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ABSTRACT

We study the problem of continual test-time adaption where the
goal is to adapt a source pre-trained model to a sequence of unla-
belled target domains at test time. Existing methods on test-time
training suffer from several limitations: (1) Mismatch between the
feature extractor and classifier; (2) Interference between the main
and self-supervised tasks; (3) Lack of the ability to quickly adapt to
the current distribution. In light of these challenges, we propose
a cascading paradigm that simultaneously updates the feature ex-
tractor and classifier at test time, mitigating the mismatch between
them and enabling long-term model adaptation. The pre-training of
our model is structured within a meta-learning framework, thereby
minimizing the interference between the main and self-supervised
tasks and encouraging fast adaptation in the presence of limited
unlabelled data. Additionally, we introduce innovative evaluation
metrics, average accuracy and forward transfer, to effectively mea-
sure the model’s adaptation capabilities in dynamic, real-world
scenarios. Extensive experiments and ablation studies demonstrate
the superiority of our approach in a range of tasks including image
classification, text classification, and speech recognition. Our code
is publicly available at https://github.com/Nyquixt/CascadeTTA.
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Figure 1: (a) Parallel paradigm for test-time training [40],
and (b) our proposed cascading paradigm for continual test-
time training. The proposed cascading paradigm efficiently
mitigates the mismatch between the feature extractor and
main classifier, enabling long-term model adaptation.

1 INTRODUCTION

Intelligent systems operating in real-world settings frequently en-
counter non-stationary data distributions that evolve over time.
For example, self-driving cars would face dynamically changing
environments due to weather, lighting conditions, geographic loca-
tions, etc. This variability poses significant challenges to machine
learning models as a highly accurate model on training data may
fail catastrophically on shifted distributions [11? ? ? ? ]. These chal-
lenges necessitate model retraining to assimilate new distributions,
also known as continual learning [31]. However, most existing con-
tinual learning approaches are designed primarily for fully labeled
datasets, which is prohibitively expensive.

Test-time adaptation [34, 40, 45? ] is a promising approach to
adapt a pre-trained model to unlabelled target data without access
to training data. The essence of these methods lies in the incor-
poration of a self-supervised learning (SSL) task, e.g., predicting
image rotation, minimizing the entropy loss, etc. Recently, Wang
et al. [46] has extended the problem setting to continual test-time
adaptation, where there is a sequence of target distributions at test
time, to better reflect the real-world scenario. However, recent work
Liu et al. [29] shows that the unconstrained model update from the
SSL task may interfere with the main task. This interference results
in the accumulation of prediction errors and a gradual deviation
from the model’s true predictive mechanism, preventing long-term
model adaptation. Moreover, existing methods lack the ability of
quickly adapting (e.g., adapting with few gradient steps) the model
to the current distribution and demand statistically sufficient data
(e.g. large batch size). This issue is crucial for continual and non-
stationary settings when test data arrive in an online manner with
small batches. In addition, test-time training methods [3, 29, 40]
typically employ a parallel paradigm (Fig. 1 (a)) with an auxiliary
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classifier for the SSL task, thus only enabling feature update while
keeping the main classifier fixed at test time. Continually updating
the model in such a manner would lead to a growing misalignment
between the feature extractor and the main classifier, leading to
deteriorated test accuracy.

To address the issues, we propose a cascading paradigm for
continual test-time adaptation. In contrast to previous parallel par-
adigm which only enables feature update, the proposed cascade
paradigm (Fig. 1 (b)) synchronously modulates the feature extractor
and main classifier at test-time, mitigating the mismatch between
them and enables long-term model adaptation. To optimize the pro-
posed cascading paradigm, we organize the model pre-training in a
meta-learning framework, minimizing the interference between the
main and SSL tasks and encouraging fast adaptation with limited
amounts of unlabelled data.

Given the complexities identified in continual test-time adapta-
tion, we recognize the need for more refined metrics in addition to
those tailored for standard test-time adaptation [13]. Taking inspi-
ration from the continual learning literature [43], we introduce two
new evaluation metrics to the continual test-time adaptation setting:
(1) average accuracy identifies whether the model has drifted away
from the true prediction mechanisms at the end of the adaptation
process, and (2) forward transfer evaluates the model’s capability to
leverage knowledge from the past domains to adapt to the current
one. To summarize, our contribution is multi-fold:

e We propose a cascading paradigm tailored for continual test-
time adaptation to efficiently eliminate the mismatch be-
tween the feature extractor and classifier at test-time, en-
abling long-term model adaptation.

e We organize the model pre-training in a meta-learning frame-
work to align the main and SSL tasks, meanwhile encourag-
ing fast adaptation to target distributions in the presence of
limited unlabelled data.

e We introduce new evaluation metrics, namely average accu-
racy and forward transfer, to further understand the model’s
behavior in long-term adaptation.

o Extensive experiments demonstrate the superiority of our
approach in a wide scope of tasks including image classifica-
tion, text classification, and speech recognition.

2 RELATED WORK

Test-time Adaptation. Several methods have been developed to
adapt pre-trained models to test data from shifted distributions
without accessing source data. Liang et al. [27] used information
maximization and pseudo-labeling for implicit alignment between
target and source domains. Sun et al. [40] adapts the feature extrac-
tor using self-supervised tasks like image rotation prediction. Batch
normalization methods, including re-estimating target domain nor-
malization statistics [25] and introducing entropy-based updates
[45], are also utilized. However, these methods often lack flexibility
for continually changing distributions. Recently, Wang et al. [46]
formulated continual test-time adaptation (CoTTA) to address the
issue of catastrophic forgetting for non-stationary distributional
shifts. Despite its effectiveness, CoT TA updates all parameters of
model, degrading adaptation efficiency and risking overfitting to
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data streams. This problem is also known as batch dependency, or
over-adaptation on previous test batches [52].

Continual Learning. The objective is to learn progressively
from tasks in sequence without erasing previously gained knowl-
edge [7]. Existing methods can be divided into three categories:
regularization-based [18, 26], memory replay [5, 35], and parameter
isolation methods [1, 30]. Different from continual test-time adap-
tation, they focus on learning new tasks with fully labelled datasets.
Several methods are proposed to adapt models to a sequence of
unlabelled target domains, also known as continual domain adapta-
tion [15, 49]. Liu et al. [28] suggested a meta-adaptation framework
capable of capturing the evolving pattern of the target domain.
Su et al. [39] proposed gradient regularized contrastive learning
to learn discriminative and domain-invariant representations si-
multaneously. Lao et al. [20] introduced a modularized two-stream
system which can handle both task and domain shifts. However,
these methods rely on the co-existence of both the source and target
domains, and cannot be applied directly in our problem. Lifelong
domain adaptation [16, 36] lifts this restriction but necessitates
estimating internal source distribution for adaptation.

Meta-learning. Meta-learning [37] is a long-standing topic on
learning models to generalize over a distribution of tasks. Model-
Agnostic Meta-Learning (MAML) by Finn et al. [9] was proposed
to adapt the model to new tasks within a few gradient steps. The
key idea is to learn a good initialization from which the model is
able to be quickly adapted to new tasks with few-shot examples.
Several approaches [? ? ] have been proposed to use meta-learning
to address distributional shifts. Li et al. [23] suggested an episodic
training paradigm to improve models’ generalization capability.
Balaji et al. [2] came up with MetaReg that meta-learned a reg-
ularization function that can generalize to new domains. Dou et
al. [8] proposed to incorporate global and local constraints to learn
semantic feature spaces in a modified MAML framework. MT3 [3]
was formulated to incorporate meta-learning into test-time adapta-
tion by learning task-specific model parameters for different tasks.
However, MT3 requires the meta-model to be accessed at test time
which makes continual adaptation for a single model unsuitable.

3 PROBLEM FORMULATION

The problem of continual test-time adaptation is defined by a
pair of random variables (X, Y) over instances x € X C R? and
corresponding labels y € Y, where (X,Y) follows an unknown
joint distribution P(X, Y). At training, we have access to a single
source domain S with labelled dataset Dg = {x., yé};';l, where
Dg ~ Pg(X,Y). At test time, we are presented with a sequence
of target domains 7 = {77, 72, - - - , 75 } where for each 7; we only

k
t

in an online manner with small batches while D g is not available:

ne,
have access to an unlabelled dataset Dq; = {x }k " and x4, arrive
=1

ii.d.

Xt; Dr]; where Dr]; hd Dr]E, s, D-’];\, ~ P-’r.

The objective is to learn a predictor fy : X — Y to predict

labels {ylt‘i }Z: , for each 7;, where i/ are learnable model parameters.
Typically, f, is decomposed into a feature extractor hy : X — Z C
R? and a classifier gg : Z — Y, iee., fy = gg o hy, where ¢ = (¢, 0).
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Evaluation Metrics

The first evaluation metric is the standard mean online error, which
measures the average classification error across all batches during
adaptation, denoted as E(¢). In addition, motivated by continual
learning [43], we propose to evaluate the model in terms of aver-
age accuracy and forward transfer. Let ‘R,/,(‘77|‘7'-) denote the test
accuracy on domain 7; after observing 7;. We measure the average
accuracy A(¢) on all domains at the end of adaptation:

N
AW) = 3 > Ry(TITin). &
t=1

Second, we evaluate forward transfer by measuring the accuracy
difference between a model that was updated through the sequence
of past domains and a model that was only updated by the last
domain:

N
T = O Ry TilTi) - Ry(TT). (2)
t=2

The higher the better for two metrics. A high A () denotes that
the model does not deviate from the true prediction mechanism; a
positive 7 () indicates the model’s ability to leverage knowledge
from previous domains.

4 METHOD

We introduce a cascading paradigm, as illustrated in Fig. 1 (b),
tailored for continual test-time adaptation. During training, we
update the model on the source domain through a main and a self-
supervised learning (SSL) task. At test time, the feature extractor
and classifier are concurrently updated through the SSL task. This si-
multaneous update diminishes discrepancies between them, paving
the way for sustained model adaptation to target domains. While a
straightforward approach to achieve the cascading paradigm might
involve pre-training the model on both the main and SSL tasks
using multi-task learning, recent research by [29] indicates poten-
tial pitfalls: in multi-task learning, unrestricted updates from the
SSL task can inadvertently conflict with the main task, potentially
undermining rather than enhancing test accuracy. Furthermore,
multi-task learning does not inherently ensure rapid adaptation
to target distributions. To address these challenges, we propose a
meta-learning framework during model pre-training. This frame-
work enforces gradient alignment between the two tasks, effectively
reducing task interference and improving test accuracy.

4.1 Cascading Paradigm

Domain Adaptation [4] is widely used to address distributional
shifts without supervision. However, it requires the co-existence
of both the source and target domains. Test-time training [40] was
proposed to address this issue by leveraging a SSL task for model
adaptation. This method employs a parallel paradigm (Fig. 1 (a)):
a main classifier 6y, for the supervised learning task, an auxiliary
classifier 8, for the SSL task, and the two classifiers share the same
feature extractor ¢. All modules are updated in pre-training by
multi-task learning, while only the feature extractor is updated at
test-time through the SSL task. However, continually updating the
model in such manner would gradually increase the discrepancy
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Figure 2: Overview of pre-training and adaptation phases.
7 ~ ¥ denotes a transformation randomly sampled from a
predefined pool of transformations. LgNT: entropy loss, Lcg:
cross-entropy loss.

between the feature extractor and main classifier, accumulating
prediction errors and deviating from the true prediction mechanism.

To address this issue, we propose a cascading paradigm (Fig. 1
(b)) to synchronously modulate the feature extractor and classi-
fier for continual test-time adaptation. Specifically, we reorganize
the architecture in a sequential manner, starting with the feature
extractor ¢, followed by the main classifier 6, and finally the auxil-
iary classifier 8, in that order. At test time, the self-supervised loss
calculated on the output of 6, is utilized to synchronously update
both ¢ and 6y,.

4.2 Model Pre-training

To optimize the proposed cascading paradigm, a straightforward
way is to pre-train the model on both the main and SSL task through
multi-task learning. However, recent work by [29] shows that in
multi-task learning, the unconstrained model update from the SSL
task may interfere with the main task, deteriorating the test accu-
racy rather than improving it. Moreover, multi-task learning cannot
guarantee fast adaptation to target distributions. To address these is-
sues, we propose a meta-learning framework for model pre-training
to enforce the gradient alignment between the two tasks, mitigating
task interference and enabling fast adaptation with only a single
gradient step. Following [32, 45], we employ the entropy loss as
the self-supervised loss. Our pre-training phase, which includes
meta-train and meta-test steps, is structured in a manner that aligns
with gradient-based meta-learning approaches like MAML [9].
Domain Randomization. First, we create simulated non-stationary
target domains that the model would encounter during test time
to support the meta-learning scheme. We employ domain random-
ization [44? ] to generate domain augmentations from the single
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source S through a set of transformations ¥. Given ¥ and the
source samples {(xs,ys)} ~ Ps(X,Y), we generate augmentations
by sampling a specific transformation 7 ~ ¥, and then applying
it to the given data, obtaining {(r (x5),ys)} ~ p(S*). For each
iteration, we sample a mini-batch 7 ~ Pg+(X,Y)r ~ Pg+(X,Y)
representing a random domain. We then divide 7 into meta-train
data DI and meta-validation data DY for the meta-learning
pre-training phase. Domain randomization varies across different
modalities. The implementation details are provided in Sec. 6 and
Appendix A.

Meta-train. In the inner loop, to mimic the model adaptation at test-
time, we update ¢ and 0, using the gradients of entropy calculated
on the output of 0,. Specifically, let = {@, O, }, we update ¢ via
one step stochastic gradient descent on DE™ while fixing 6,:

V' ¢ —aVyErpg [Lent(¥: 00 D], ©)

where « is the learning rate of the inner loop and LgNT is the
entropy loss. At test time, to avoid overadapting to the data stream
and mitigate the risk of catastrophic forgetting, we only update BN
parameters of ¢. Inspired by the work of [25], [38], and [45], we re-
estimate the statistical moments and update the affine parameters.
Meta-test. In the outer loop, we update ¢ and 6, using the gradient
of the meta-loss Lfeta On Z)}’alz

(.00} — (.00} = BV (y,0,} Lnteta (V. 003 DY),

Lvieta = Brergs | Lew (¢/308) + 2 Lonr (v, 06 DY) |

©)
where f is the learning rate of the outer loop, Lcg denotes cross-
entropy loss, and A is the balancing coefficient. Intuitively, the meta-
learning framework distills knowledge from unlabelled samples
and leverages it to facilitate supervised classification. Moreover,
the meta-learned initialization enables the model to fast adapt to
target domains using limited unlabeled samples. With a few steps
of gradient update from the meta-learned representation, the model
can produce accurate predictions on the incoming data stream.
This capability further allows the model to be reliably adapted long-
term without deviating too far from the meta-learned initialization,
empirically illustrated in Sec. 6.1. The pre-training procedure is
summarized in Algorithm 1.

It is worth noting that although Tent and CoTTA do not require
special treatment to model pre-training, they require statistically
sufficient data for model adaptation. We empirically show that our
approach outperforms CoTTA by ~ 9% in accuracy with the batch
size of 16 (see Sec. 6.4).

5 THEORETICAL ANALYSIS

We first show that the meta-learning framework encourages gra-
dient alignment between the main and self-supervised learning
(SSL) tasks. Next, we show this alignment further upper-bounds
the generalization error by adopting the H-divergence [4].

Theorem 1. (Gradient alignment between the main and SSL tasks).
Let Lpain () be the loss function for the main task and Lssr. (¢, 64)
be the loss function for the SSL task. Suppose the model parameters
are updated using Eq. (4). Then, the gradient of the meta-objective
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Algorithm 1: Pre-training for Cascading Paradigm.

Input: Source domain S, transformations ¥
Output: Learned ¢ and 6,

1 while not converged do

2 Sample data {(xs,ys)} ~Ps(X,Y) ;

3 Sample a transformation 7 ~ ¥ ;

4 Generate augmentations { (7 (xs),ys)} ;

5 Split {( (xs),ys)} into {D, Z)‘T’al} ;

6 Meta-train: Get i’ using DU? via Eq. (3) ;

7 Meta-test: Update {¢, 6,} on Z)¥al via Eq. (4);

s end

LMeta With respect to (¢, 04) can be decomposed as:
(I=BY ()0, LssL (V. 00) T (Vy Livtain(V)+AY g 0,) LssL (V. 0a)).

where I is the identity matrix and V% v, ea)LSSL(W ,0,) is the Hes-

sian matrix of Lggp, with respect to (¢, 0,). If the Hessian matrix is
positive semi-definite and the learning rate f is sufficiently small
(small f ensures that the first-order approximation is valid), the
gradient of the SSL task does not interfere with the gradient of the
main task, but rather provides useful information for adaptation.
Theorem 2. (Generalization Upper Bound. Adapted from [28]).
Assuming dgnq(Py;, Pr]}) < alt; — tj| holds with constant a for
ti,tj > 0, then for any , with probability at least 1 — § over the
sequence of N target domains T :

N
E/Ep, L(fy (%), y) < Epg L(fy (%), y) + % Z[d'HA'H(PS,PT,-)]

i=1
a

+ E[A[ + O(ﬁ),

where A; = miny [Epg L(fy (x),y) +Ep, L(fy (x), y)] measures the

adaptability from source to target. Our method reduces generalization

risks on target domains (Ep,- in A;) by aligning the self-supervised

learning (SSL) and main tasks.

6 EXPERIMENTS

We evaluate our approach on three modalities using five benchmark
datasets: CIFAR-10-C, CIFAR-100-C and Tiny-ImageNet-C [13] for
image classification, Amazon Reviews [6] for text classification, and
Google Commands [47] for speech recognition. Section 6.4 includes
ablation studies to investigate key components of the proposed cas-
cading paradigm. We include source code, implementation details,
and more experimental results in the supplementary.

Baselines. We compare the proposed cascading paradigm to the
following baselines: (1) Empirical Risk Minimization (ERM) [42]:
is trained on the source domain and directly evaluated on target
domains without any update. (2) Adaptive Batch Normalization
(AdaBN) [24]: re-estimate normalization statistics on each incom-
ing batch in target domains. (3) Test-time training (TTT) [40]: use
a self-supervised learning task, i.e., predicting image rotation, to
update the feature extractor at test time. (4) Tent [45]: update both
normalization statistics and affine parameters by entropy minimiza-
tion, modified to fit the continual setting by not resetting during
the adaptation process. (5) COTTA [46]: continually adapt a source
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Table 1: Results (%) on CIFAR-10/100-C and Tiny-ImageNet-C with the highest corruption severity on the instantaneously changing
setup. Models are pre-trained on the original CIFAR-10/100 and Tiny-ImageNet and continually adapted to a sequence of corruptions
with a batch size of 32 for CIFAR and 64 for Tiny-ImageNet. Our method significantly outperforms other baselines in online error
&(Y), average accuracy A(Y), and forward transfer 7 (¢/).

t

Dataset ‘ Method ‘ gauss shot impul defoc glass motn zoom snow frost fog brit  contr elast pixel jpeg ‘ EWL AMT FWT
ERM 73.06 67.73 7338 23.71 64.87 34.53 27.08 3341 47.54 1949 1097 23.14 39.14 7325 36.70 43.20 56.80 -
AdaBN | 40.20 37.65 40.63 2246 52.14 26.03 23.01 27.10 30.20 23.86 1282 21.13 3637 33,56 3531 30.83 69.17 -
CIFAR-10-C TTT 40.61 29.31 37.04 32.68 4192 34.13 21.29 2810 2247 2425 16.22 2445 30.01 2597 24.20 28.84 64.38 -4.42
Tent 27.83 23.08 29.89 20.60 42.48 2879 26.81 3492 3845 3888 31.71 41.08 49.51 50.70 50.34 35.67 47.69 -31.11
CoTTA | 25.63 22.46 27.09 19.75 35.35 23.10 21.33 2516 2491 29.15 19.15 3340 3322 29.04 28.87 26.51 66.18 -7.49
‘ Ours ‘ 28.64 2536 3238 15.52 40.55 19.55 16.77 20.65 20.78 19.81 1134 16.86 28.36 24.16 24.70 22.99 77.36 0.58
ERM 9424 9136 91.52 5500 87.42 6258 56.06 67.12 76.52 57.58 4242 6697 65.15 9091 67.73 71.51 28.49 -
AdaBN | 7833 7591 7455 5227 76.21 58.18 55.00 64.70 61.67 58.64 43.64 60.61 64.09 66.06 70.30 64.01 36.12 -
CIFAR-100-C TTT 7297 6818 72.86 7293 77.54 7406 5736 7342 6237 6033 4848 71.81 61.77 60.55 62.00 66.44 26.49 -12.64
Tent 76.52 7121 68.18 48.79 7152 52.88 45.15 55.61 53.33 52.42 4121 5455 55.00 52.27 59.39 57.20 38.84 -2.30
CoTTA | 68.79 70.61 6939 57.88 70.00 61.36 5561 61.36 56.67 62.27 45.00 75.61 64.09 60.00 60.30 62.60 35.37 1.52
‘ Ours ‘ 66.42 64.78 65.65 44.33 67.20 47.89 46.01 54.11 5435 53.75 39.85 49.87 5746 54.66 60.87 55.11 45.23 0.19
ERM 86.06 83.94 95.00 88.64 92.27 73.79 77.27 6545 61.21 7545 5742 9545 8197 6455 48.94 76.49 23.51 -
AdaBN | 85.84 8343 89.35 8270 91.00 74.67 7598 7523 7443 7894 7090 9444 77.76 72.01 73.80 80.03 19.97 -
Tiny TTT 9529 7844 79.32 8274 8830 81.13 67.35 7547 6557 69.71 60.50 96.02 67.32 59.40 57.01 74.90 20.25 -11.16
ImageNet-C Tent 85.22 8279 88.23 8440 91.61 8031 82.26 83.49 84.17 8633 83.14 96.48 89.76 88.28  89.90 86.42 7.72 -12.58
CoTTA | 8349 8037 87.86 79.22 89.18 69.65 71.10 70.83 69.49 7449 64.67 93.07 7335 6533 68.00 76.01 24.60 1.29
‘ Ours ‘ 74.62 70.12 80.72 77.56 83.63 54.13 54.04 59.22 53.69 63.77 49.34 91.72 63.29 53.84 49.56 ‘ 65.28 27.39 -12.27

pre-trained model to non-stationary target data by reducing error
accumulation and alleviating forgetting.

For fair comparison, we use our pre-trained model as the back-
bone for all baselines except ERM and TTT, since TTT has its own
pre-training strategy. In contrast to previous work that utilizes pre-
trained models such as WideResNet-28 [50], we train all models from
scratch and refrain from using the data augmentations that coincide
with the corruptions/domains at test time to avoid test data leakage,
accurately measuring the adapting capability of the algorithms.

Metrics. 1) Online error. We immediately record the online pre-
diction of each batch after the model was adapted to it. We calculate
the online prediction error, (), by averaging the errors of all tar-
get domains. 2) Continual learning metrics. We further evaluate
the cascading paradigm using the metrics proposed in Section 3:
average accuracy A(Y) and forward transfer 7 (¢/).

6.1 Image Classification

For image classification, We validate our method on CIFAR-10/100-C
and Tiny-ImageNet-C.

Dataset. CIFAR-10/100-C and Tiny-ImageNet-C [13] is a robust-
ness benchmark consisting of fifteen corruptions types with five
levels of severity applied to the test set of CIFAR-10/100 [19] and
Tiny-ImageNet [21]. The corruptions consist of four main categories:
noise, blur, weather, and digital. We show the model performance
on the highest severity.

Setup. Following [40], we use 15 corruptions as target domains.
The model is pre-trained on the original CIFAR-10/100 and Tiny-
ImageNet datasets and continually adapted to a sequence of im-
age corruptions in CIFAR-10/100-C and Tiny-ImageNet-C. We use
ResNet-26 [12] for the first two datasets and ResNet-34 for the third
dataset. We append a lightweight 2-layer fully connected network
as the auxiliary classifier. During pre-training, the initial learning

rate is 0.001 with a linear decay and the number of epochs is 75. We
use AugMix [14] for domain randomization. At test time, the SGD
optimizer with Nesterov momentum [41] with an online learning
rate of 0.001 updates the model. As we wish to simulate the online
setting, we use a small batch size of 32 for CIFAR-10/100-C and 64
for the more challenging benchmark Tiny-ImageNet-C.

Table 2: Results (%) on CIFAR-10-C on the gradually changing
setup. Models are pre-trained on CIFAR-10 and continually
adapted to a sequence of 135 gradually changing domains
with a batch size of 32. Our method enables long-term adap-
tation to target domains while others fail catastrophically.

Metrics ‘ EWl AWT FWT

TTT 2839 6029  -13.94
Tent 6426 1139  -72.83
CoTTA | 41.08 2693  -54.83
Ours | 17.51 8119  -24

Results. 1) Instantaneously changing setup. Tab. 1 shows the
results of CIFAR-10-C, CIFAR-100-C, and Tiny-ImageNet-C with the
highest corruption severity on the standard domain sequence. Our
method outperforms other baselines in most corruptions and yields
the lowest average error of 22.99%, 55.11%, and 65.28% on the three
benchmarks, respectively. For forward transfer, our model achieves
a F () of 0.58% and 0.19% on CIFAR-10/100-C, showcasing its ca-
pability to adapt to current domains by leveraging past knowledge.
However, on the more challenging benchmark Tiny-ImageNet-C, it
suffers a relatively high negative ¥ () of —12.27. Other baselines
exhibit lower performance on online error with negative forward
transfer, except for CoTTA on CIFAR-100-C, and Tiny-ImageNet-C
with a forward transfer of 1.52%, and 1.29%. The results underscore
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our method’s efficiency in continual adaptation to various image
corruptions.

2) Gradually changing setup. Next, we evaluate our model
on the gradually changing setup, which is more relevant to the
real-world scenario. In the standard sequence of corruptions, target
domains change abruptly, especially in the highest severity. Instead,
following [46], we construct a sequence of target domains such that
the evolving pattern of distributional drift is smoother. Specifically,
for each corruption t we continuously change its severity level
from 1 to 5 and then back to 1 and then change the corruption type,
making up 135 target domains:

—1>22—->.5—-24—>.1—> 1->2.
N——

t+1 and after

L2—>1
N——

t—1 and before

corruption ¢

This setup evaluates the model’s capability of long-term adaptation.
Per Tab. 2, Tent and CoTTA, with the need of statistically sufficient
data, ie., a large batch size, perform rather poorly. They both suf-
fer from error accumulation over a lengthy sequence of domains
and eventually deviate from the true prediction mechanism. Since
CoTTA updates all model parameters, continually adapting to small
batches causes the model to overfit to the current batch, prevent-
ing it from efficiently adapt to the subsequent ones. In contrast,
our model maintains stability over an extended domain sequence,
achieving a substantial 81.19% average accuracy with minimal for-
ward transfer losses. Our approach alleviates batch dependency
[52] by successfully adapting over 135 diverse domains.

6.2 Text Classification

In this section, we conduct experiments on Amazon Reviews by [6]
for text classification.

Dataset. Amazon Reviews is a widely adopted benchmark in the
context of domain adaptation for sentiment classification. It is a
collection of product reviews from amazon.com in four product
domains: books, dvds, electronics, and kitchen appliances. Reviews
are assigned with binary labels - 0 (or “negative”) if the rating of
the product is up to 3 stars, and 1 (or “positive”) if the rating is 4
or 5 stars. We use unigrams and bigrams as features resulting in
5000 dimensional representations [10]. Following [48], we leverage
the four operations for text augmentation: synonym replacement,
random insertion, random swap and random deletion. See Appx. A.2
for more details on augmentations.

Setup. We pre-train the model on one source domain “books”,
and continually adapt the model to “dvds”, “electronics”, and “kitchen”.
Similar to [10], the extracted features are fed into two FC layers
with the size of 50. A softmax layer with the size of two is used
to classify the sentiment of reviews into “positive” or “negative”.
We append a BN layer to each hidden layer and append a FC layer
with the size of 2 as the auxiliary classifier. We use Adam [17] to
optimize the model, and the initial learning rate o = 10™*. Similar
to the image classification task, the batch size is set to 32.

Results. Tab. 3 shows the results of text classification on Amazon
Reviews. Results show that our method outperforms others across
all test domains by a large margin. Specially, our method achieves
the lowest online prediction error of 21.73% and the highest aver-
age accuracy of 78.73% across all past domains at the end of the
adaptation. Notably, our model achieves 4.82% in forward transfer,
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Table 3: Results (%) on Amazon Reviews. Models are pre-trained
on “books” and continually adapted to “dvds” — “electronics”
— “kitchen” with a batch size of 32.

t
Meth

ethod dvds electronics kitchen ‘ EWl AT FW1
ERM 19.78 26.50 20.06 22.11 77.89 -
AdaBN | 20.47 25.03 20.99 2217 77.83 -
Tent 20.87 25.26 21.85 22.66  77.26 -1.08
Ours | 19.19 25.00 21.01 | 2173 7873 4.82

indicating the model can leverage knowledge from past domains
to accelerate the adaptation to the current domain. Results demon-
strates the effectiveness of our method in continually adapting to
different text domains.

6.3 Speech Recognition

In this section, we perform experiments on Google Commands
by [47] for speech recognition.

Table 4: Results (%) on Google Commands. Models are pre-
trained on the clean audios and continually adapted to “Amp.”
— “Pit” — “Noise” — “Strech” — “Shift”.

Stretch

t
Method ‘ Amp. Pit. Noise

st | SO L ADT FO1T

ERM 36.5 267 274 25.8 31.7 29.62 70.38 -
AdaBN 36.8 261 269 22.5 28.3 28.12 71.88 -
Tent 36.1 236 248 20.2 28.5 26.64 72.25 -23.15
Ours ‘ 354 212 219 20.6 27.3 ‘ 25.28 74.66 -6.04

Dataset. Google Commands has 65000 utterances (one second
long) from thousands of people. There are 30 different command
words in total. There are 56196, 7477, and 6835 examples for train-
ing, validation, and test. To simulate domain shift in real-world
scenarios, we apply five common corruptions in both time and
frequency domains. This creates five test sets that are “harder” than
training sets, namely amplitude change (Amp.), pitch change (Pit.),
background noise (Noise), stretch (Stretch), and time shift (Shift).
The range of “amplitude change” is (0.7,1.1). The maximum scales
of “pitch change”, “background noise”, and “stretch” are 0.2, 0.45,
and 0.2, respectively. The maximum shift of “time shift” is 8. See
Appx. A.3 for more details on data preprocessing and augmenta-
tions. We use the default hyper-parameters from audiomentations!.

Setup. We pre-train the model on the clean train set, and con-
tinually adapt it to “Amp.”, “Pit”, “Noise”, “Stretch”, and “Shift”. We
encode each audio into a Mel-spectrogram with the size of 1x32x32
and feed them to LeNet [22] as one-channel input.

Results. Tab. 4 shows the results of speech recognition on Google
Commands. As seen, our method outperforms other baselines on
all target domains except “stretch”, indicating its strong adaptation
capability on corruptions in both time and frequency domains. In de-
tail, our method outperforms the second best by 0.7% on “amplitude
change”, 2.4% on “pitch change”, 2.9% on “background noise”, and

!https://github.com/iver56/audiomentations
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Table 5: Online classification error (%) on CIFAR-10-C across
different batch sizes on the instantaneously changing setting,.
Our method shows consistent performance across different
batch sizes, and outperforms Tent and CoTTA by at least 9%
with a batch size of 16. We report the mean and standard
deviation across all batch sizes.

Batch Size ‘ 128 64 32 16 ‘ Mean =+ Std

Tent 22.53 2599 35.67 50.28 | 33.61 +12.4
CoTTA 21.75 2296 26,51 33.58 | 26.20 +£5.3
TTT 28.15 27.02 2884 27.15 | 27.79 £0.7
Ours 22.26 2232 2299 24.63 | 23.05+ 1.1

1.0% on “time shift”, respectively. Our method suffers significantly
less deterioration in forward transfer compared to Tent.

6.4 Ablation Study

We have shown that our method yields significant improvements
across different modalities including image, text, and speech. In
this section, we perform ablation study to investigate the key com-
ponents of the proposed cascading paradigm and provide main
observations as follows:

Our model is insensitive to batch sizes. In online adaptation,
we expect the batch size to be relatively small and varied; an on-
line model should perform well on such conditions. We show the
classification error on CIFAR-10-C across different batch sizes in
Tab. 5. A smaller standard deviation indicates that a model is less
sensitive to the batch size. COTTA’s performance drops by 11.83%
when the batch size reduces from 128 to 16 due to overfitting on
early batches with insufficient statistical input. Tent, with limited
data, shows 50.28% average error for batch size 16. In contrast, our
method exhibits the lowest error, remaining consistent across batch
sizes with a 0.9% standard deviation, showcasing its insensitivity
and online adaptability It is also worth noting that both TTT and
our method are insensitive to different batch sizes, possibly due to
the usage of the auxiliary classifier.

24 24
—— Ours ,‘ —&— Ours A
2 —A - Ours w/o 6, / —A - Ours (6, fixed) /
22
- .
e I
520 5 20
o o
wn n
CU i
18 18
- by
5 s
- 16 - 16
14 14
1 2 3 4 5 1 2 3 4 5

Corruption Severity Corruption Severity
Figure 3: Validation of the cascading paradigm on CIFAR-10-C.
Left: Classification error of models w/ and w/o the auxiliary
classifier 6,. Right: Classification error of models updating
and fixing the main classifier ,, at test time.

Auxiliary classifier effectively synchronizes modules. The
cascading paradigm allows us to synchronously modulate the fea-
ture extractor ¢ and main classifier 8, through self-supervised
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Table 6: Ablation study on the effectiveness of §,. Online
classification error (%) on Tiny-ImageNet-C on 5 levels of cor-
ruption severity.

Methods | 1 | 2 | 3 | 4 | 5
w/o 0, | 46.07 | 50.46 | 56.47 | 63.82 | 68.09
Ours 44.20 | 48.36 | 54.14 | 61.45 | 65.28

learning at test time. To validate its effectiveness, we conduct two
ablation studies on CIFAR-10-C dataset: (1) We discard 6, and com-
pute the entropy of the output of 6,,. In Fig. 3 (left), we observe
that 6, consistently improves the classification performance across
all levels of corruption severity, possibly due to that 6, converts the
logits into another space with less intervention to the cross-entropy.
(2) We only modulate BN-related parameters and keep 0, fixed at
test time. In Fig. 3 (right), we can see that our model outperforms
the variant with 6,, fixed during test, validating the effectiveness of
jointly modulating both ¢ and 8y,. We further conduct the ablation
study on Tiny-ImageNet-C, a more challenging dataset, to confirm
the effectiveness of 6, as depicted in Tab. 6.

Table 7: Ablation study on the effect of meta-learning on
CIFAR-10-C across different batch sizes.

Method | Meta | 128 64 32 16

TTT X | 2815 2702 2884 27.15
TTT V| 2404 2437 2793 2820
Ours X | 2793 4718 6653 75.88
Ours V' | 2226 2232 2299 2463

Meta-learning improves model robustness. The meta-learning
approach aligns gradients between self-supervised and supervised
losses and enables effective initialization. This allows the model to
rapidly adapt to unlabeled target domains with limited data. To vali-
date its effectiveness, we create a model variant using conventional
multi-task learning (MTL). In this variant, we update the model via
gradients from the combined entropy and cross-entropy loss:

{¥.0a} — {¥.0a} — aV iy 0,1 LMTL(Y, 0a; Do),

LymTL = Beepge [LcE (V3 Dr) + ALeNT (¢, 003 D)) -

Furthermore, we apply meta-learning on TTT and achieve a signif-
icant improvement in performance across different batch sizes, as
shown in Tab. 7. Similar to Eq. 3 and Eq. 4 described in Sec. 4.2, we
adapt the inner and outer loop update to TTT respectively as:

¢’/ — ‘]5 - aV¢ET~]P’S+ [-LR((]S’ ea;z);rn)] 5 (5)
and

(. 0a} — {00} = BV (y,0,} Lnteta (9, Om. 003 DY),

N e |

where Ly is the image rotation prediction loss. Noticeably, it boosts
TTT’s accuracy with the batch size of 128 by 4.11%. Another critical
observation is that without meta-learning our cascading paradigm
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exhibits a poor performance for small batch sizes and has to rely on
sufficient data statistics to yield a decent accuracy. Results demon-
strate the effectiveness of meta-learning in adapting to few samples.

6.5 Uncertainty Quantification

In our approach, we use entropy as the self-supervised loss, which is
used to quantify the uncertainty. To investigate the relationship be-
tween uncertainty and classification error, we analyze the evolution
of entropy and error. Results are shown in Fig. 4. In Fig. 4 (left), we
note that both entropy and error decrease when the model adapts
to more samples of the target domain. In Fig. 4 (right), we can see
that both entropy and error increase with the level of severity. En-
tropy shows consistent trends with the classification error in both
cases. The results demonstrate that entropy can reflect the model’s
uncertainty with respect to target domains as well as measure the
distributional distance between the source and target domain.

25.0 == Error 24 237 gy Error
=@- Entropy

=®=- Entropy

23.0

225
2000 4000 6000 8000 10000

No. of Test Samples

1 2 3 4 5
Level of Corruption Severity

Figure 4: Uncertainty quantification on CIFAR-10-C. Entropy
and error after adapting to different numbers of test samples
(left) and different levels of corruption severity (right). En-
tropy shows consistent trends with the classification error.

7 CONCLUSION

We proposed a cascading paradigm for continual test-time adapta-
tion. In contrast to the parallel paradigm which only enables feature
updates, the cascade paradigm synchronously modulates the feature
extractor and classifier at test-time, mitigating the mismatch be-
tween them and enabling long-term model adaptation. To minimize
the interference between the main and self-supervised tasks, we
propose a meta-learning framework for model pre-training to align
the gradients between the supervised and self-supervised losses.
Moreover, the meta-learning framework facilitates fast adaptation
to target distributions using limited unlabelled data. Extensive ex-
periments as well as ablation studies demonstrate the superiority
of our approach on a range of tasks including image classification,
text classification, and speech recognition.
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A IMPLEMENTATION DETAILS

We provide the details of network architectures used for the three
modalities in our experiments. Following Fig. 1, we will describe the
design in terms of the feature extractor ¢, the main classifier 8, and
the auxiliary classifier 6, for easy interpretation. All experiments
are conducted on a single GeForce RTX 2080 Ti GPU with 12G
memory.

A.1 Image

A.1.1  CIFAR-10/100-C. We use ResNet-26 [12] as the backbone.
The input dimension is 3 X 32 X 32.

¢: The first layer of the model contains a 3 X3 convolution (Conv)
layer with 16 output channels. The input is then passed through
three ResNet layers, each having four basic blocks. Each basic block
consists of two Conv 3 X 3 layers with the same number of channels.
The number of channels for each ResNet layer is {16, 32, 64}. Each
Conv is followed by batch normalization (BN) and a rectifier linear
unit (ReLU). After all the Conv layers, the network produces a
feature map of size 64 X 8 x 8, reduced to 64 X 1 X 1 after pooling.

Om: The feature map is flattened and fed into a fully connected
(FC) layer of size 10/100 to generate the logits before applying
Softmax for the final prediction.

0q: We then append a two-layer FC network with size {64, 10/100}
that take the logits from 6y, as the input.

A.1.2  Tiny-ImageNet-C. We use ResNet-34 [12] as the backbone.
The input is resized to 3 X 224 x 224.

¢: The module follows the official PyTorch [33] implementation.

Om: The feature map is flattened and fed into an FC layer of size
200 to generate the logits before applying the softmax activation
function for the final prediction.

04: We then append a two-layer FC network with size {1024, 200}
that take the logits from 0y, as the input.

We use the Stochastic Gradient Descent optimizer with Nesterov
momentum [41] and set the batch size to 32 for CIFAR-10/100-C and
64 for Tiny-ImageNet-C. During pre-training, the initial learning
rate is 0.001 with a linear decay and the number of epochs is 75.
During adaptation, the learning rate is set to 0.001.

A.2 Text

We employ four data augmentations: (1) Synonym replacement:
randomly choose words from the sentence that are not stop words
and replace each of them with one of their synonyms chosen at
random; (2) Random insertion: find a random synonym of a ran-
dom word in the sentence that is not a stop word and insert that
synonym into a random position in the sentence; (3) Random swap:
randomly choose a pair of words in the sentence and swap their
positions; (4) Random deletion: randomly remove each word in the
sentence with a certain probability. For all augmentations, we use
the hyper-parameters from [48]. We use a simple FC network. Raw
text samples are first converted into the mSDA [6] representation.

¢: The mSDA vector is then fed into two FC layers with the
hidden dimensions of 1024 and 512.

Om: The output feature is then passed into an FC layer of size 2
and a softmax layer for binary prediction.

04: Another FC layer of size 2 is appended to 6.
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Table 8: Results (%) on CIFAR-10-C with corruption level ranging from 1 to 4 following the instantaneously changing setup.
Models are pre-trained on the original CIFAR-10 and continually adapted to a sequence of corruptions with a batch size of 32.
Our method significantly outperforms other baselines in online error E(¢), average accuracy A(y), and forward transfer 7 (¢).

Level ‘ Method ‘

t

gauss shot impul defoc glass motn zoom snow frost  fog brit contr elast pixel  jpeg ‘ EWl AT FWIT
ERM 68.23 5738 54.03 1399 6691 27.14 2042 29.06 3558 11.44 9.86 12.11 27.59 57.57 3291 34.95 65.05 -
AdaBN | 37.13 3278 3283 1553 5174 2221 19.08 2753 2537 1561 1196 1595 2626 2418 32.14 26.02 73.98 -

4 TTT 36.94 24.67 3079 2042 4074 2544 1795 2731 1849 1497 1264 1535 2218 19.65 21.58 23.27 73.09 0.13
Tent 27.58 20.17 23.50 14.18 37.28 19.16 15.77 2320 19.59 1439 1277 1418 21.87 17.61 21.61 20.19 79.31 -1.55
CoTTA | 26.47 2380 26.69 18.61 43.18 2555 2470 28.05 26.82 25.11 17.67 31.18 3698 3183 35.06 28.11 63.32 -12.35
Ours 25.64 2143 2554 12.08 4049 16.27 1441 2138 17.36 13.08 10.01 13.07 20.05 17.97 22.62 19.43 80.65 -0.06
ERM 62.71 4981 30.51 11.30 5519 27.97 17.07 26.83 33.17 10.01 9.62 10.73 16.60 33.55 28.99 28.27 71.73 -
AdaBN | 34.24 29.07 2469 13.14 3959 2209 1697 2550 23.81 13.80 11.94 1439 1848 1828 2993 | 2239 77.61 -

3 TTT 35.07 2245 24.02 1471 3025 25.08 16.67 2346 18.01 12.64 11.19 1286 1542 1500 19.59 19.82 78.23 1.99
Tent 2525 17.92 1823 11.83 27.75 1852 1449 19.64 1837 1286 11.84 1289 15,55 1490  20.27 17.35 82.41 -1.11
CoTTA | 2475 21.55 21.01 1533 31.85 2439 2225 2467 2555 2031 1636 2501 2941 2581 31.79 24.00 68.89 -10.45
Ours 2347 1885 17.80 9.97 28.74 16.51 12.86 18.84 17.06 11.18 9.76 1148 14.24 13.81 20.76 16.35 83.64 -0.26
ERM 46.90 2894 2162 9.54 56.80 19.92 1427 31.57 21.03 9.54 9.21 10.00 1429 2450 25.88 | 22.93 77.07 -
AdaBN | 27.66 21.47 20.29 1195 3896 17.88 15.02 25,55 1875 12.61 1176 13.24 17.00 1630  26.68 19.67 80.33 -

9 TTT 29.04 16.88 21.81 11.52 31.61 20.59 14.72 2347 1546 11.06 1029 1125 14.65 13.73 18.51 17.64 81.74 2.68
Tent 21.22 1421 1533 1049 2798 1544 1279 1953 1498 11.51 1095 11.69 14.86 1350 17.80 15.49 85.76 -0.42
CoTTA | 2058 16.33 17.67 13.29 3133 20.23 19.69 23.14 21.12 17.41 1546 21.03 2492 2351 29.21 20.99 72.15 -9.64
Ours 19.48 1443 15.14 9.65 2836 13.73 11.37 18.13 13.87 10.24 935 1084 13.13 12.79 1898 14.63 85.42 -0.42
ERM 27.70  19.21 1506 8.80 59.08 13.64 1344 1735 1461 8.90 883 9.00 1437 1332 17.98 | 17.42 82.58 -
AdaBN | 2042 1793 1520 11.69 38.83 14.90 1451 1744 16.05 11.83 11.65 12.01 17.22 1437  20.79 16.99 83.01 -

1 TTT 23.69 14.64 17.01 9.90 3345 1558 14.21 16.24 1177 9.98 9.57 9.81 13.31 11.72 15.18 15.07 85.45 3.61
Tent 16.10 12.54 1237 9.70  26.92 13.08 1232 14.19 1221 1031 1032 1044 1471 11.51 14.38 13.41 86.72 0.09
CoTTA | 1595 1474 1441 12.07 3040 16.58 17.82 17.47 17.72 1541 14.63 16.67 2428 20.19  24.07 18.16 76.26 -7.72

‘ Ours ‘ 14.97 1273 12.12 945 2898 11.51 11.26 13.22 1170 9.67 9.46 9.88 13.79 1139 1499 ‘ 13.01 86.87 -0.75

We append a BN layer to each hidden layer. We use Adam [17]
to optimize the model for 1000 iterations, and the initial learning
rate 7o = 10~*. We adopt the inverse-decay strategy of DANN
[51], where the learning rate changes by n, = (HZ)W, w = 10,

¢ = 0.75, and p is the progress ranging from 0 to 1. Similar to image
classification, the batch size is 32, simulating the online setting.

A.3 Speech

In Google Commands [47], the range of “amplitude change” is
(0.7,1.1). The maximum scales of “pitch change”, “background noise”,
and “stretch” are 0.2, 0.45, and 0.2, respectively. The maximum shift
of “time shift” is 8. For audio augmentation, we leverage the fol-
lowing three operations: (1) Gain: multiply audio by a random
amplitude factor to lower or raise volume; (2) High-pass filtering:
apply parameterized filter steepness to input audio; (3) Impulse re-
sponse: convolve audio with a randomly selected impulse response.
The mel-spectrogram features of dimension 1 X 32 X 32 are fed into
LeNet [22] as the 1-channel image.

¢: The original image is fed into two 5 X 5 Conv layers with the
channels of 6 and 16, outputing a feature of dimension 16 X 5 X 5.

Om: The feature then go through two FC layers with the size
of 120 and 84, respectively. The output is a 30-dimensional vector
before applying softmax to predict the spoken word.

0q: An FC layer of size 30 follows 6.

We append a BN layer to each Conv layer. Models are trained
using SGD with a learning rate of 0.1 linearly reduced to 0.001 for
50 epochs.

Table 9: Average time taken to adapt to each corruption on
CIFAR-10/100-C and Tiny-ImageNet-C.

Methods | CIFAR-10-C | CIFAR-100-C | Tiny-ImageNet-C
CoTTA ‘ 24 sec ‘ 36 sec ‘ 175 sec

Ours 7 sec 7 sec 19 sec

B ADDITIONAL RESULTS

We report the results on CIFAR-10-C in the instantaneously chang-
ing setup on severity levels 4 to 1 (Tab. 8). We use the same baselines
as in Sec. 6 of the main paper: ERM [42], AdaBN [24], TTT [40],
Tent [45], and CoTTA [46]. Overall, our method consistently outper-
forms others in terms of &(1/) and A (y) across the four corruption
severity levels. Notably, CoTTA displays a substantial loss in both
F () possibly due to two reasons. First, the error accumulation
due to insufficient statistics (i.e., small batch size) deteriorates the
model performance over time, leading to the incapability to transfer
past domains’ knowledge to the current. Second, by updating all
the parameters, CoTTA suffers from catastrophic forgetting since
the model overfits to the data stream. Experiments show that only
updating a portion of the learnable parameters helps retain past
knowledge, thus avoiding forgetting.

C INFERENCE TIME

Different from CoTTA which updates all the parameters of the fea-
ture extractor, our method only updates BN parameters. Therefore,
our methods are an order of magnitude faster than CoTTA (Tab. 9).
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