56.7 56.7
Ours 918 (66, 85%1) 55.2 554 55.4 55.4
Ours * 918 (66, 85%1) 56.7 56.8 56.9 56.9
Table 12. Further experiments in semantic segmentation.

We represent the results based on mean intersection over union
(mlIoU). * means that the method utilizes the same cross-entropy
consistency loss. The values in parentheses refer to memory re-
duction rates compared to TENT/EATA and CoTTA, sequentially.

#Partitions WRN-28 (12) WRN-40 (18) ResNet-50 (16)

K=4 2,244 3,3,6,6 33,55
K=5 22224 3,3,3,3,6 22444

Table 13. Details of # of blocks of each partition. The list of
numbers denotes the number of residual blocks for each part of the
original networks, from the shallow to the deep parts sequentially.
The values in parentheses are the total number of residual blocks.

and knowledge distillation [14], while the latter includes
GEM [20] and dataset distillation [7]. Suppose dataset dis-
tillation is applied to the continual TTA setup; for example,
we can periodically replay synthetic samples distilled from
the source dataset to prevent the model from forgetting the
source knowledge during TTA. Notably, our self-distilled
regularization (SDR) is superior to conventional CL meth-
ods in terms of the efficiency of TTA in on-device settings.
Specifically, unlike previous regularization- or replay-based
methods, we do not require storing a copy of the original
model or a replay-and-train process.

To further compare our SDR with existing regulariza-
tion methods, we conduct experiments while keeping our
architecture and adaptation loss but replacing SDR with
other regularizations, as shown in Table 11. The results
demonstrate that our SDR achieves superior performance
compared to other regularizations. In addition, Knowledge
distillation [14] alleviates the error accumulation effect in
long-term adaptation (e.g., round 10), while showing lim-
ited performance for adapting to the target domain.

Superiority of our approach compared to existing TTA
methods. Our work focuses on proposing an efficient ar-
chitecture for continual TTA, which has been overlooked
in previous TTA studies [2, 5, 18, 19, 28, 29] by introduc-
ing meta networks and self-distilled regularization, rather
than adaptation loss such as entropy minimization proposed
in TENT [28] and EATA [23]. Thus, our method can
be used with various adaptation losses. Moreover, even
though our self-distilled regularization can be regarded as a
teacher-student distillation from original networks to meta
networks, it does not require a large activation size or the
storage of an extra source model, unlike CoTTA [29].

In addition to the results in Table 6, we improve the

(K=4) Kernel size= 1, padding=0 Kernel size=3, padding=1

Arch Avg. err paramst+ Mem. | Avg. err paramst Mem.
WRN-28 17.2 0.8% 396 16.9 9.5% 404
WRN-40 12.4 0.6% 80 12.2 6.4% 80
ResNet-50 14.4 11.8% 296 14.2 142.2% 394

Table 14. Kernel size in the conv layer. We report the average er-
ror rate (%), the increase rate of the model parameters compared to
the original model (%), and the total memory consumption (MB)
including the model and activation sizes, based on the kernel size
of the conv layer in meta networks.

(K=4) Transformations
Dataset Arch EATA [23] | None +Color +Blur +Gray
CIFARIO-C ' WRN-40 13.0 12.5 12.3 12.3 12.2
CIFARI0-C  WRN-28 18.6 17.8 174 17.2 16.9
CIFAR100-C  WRN-40 37.1 36.9 36.7 36.6 36.4

Table 15. Ablation of the combination of transformations. To
warm up the meta networks, we use the following transformations
in Pytorch: Colorlitter (Color), GaussianBlur (Blur), and Ran-
domGrayscale (Gray). We report the average error rate (%).

segmentation experiments by comparing our approach with
CoTTA [29]. As we aforementioned, our approach has
scalability with diverse adaptation loss. Thus, as shown
in Table 12, we additionally apply cross-entropy consis-
tency loss” with multi-scaling input as proposed in CoTTA,
where we use the multi-scale factors of [0.5, 1.0, 1.5, 2.0]
and flip. Our method not only achieves comparable per-
formance with 85% less memory than CoTTA, but shows
consistent performance even for multiple rounds while con-
tinual TENT [28] suffers from the error accumulation effect.

C. Further implementation details

Partition of a pre-trained model. As illustrated in Fig. 3,
the given pre-trained model consists of three parts: clas-
sifier, encoder, and input conv, where the encoder denotes
layerl to 4 in the case of ResNet. Our method is applied to
the encoder and we divide it into K parts. Table 13 describes
the details of the number of residual blocks for each part of
the encoder. Our method is designed to divide the shallow
layers more (i.e., densely) than the deep layers, improving
the TTA performance as shown in Table 4c.

Convolution layer in meta networks. As the hyperparam-
eters of the convolution layer1 , we set the bias to false and
the stride to two if the corresponding part of the encoder in-
cludes the stride of two; otherwise, one. As shown in the
gray area in Table 14, we conduct experiments by modify-
ing the kernel size and padding for each architecture. To be
more specific, we obtain better performances by setting the
kernel size to three with WideResNet (with 10% additional
number of model parameters). On the other hand, utilizing
the kernel size of three with ResNet leads to significant in-

! https://pytorch.org/docs/stable/generated/torch.nn.Conv2d.html


https://pytorch.org/docs/stable/generated/torch.nn.Conv2d.html

entropy min. 7 (K=5) CIFAR10-C  CIFAR10-C  CIFAR100-C
v ke Variants | @ @ @ @ & ® @ | WRN-28  WRN-40 WRN-40
I v o vV v 19.9 15.4 39.2
i v N v 18.6 13.4 38.0
I v v Y v 18.7 13.7 38.2
v < o VS v 18.6 124 36.7
v NV v v 19.8 12.9 372
VI v v v v 323 14.5 51.8
VI v oV v 20.7 14.9 40.1
XTI N VAV AV 18.1 12.6 372
D IX v vV 60.6 73.3 772
t Ours v v v v g v 16.8 12.1 36.3

(a) Visualization of meta networks

(b) Comparison of average error rate (%) on continual TTA setup (K=5)

Table 16. Components of meta networks. We conduct an ablation study on components of meta networks (i.e., ® ~ (). Here, (D and
@ refer to affine transformation and standardization in a BN layer after the original networks. @~@® and ®~@), respectively, indicate
modules in a convolution block and two kinds of inputs of it. In table (b), v/ means applying the component to meta networks.

(K=5) Ours
Dataset Arch EATA [23] | £! L2 c3
WRN-28 18.6 173 169 169
CIFARI0-C  WRN-40 13.0 122 123 121
Resnet-50 14.2 150 143 141
WRN-40 37.1 365 364 363
CIFAR100-C Resnet-50 39.9 407 388 394

Table 17. Ablation study of main task loss. We compare the
average error rate (%) of three types of adaptation losses.

creases in parameters and memory sizes. Thus, we use one
and three as the kernel size with ResNet and WideResNet,
respectively.

Warming up meta networks. Before the model deploy-
ment, we warm up meta networks with the source data by
applying the following transformations, which prevent the

meta networks from being overfitted to the source domain.

Regardless of the pre-trained model’s architecture and
pre-training method, we use the same transformations to
warm up meta networks. Even for WideResNet-40 pre-
trained with AugMix [13], a strong data augmentation tech-
nique, the following simple transformations are enough to
warm up the meta networks. In addition, we provide the
ablation of the combination of transformations in Table 15.

from torchvision import transforms as T

TRANSFORMS = torch.nn. Sequential(
RandomApply (T. ColorJitter (0.4,0.4,0.4,0.1), p=0.4)
RandomApply (T. GaussianBlur ((3,3), p=0.2)
T.RandomGrayscale (P=0.1))

Semantic segmentation. For semantic segmentation exper-
iments, we utilize ResNet-50-based DeepLabV3+ [3] from
RobustNet repository® [4]. We warm up the meta networks
on the train set of Cityscapes [6] with SGD optimizer with
the learning rate of 5e-2 and the epoch of 5. Image trans-
formations follow the implementation details of [4]. After
model deployment, we perform TTA using SGD optimizer
with the learning rate of 1e-5, the image size of 1600x 800,
the batch size of 2, and the importance of regularization A of
2. The main loss for adaptation is same as £ in Equ. (2).

Zhtps://github.com/shachoi/RobustNet

D. Additional ablations

Main task loss for adaptation. To adapt to the target do-
main effectively, selecting the main task loss for adaptation
is a non-trivial problem. So, we conduct a comparative
experiment on three types of adaptation loss: £') entropy
minimization [10], £2) entropy minimization with mean en-
tropy maximization [17], and £3) filtering samples using
entropy minimization [23]. With a mini-batch of N test im-
ages, the three adaptation losses are formulated as follows:

1 N
L= NZH(@% ®)
i=1
N
£ = Ny S HG) A H@, ©
— A\my N Yi mo Y),
=1
1 N
L= NZH{H(@KHO} - H (i), (7

i=1
where ¢; is the logits output of ¢-th test data, ¥ =
¥ i (), Hly) = — X op(y)logply), pe) is the
softmax function, C is the number of classes, and ]I{,} is an
indicator function. \,,, and A, indicate the importance of
each term in Eq. (6) which are set to 0.2 and 0.25, respec-
tively, following SWR&NSP [5]. The entropy threshold H
is set to 0.4 x In C following EATA [23].

The results are described in Table 17. Particularly, apply-
ing any of the three losses, our method achieves comparable
performance to EATA. Among them, using £ of Eq. (7)
achieves the lowest error rate in most cases. Therefore, we
apply £ to our approach as mentioned in Section 3.1.

Components of meta networks. As shown in Table 16, we
conduct an ablation study on each element of our proposed
meta networks. We observe that the affine transformation
is more critical than standardization in a BN layer after the
original networks. Specifically, removing the standardiza-
tion (variant II) causes less performance drop than remov-
ing the affine transformation (variant I). In addition, using


https://github.com/shachoi/RobustNet

(K=5) Ours
Dataset Arch MSE loss (Eq. (8)) LI loss (Eq. (4))
WRN-28 16.9 16.9
CIFAR10-C WRN-40 12.3 12.1
Resnet-50 14.1 14.1
WRN-40 36.6 36.3
CIFARI00-C g snet-50 39.5 39.4

Table 18. Ablation study of loss function of our regularization.
We present the average error (%) according to two types of loss
functions for self-distilled regularization.

only a conv layer in conv block (variant VI) also cause per-
formance degradation, so it is crucial to use the ReLU and
BN layers together in the conv block.

Loss function choice of our regularization. As mentioned
in Section 3.2, self-distilled regularization loss computes
the mean absolute error (i.e., L1 loss) of Eq. (4). This loss
regularizes the output Zj of each k-th group of the meta
networks not to deviate from the output x, of each k-th part
of frozen original networks. The mean squared error (i.e.,
MSE loss) also can be used to get a similar effect which is
defined as:

MSE = (%), — x1,)2. (8)

We compare two kinds of loss functions for our regular-
ization in Table 18. By observing a marginal performance
difference, our method is robust to the loss function choice.

Robustness to the importance of regularization \. We
show that our method is robust to the regularization term .
We conduct experiments using a wide range of A\ as shown
in Figure 5b and the following table.

Round \\ | 0 01 05 1 2 | 5 10
1 3631 3630 3629 3656 3720 | 3841 39.58
10 5547 4383 3642 36.14 3648 | 3747 3895

The experiments are performed with WideResNet-40 on
CIFAR100-C. When A is changed from 0.5 to 1, the per-
formance difference was only 0.27% in the first round. We
also test A to be extremely large (e.g., 5, 8, and 10). Since
setting A to 10 may mean that we hardly adapt the meta net-
works to the target domain, the error rate (39.58%) with A
of 10 was close to the one (41.1%) of BN Stats Adapt [22].

E. Baseline details

E.1. TTA works

We refer to the baselines for which the code was of-
ficially released: TENT®, TTT++*, CoTTA>, EATA®, and
NOTE’. We did experiments on their code by adding the

3 https://github.com/DequanWang/tent
4https://github.com/\'im—epﬂ/ttt—plus—plus
5hllps://gilhub.cnm/qincncrgy/coua
6hnps://githuh.C()m/mr—t:‘,ggplant/EATA
7hllps://gilhuh.cnm/TacsikGong/NOTE

needed data loader or pre-trained model loader. In this sec-
tion, implementation details of the baselines are provided.

BN Stats Adapt [22] is one of the non-training TTA ap-
proaches. It can be implemented by setting the model to the
train mode® of Pytorch [24] during TTA.

TTT+++ [19] was originally implemented as the offline
adaptation, i.e., multi-epoch training. So, we modified
their setup to continual TTA. We further tuned the learn-
ing rate as 0.005 and 0.00025 for adapting to CIFAR10-C
and CIFAR100-C, respectively.

NOTE [8] proposed the methods named IABN and PBRS
with taking account of temporally correlated target data.
However, our experiments were conducted with target data
that was independent and identically distributed (i.i.d.).
Hence, we adapted NOTE-i.i.d (i.e., NOTE* in their git
repository), which is a combination of TENT [28] and
IABN without using PBRS. We fine-tuned the o of their
main paper (i.e., self.k in the code’) to 8 and the learning
rate to le-5.

Others (e.g., TENT [28], SWR&NSP [5], CoTTA [29], and
EATA [23]). We utilized the best hyperparameters specified
in their paper and code. In the case where the batch size of
their works (e.g., 200 and 256) differs from one for our ex-
periments (e.g., 64), we decreased the learning rate linearly
based on the batch size [9].

AdaptBN [25]. We set the hyperparameter [V of their main
paper to 8. When AdaptBN is employed alongside TENT or
our approach, we set the learning rate to le-5 or 5e-6 [18].

E.2. On-device learning works

To unify the backbone network as ResNet-50 [12], we
reproduced the following works by referencing their paper
and published code: TinyTL'?, Rep-Net'!, and AuxAdapt.
This section presents additional implementation details for
reproducing the above three works.

TinyTL [1]. We attach the LiteResidualModules'? to
layerl to 4 in the case of ResNet-50'°. As the hyperpa-
rameters of the LiteResidualModules, the hyperparameter
expand is set to 4 while the other hyperparameters follow
the default values.

Rep-Net [30]. We divide the encoder of ResNet-50 into
six parts, as each part of the encoder has 2,2,3,3,3,3 resid-
ual blocks (e.g., BasicBlock or Bottleneck in Pytorch) from
the shallow to the deep parts sequentially. Then, we connect
the ProgramModules'* to each corresponding part of the en-

8 pytorch.org/docs/stable/generated/torch.nn.Module.html#torch.nn.Module.train

9hnps://github,v:om/TaesikG(‘mg/N()"I“E/hlob/main/utils/iabn.py
10hllps://gilhub.cum/mil—han—lub/linyml/lree/musler/liny tl
Mhitps:/github.com/ASU-ESIC-FAN-Lab/RepNet
12hnps://github,v;om/mit—hzm—lal’)/tinyml/bloh/master/tinytl/tinytl/model/modulesApy
13 https://github.com/pytorch/vision/blob/main/torchvision/models/resnet.py
Mgilhub.com/ASU-ESIC—FAN—Lab/chNcl/blob/maslcr/rcpncl/modcl/rcpmgram,py
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https://github.com/ASU-ESIC-FAN-Lab/RepNet/blob/master/repnet/model/reprogram.py

Time t

Arch Method Shot Impu. Defo. Glas. Moti. Zoom Snow Fros. Fog Brig. Cont. Elas. Pixe. Jpeg | Avg.err Mem.
Source 443 370 448 306 439 326 294 239 301 397 129 664 327 584 235 36.7 11
tBN [22] 195 176 238 9.6 231 111 10.3 134 142 150 8.0 139 173 160 188 154 11
Single do. TENT [28] | 164 139 19.1 8.3 19.1 9.3 8.6 109 113 120 69 11.6 146 122 156 12.7 188
TENT continual [28] 164 122 171 9.1 187 114 10.4 127 124 148 10.1 130 170 133  19.0 13.3 188
WRN-40 TTT++[19] 19.1 169 222 9.3 216 108 9.8 127 131 143 738 139 159 142 172 14.6 391
(AugMix) SWRNSP [5] 159 133 182 8.4 18.5 9.5 8.6 11.0 102 1.7 7.0 8.1 146 113 151 12.1 400
NOTE [8] 19.6 164 199 9.4 203 103 10.1 11.6 106 133 79 7.7 154 120 173 13.4 188
EATA [23] 152 131 175 9.5 199 116 9.3 114 115 124 738 1.1 161 122 16.1 13.0 188
CoTTA [29] 156 136 173 9.8 190 110 10.2 135 126 174 718 173 162 129 16.0 14.0 409
Ours (K=4) 16.1 132 183 8.0 18.3 9.3 8.6 105 101 122 6.8 113 145 110 1438 122 80
Ours (K=5) 159 126 172 8.2 18.4 9.3 8.6 106 104 124 6.7 117 143 113 149 12.1 92
Source 723 657 729 469 543 348 420 251 413 260 93 467 266 585 303 435 58
tBN [22] 286 268 370 132 354 144 12.6 180 182 160 86 133 240 203 278 20.9 58
Single do. TENT [28] | 252  23.8 335 128 323 141 11.7 164 170 144 84 122 228 180 248 19.2 646
Continual TENT [28] | 252 208  29.8 144 315 154 14.2 188 175 173 109 149 236 202 256 20.0 646
TTT++[19] 279 258 358 13.0 343 142 122 174 176 155 8.6 131 231 196 266 203 1405
WRN-28 | SWRNSP [5] 246 205 293 124 31.1 13.0 11.3 153 147 11.7 18 9.3 215 156 203 17.2 1551
NOTE [8] 304 267 346 136 363 137 139 172 158 152 9.1 7.5 241 184 259 20.2 646
EATA [23] 238 188 273 139 297 160 133 180 169 157 105 122 229 17.1  23.0 18.6 646
CoTTA [29] 246 21,6 265 121 280 13.0 10.9 153 146 136 8.1 122 200 149 195 17.0 1697
Ours (K=4) 235 190 266 11.5 306 13.1 10.9 152 145 13.1 78 114 209 154 208 16.9 404
Ours (K=5) 238 187 257 115 298 133 11.3 153 150 13.0 79 113 202 151 205 16.8 471
Source 656 607 744 289 799 460 257 350 494 547 130 832 412 467 277 48.8 91
tBN [22] 180 172 293 107 272 155 8.9 167 146 21.0 93 127 209 124 148 16.6 91
Single do. TENT [28] | 16.6 157 257 100 248 138 8.3 149 138 176 87 100 191 115 138 15.0 925
TENT continual [28] 166 144 229 104 226 134 10.3 158 146 180 105 11.7 184 131 153 152 925
Resnet-50 TTT++[19] 182 169 287 105 265 145 8.9 165 145 209 9.0 9.0 204 123 147 16.1 1877
SWRNSP [5] 173 161 26.1 106 256 141 8.7 156 136 186 88 100 193 120 142 154 1971
EATA [23] 172 149 236 102 233 132 8.5 140 125 166 86 9.4 172 11.0 127 14.2 925
CoTTA [29] 162 150 212 104 228 139 8.4 151 129 198 8.6 113 175 105 122 14.4 2066
Ours (K=4) 16,5 145 243 97 237 133 8.8 147 129 17.0 9.1 9.4 176 114 13.1 14.4 296
Ours (K=5) 166 144 236 9.8 234 127 8.6 145 126 166 8.7 9.0 170 113  12.6 14.1 498

Table 19. Comparison of error rate (%) on CIFARC10-C with severity level 5. We conduct experiments on continual TTA setup. Avg.
err means the average error rate (%) of all 15 corruptions, and Mem. denotes total memory consumption, including model parameter sizes
and activations. WRN refers to WideResNet. The implementation details of the baselines are described in Section E.1.

Time t
Arch Method Gaus. Shot Impu. Defo. Glas. Moti. Zoom Snow Fros. Fog Brig. Cont. Elas. Pixe. Jpeg | Avg.err Mem.
Source 80.1 770 764 599 776 642 59.3 648 713 783 481 834 658 804 592 69.7 11
tBN [22] 459 456 482 33.6 479 345 34.1 403 404 471 317 397 427 392 456 41.1 11
Single do. TENT [28] | 41.2 406 422 309 434 318 30.6 353 362 401 285 355 39.1 339 417 36.7 188
continual TENT [28] 412 382 410 329 439 349 332 377 372 415 332 372 411 359 451 383 188
WRN-40 TTT++[19] 46.0 454 482 335 477 344 33.8 399 402 471 318 397 425 389 455 41.0 391
(AugMix) SWRNSP [5] 424 409 427 30,6 439 317 31.3 36.1 362 415 287 341 392 336 413 36.6 400
NOTE [8] 50.9 474 490 373 496 373 370 413 399 470 352 347 452 409 499 42.8 188
EATA [23] 41.6 399 412 31.7 440 324 319 362 368 397 29.1 344 399 342 422 37.1 188
CoTTA [29] 435 417 437 322 437 328 322 385 376 459 290 381 392 338 394 38.1 409
Ours (K=4) 427 396 424 314 429 319 30.8 351 348 407 281 350 375 321 405 36.4 80
Ours (K=5) 418 390 419 312 427 325 31.0 350 350 399 288 345 375 328 405 36.3 92
Source 847 835 933 596 925 719 54.8 66.6 77.6 81.8 443 912 722 766 565 73.8 91
tBN [22] 48.1  46.7  60.6 351 580 418 332 473 435 549 335 353 498 384 4038 44.5 91
Single do. TENT [28] | 44.1 427 539 326 520 375 30.5 434 402 457 304 314 451 350 376 40.1 926
continual TENT [28] 440 40.1 499 347 506  40.0 336 470 457 534 425 462 561 512 533 459 926
Resnet-50 TTT++[19] 48.1 465 608 351 578 416 329 468 433 550 333 340 500 38.1 406 442 1876
SWRNSP [5] 483 465 605 351 579 417 329 471 435 547 335 351 499 383 407 44.1 1970
EATA [23] 448 419 526 330 Sl 37.8 30.3 43.0 40.1 451  30.1 31.8 452 352 374 399 926
CoTTA [29] 436 428 504 342 516 392 314 434 396 474 313 322 434 358 367 40.2 2064
Ours (K=4) 448 403 492 323 501 363 29.5 41.0 399 446 315 337 453 363 377 39.5 296
Ours (K=5) 449 404 489 327 497 369 29.3 408 39.0 444 311 336 440 357 378 39.3 498

Table 20. Comparison of error rate (%) on CIFARC100-C with severity level 5. We conduct experiments on continual TTA setup. Avg.
err means the average error rate (%) of all 15 corruptions, and Mem. denotes total memory consumption, including model parameter sizes
and activations. WRN refers to WideResNet. The implementation details of the baselines are described in Section E. 1.

coder. For the ProgramModule, we set the hyperparameter
expand to 4 while the rest hyperparameters are used as their
default values. We copy the input conv of ResNet-50 and
make use of it as the input conv of Rep-Net.

AuxAdapt [32]. We use ResNet-18 as the AuxNet. We
create pseudo labels by fusing the logits output of ResNet-

50 and ResNet-18, and optimize all parameters of ResNet-
18 using the pseudo labels with cross-entropy loss.

Warming up the additional modules. Before model de-
ployment, we pre-train the additional modules (i.e., the
LiteResidualModule of TinyTL [1], the ProgramModule of
Rep-Net [30], and the AuxNet of AuxAdapt [32]) on the



source data using the same strategy warming up the meta
networks as mentioned in Section C.

F. Results of all corruptions

We report the error rates (%) of all corruptions on con-
tinual TTA and memory consumption (MB) including the
model parameters and activations in Table 19 and Table 20.
These tables contain additional details to Table 1.
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