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Abstract—Since inevitable distribution shifts are encountered
during test time in practice, test-time adaptation (TTA) presents a
promising solution by recalibrating the model online using only an
unlabeled test data stream. However, TTA often suffers from issues
such as catastrophic forgetting caused by continuously changing
environments, as it relies on self-training. Contemporary solutions
attempt to mitigate this by anchoring TTA to a static source model,
such as stochastic parameter restoration or periodic parameter
reset, which restrict model flexibility. Moreover, different layers
may exhibit varying sensitivities to distribution shifts, sometimes
even showing opposite shift trends, yet prior methods treat all
layers homogeneously. Motivated by this, we propose a layer-
wise parameter robustness method that autonomously identifies
important parameters in different layers for selective weighting by
measuring the sharpness of parameter surface. Further in-depth
experiments on various benchmarks demonstrate the robustness
and effectiveness of our proposed method. Our code is available
at https://github.com/ioslide/prda_tta.

Index Terms—Test-time Adaptation, Domain shift

I. INTRODUCTION

Deep Neural Networks (DNNs) have demonstrated
groundbreaking success in various fields [1], [2], but they rely
on a critical assumption that the source and target domains share
the same distribution. Unfortunately, even the most advanced
DNNs often violate this assumption [3]. To address model
performance degradation, prior studies have primarily focused
on improving model robustness and generalization ability
during training, such as domain adaptation [4]. Despite this
progress, it remains unrealistic to cover a wide and unknown
range of shifts. Moreover, the source data is often inaccessible
during test time due to privacy or legal restrictions. Since test
data can provide insights into the current distribution shift,
test-time adaptation (TTA) [5] presents a promising solution,
recalibrating models in an online manner using unlabeled test
data without requiring additional labeled data. Undoubtedly,
TTA considers a more challenging but practical setting and
bypasses numerous restrictions, such as privacy protection.

Nevertheless, the journey of TTA is fraught with obstacles,
particularly when the target distribution undergoes continual
or even unexpected changes over time. For example, an
autonomous vehicle’s sensors might encounter overexposure or
weather changes (sunny to rainy, day to night). Moreover, these
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changes can be abrupt and dramatic. However, as TTA is rooted
in the self-training paradigm, it is prone to causing pseudo-
labels to become noisier and miscalibrated over time, leading
to error accumulation and catastrophic forgetting. Under such
circumstances, previous TTA methods [5] may fail or even
degrade performance, ultimately resulting in trivial solutions
(see Fig. 1d). Thus, it is crucial to consider TTA in a continual
manner, i.e., continual test-time adaptation (CTTA) [6].

Such a setting is particularly challenging, as maintaining
source domain knowledge becomes increasingly difficult in
the long term. Some contemporary TTA methods mitigate
this by bundling adaptation with a frozen source model, such
as stochastic parameter restoration [6], weight averaging [7],
and periodic parameter resets [8]. However, these approaches
hinder flexibility. Moreover, different layers may exhibit varying
sensitivities to distribution shifts, or even show opposite
shift trends within the same domain (see Fig. la), such as
Defocus— Contrast. Existing methods typically treat all layers
homogeneously, which can trap the model in a high-loss error
pool [9], leading to suboptimal adaptation (see Fig. 1b). We
hypothesize that layer-wise fine-tuning could further enhance
adaptability to continually changing distribution shifts.

Inspired by this, we propose a layer-wise parameter
robustness TTA method for CTTA by autonomously identifying
important parameters in each layer for selective weighting. The
goal of our method is to utilize the homeostatic knowledge from
the source pre-trained model to prevent catastrophic forgetting
while preserving essential knowledge in the current model. To
achieve this, we approximate the Hessian matrix using the
Fisher Information Matrix (FIM) to quantify the sharpness of
each layer. By assessing sharpness levels, we can determine the
extent of parameter changes, enabling the update or preservation
of critical parameters for each layer. Additionally, we introduce
a dual-view alignment strategy to prevent FIM bias and mitigate
error accumulation from noisy pseudo-labels. This simple
method withstands extensive experiments and ablation studies
on various TTA benchmarks, confirming its effectiveness and
robustness. Our key contributions are summarized as follows:

« By analyzing the distribution shift of each layer, we reveal

that different layers may exhibit opposite or significantly
different shift trends during TTA process.

« We motivate and propose a layer-wise parameter

robustness method for CTTA to autonomously identify
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Fig. 1. (a) investigates the shift degree measured by the Gaussian kernel in each layer/block on ImageNet-C with ResNet-50
under CTTA. The position indicated by the arrow shows that different layers may exhibit opposite or significantly different
shift trends. (b) illustrates how the error rate evolves in each layer. (c-d) record the prediction categories during the adaptation
process on CIFAR100-C, revealing that error accumulation is difficult to detect early and leads to model collapse in the later

stage, i.e., assigning a few fixed category labels to all samples.

important parameters in each layer for selective weighting.

« Extensive experiments conducted on various TTA
benchmarks, including CIFAR100-C, ImageNet-C, and
ImageNet-3DCC, demonstrate the superiority of our
method, which is also straightforward to implement.

II. RELATED WORK

Domain Adaptation aims to enhance target domain
performance by leveraging knowledge from both the source
and target domains. To improve generalization performance
on the target domain, various approaches focus on learning
domain-invariant representations, employing techniques like
contrastive learning [10], and domain discriminators [11]. To
avoid reliance on source domain data, some research focuses
on domain generation [12]. However, these methods typically
rely on the entire target domain dataset and are executed offline,
which has prompted research into TTA.

Test-time Adaptation (TTA) aims to enhance model
performance during test time, enabling the model to effectively
adapt to unknown target domains using only an unlabeled
test data stream. Since the test data provide insights into the
distribution shifts, leveraging batch normalization statistics [13]
from test samples, TTA achieves stable improvements with
only one forward pass. Tent [5] extends this by adding a
backward pass to update batch normalization parameters via
entropy minimization. This method has inspired further studies
on robustness under continual distribution shifts [6], presenting
challenges to traditional TTA methods.

Two key challenges in this context are catastrophic forgetting
and error accumulation. To address error accumulation, methods
include using mean-teacher models for better pseudo-labels and
minimizing entropy of reliable samples [8]. For catastrophic
forgetting, approaches like CoTTA [6] stochastically restore
some pre-trained parameters, and RMT [14] uses contrastive
loss with source prototypes. However, these methods neglect

layer-wise anisotropy to distribution shifts, limiting adaptability.

III. METHODOLOGY
A. Problem Definition

Without loss of generality, let the labeled data from the
source distribution PS5 be D5 = {(z5 %)}, and let the

unlabeled data from the target distribution ;' at each time step
t € {1,2,...,T} be Df = {af ~ PF}, where PS # PT.
Given a model fy, with parameters 6 = {Qf}li’l‘ pre-trained
on DS ~ PS, the model suffers significant performance
degradation on PT due to continual distribution shifts over
time, i.e., P, PY,..., PE.

Instead, test-time adaptation (TTA) [5] presents a promising
solution, recalibrating the model parameters in an online
manner using only the current test data. At each time step
t, given the TTA objective function L(zy,6;), the iterative
optimization of each layer’s parameters ! is as follows:

0£+1 :gzlf - UAGzﬁ(fft» gt)a
8;6(.1%, Qt) (1)
a6

Here, 7 is the learning rate, and £(-) can be formulated as an
entropy minimization [5] problem or other variants [8], [15].

where A0 =

B. Layer-wise Parameter Robustness

Assuming the adaptation to ¢ target domains has been
completed at time step ¢, resulting in ¢ composite models with
different parameters (61, ..., 0;), represented by 6;, ensuring
effective performance across all target domains without
catastrophic forgetting. If 6, is assumed to follow an isotropic
Gaussian distribution, then parameter averaging is conducted
on the implicit premise that all weights are e7gually important
to the observed data zy, i.e., 0, = =V ) .| L(x,0;). To
simplify, let us consider two models with parameters 6;_; and
0;, respectively. The parameter averaging is as follows:

0y = —puV L (24, 0,—1) — (1 — p)VL(24,04), )

where p is a trade-off parameter.

However, continuous distribution shifts may invalidate this
assumption, pushing the model into distant parameter space
regions and hindering parameter averaging. As section I and
Fig. 1a show, different layers can exhibit distinct, even opposing,
distribution shifts within the same target domain.

To address these issues, we propose a layer-wise parameter
robustness method that autonomously identifies the important
parameters of each layer for selective weighting. We first



quantify parameter importance by calculating the second-order
derivative using the Hessian matrix of the layer parameters.

However, the complexity of the Hessian matrix is
proportional to the square of the number of parameters, which
may be infeasible for large models. To reduce computational
overhead, we use the Fisher Information Matrix (FIM) to
measure the sharpness of each layer’s parameters. The FIM is
the expectation of the Hessian or the second-order derivative of
the log-likelihood with respect to the parameters, encapsulating
the sharpness of each layer’s parameters 6! [16]. When the
associated FIM value of a specific layer is extremely low,
it indicates that the layer’s parameters are close to optimal.
We then obtain the layer-wise FIM Zy by calculating the
second-order derivative of the log-likelihood with respect to
the parameters, as follows:

I@i = EJ:tNDT |:V(9f5 IOg f@t (xt)v% log f@t (xt)T:| . (3)
Note that the FIM Igi is calculated for each layer 0! of the
model fp, with respect to the test data ;.

To prevent catastrophic forgetting and improve generalization,
we bind the adapted model by integrating a small amount of
crucial knowledge from the source model (with parameters
o). Inspired by [7], [17], the merged parameter #; has the
following closed-form solution:

- 19| Ty 0 + (1 — )Ly 6}
0t221[l€BN]-M9tt ( M) 050
; 1Zg + (1 — p)Zg

; “

where p € (0,1) is a tradeoff parameter, and 1 indicates
whether the layer is a batch normalization layer. Since the
source domain is inaccessible, the computation of Zy, is
approximated by the first iteration of the FIM Zy,.

C. Overall Update

Dual-view Alignment (DA). Despite the effectiveness of the
‘layer-wise parameter robustness’ component in Eq. (4), error
accumulation is unavoidable in TTA’s self-training paradigm,
potentially biasing the FIM. To address this problem, we
introduce a dual-view alignment loss to align with the source
domain and mitigate the tendency of pseudo-labels to become
noisier. The dual-view alignment loss is formulated as:

Lpa = —MEq, [pe, (w¢) log pe, (x4)] — A2Es, [po, (v¢) log po, (2+)] -
)
Here, Z; represents augmented data generated through a
combination of data augmentations [18], such as color jitter
and Gaussian noise. py,(x+) denotes the softmax probabilities
of the anchor model fy, for x;, and . is a trade-off parameter.
The anchor model parameters 6y remain fixed during TTA.
Loss function. Building upon the negative log-likelihood, our
overall objective function is formulated as:
(6)

»Coverall = »CShannon + ﬁDAv

where Lgspannon 18 the Shannon entropy from Tent [5].

Layer-wise Optimization. According to the previously
mentioned layer-wise parameter robustness method
in Section III-B, the layer-wise optimization process
with the gradient Af)i with respect to the loss function Lgyeral

is as follows:
0! =0l —nx NG,

1 Al via Eq. (4) 1
oL, =gl L2EED gL

(N

This allows us to separately consider the importance of each
layer’s parameters, enabling more flexible test-time adaptation.
Algorithm 1 briefly summarizes our method.

Algorithm 1: The proposed method.

Require: Pretrained parameter 6, learning rate 7;
1 Initialize 6; = 6;
2 for each time step ¢ do
3 Sample a mini-batch x; € Df;
4 for each layer [ do
5

Compute gradient A = % with
objective function in Eq. (6);1’
6 Update layer-wise FIM Zj and Zj, according
to Eq. (3);
7 Update merged parameter 6, in Eq. (4);
8 Update parameter 6! to éé 41 in Eq. (7);

Result: Predictions fo, (x4).

IV. EXPERIMENTS
A. Setup

Benchmarks. We evaluate our methods on several challenging
TTA benchmarks, including CIFAR100-C, ImageNet-C [21],
and ImageNet-3DCC [22]. The first two datasets consist of 15
different 2D synthetic corruptions, covering noise, blur, weather,
and digital categories. The ImageNet-3DCC dataset consists
of 12 different 3D real-world corruptions, which incorporate
3D information to generate corruptions consistent with scene
geometry. We report the error rate following [6], [14].
Baselines and Competitors. We primarily compare our
approach against other continual TTA methods that use
arbitrary off-the-shelf pre-trained models, including CoTTA [6],
RoTTA [19], and TRIBE [20], as well as source-free TTA
methods, including Tent [5], BN Adapt [13], SAR [8], and the
energy-based TEA [15]. Additionally, we also consider the
non-source-free method RMT [14], although it is unfair to
compare it with our method since the non-source-free setting
violates the entire paradigm of fully TTA by accessing the
source domain. Source Only indicates the pre-trained model
directly evaluated on the target domain without adaptation.
Implementation Details. Following RobustBench [23], we
use ResNeXt-29 [24] for CIFAR100-C and ResNet-50 [2]
for ImageNet-C and ImageNet-3DCC. For optimization, we
follow [5]: SGD optimizer (learning rate = 0.00025, momentum
=0.9) for ImageNet* family, and Adam optimizer (learning rate
=0.001, 8 = 0.9) for CIFAR100-C. For fair comparison, we set



TABLE 1
ONLINE CLASSIFICATION ERROR RATE (%) UNDER CTTA. THE BOLD NUMBERS INDICATE THE BEST PERFORMANCE, AND THE RED NUMBERS INDICATE
THE RESULTS THAT ARE LOWER THAN THE Source only.

(a) CIFAR100 — CIFAR100-C, AND IMAGENET — IMAGENET-C.

| Time t
Elgl 5 . s 5 s £ . s s 5 & o s
S| 2| $ § & 5 g § 5 s 3 s § g 7 g 5
Method REF % ;D- $ 5 &£ & Qg: 5 S -;3% & Lﬁ & 05 5 g § Mean
3 4
Source only / v | x| 3079 3946 5028 6799 2933 5503 2878 29.50 45.80 37.21 5414 7297 7469 4123 3937 | 46.44
BN Adapt [13] ICML'15 | v X 3027 3584 4240 41.82 2849 3094 28.87 2738 3541 3638 42.66 4329 3384 4201 4374 | 36.22
O Tent [5] ICLR"21 v | v/ | 2868 3587 4743 7148 79.72 89.87 9435 9636 9723 9724 9740 9744 9757 9779 97.70 | 81.74
s CoTTA [6] CVPR22 | v | vV | 3070 36.61 4554 3990 29.43 32,60 29.57 2797 36.65 3878 4276 43.60 3425 41.18 4598 | 37.03
= SAR [8] ICLR"23 vV | v | 2964 3362 3720 36.01 26.00 2774 2555 2464 3042 32.05 3657 3624 2894 3721 3842 | 32.02
£ | RoTTA [19] CVPR23 | v | v | 3241 3740 4041 41.01 28.04 3464 2621 2423 29.80 3234 3637 3577 2880 3628 40.26 | 33.60
O RMT [14] CVPR23 X v | 2793 3125 3476 3452 2617 27776 2622 2438 30.66 3223 36.12 3496 2876 36.12 3797 | 31.32
TEA [15] CVPR24 | v | v | 4577 9187 9539 96.03 9629 96.38 9630 9634 96.52 9642 96.52 9649 9653 96.62 96.33 | 92.65
TRIBE [20] AAAI24 | v | v/ | 28.62 3233 3757 3938 28.08 28.18 2641 2491 31.60 3392 38.08 40.35 31.79 3821 38.72 | 33.21
Ours / vV | v/ | 2754 3025 3330 3449 2654 27.61 2553 2414 30.32 3323 36.08 3679 28.69 3520 33.50 | 30.88
Source only / v X 96.46 96.72 9632 97.08 9790 99.88 94.16 70.54 9292 95.16 9748 97.10 87.12 76.02 97.28 | 92.81
BN Adapt [13] ICML'15 | v/ X 76.02  66.56 5630 83.72 87.18 90.86 64.04 36.56 69.82 56.66 8590 8398 5222 5930 8342 | 70.17
&) Tent [5] ICLR"21 V| v | 7262 61.00 4862 7620 7734 7594 56.08 3758 6326 5046 7332 7296 4852 5436 6946 | 62.51
% | CoTTA [6] CVPR22 | v | vV | 7594 6622 5575 8241 8575 8924 6191 3579 67.62 53.67 8287 80.07 4939 56.16 7944 | 68.15
% SAR [8] ICLR23 vV | v | 7248 61.08 49.02 7636 77.06 7536 56.12 36.86 6320 49.68 7192 7188 4744 5222 67.80 | 61.90
2 | ROTTA [19] CVPR23 | v | V/ 80.80 70.68 59.58 8532 88.10 84.08 62.82 3626 6624 5378 7732 82.80 50.70 52.50 7832 | 68.62
£ RMT [14] CVPR"23 X v | 69.02 5883 47.11 7459 78.01 7853 5572 3533 60.81 4885 7399 70.61 4495 4985 67.67 | 60.92
TEA [15] CVPR24 | v | / | 66.88 8528 97.66 99.38 99.56 99.64 99.62 99.60 99.76 99.72  99.68 99.66 99.60  99.66  99.66 | 96.36
TRIBE [20] AAAI24 | v | Vv | 7272 6036 50.51 77.83 7929 8459 59.07 3647 6237 5036 7454 7335 4953 5206 71.08 | 63.61
Ours / vV | /| 6636 5630 46.72 7030 7396 7190 56.82 3642 60.18 47.96 69.18 67.94 4494 4828 64.18 | 58.76
(b) IMAGENET — IMAGENET-3DCC.
‘ Time t ‘
5 5
3 » ~ = < ) I 5
Sl s # & & £ £ 5 & £ 5 s £
Method REF S| S 5 9 € o N S Y S s 9 5 Z | Mean
2 Y 8 s o5 5 £ €& 5 05§ fF 3
S v & > & £ < A S
A
Source only / v | Xx 90.38  71.66 7924  89.12 94.80 90.18 94.04 7434 9480 64.36 93.88 90.98 85.65
© | BN Adapt [13] | ICML'IS | v | X 8224 4850 56,52 7510  61.12  69.44 79.68 4748 7634  36.26 80.60 71.44 | 65.39
Q | Tent[5] ICLR21 | v | v | 8048 4518 5264 7162 5582 6164 7376 4414 6476 3594 7388  66.90 | 60.56
@ | CoTTA [6] CVPR22 | V | V 8224 4848 56.52 7510  61.12  69.46 79.62 4742 7646 36.22 80.64 7142 | 65.39
B | SAR [8] ICLR23 | v | v | 80.02 4560 53.62 7240 5634 6266 7174 4430 6510 3526 7348  66.72 | 60.60
é) RoTTA [19] CVPR23 | V | V 8040 4642 5574 7222  66.10 7222 69.72 4490 75.04 38.32 77.20 66.50 | 63.73
£ | RMT [14] CVPR23 | X | v | 7846 4352 5330 7032 5282 61.66 71.82 4292 6272 3465 7164 6411 | 59.00
= TEA [15] CVPR24 | v | V 77.16 73.50  95.70 99.54 99.60 99.68 99.80 99.70  99.66  99.62 99.68 99.70 95.28
TRIBE [20] AAAI24 | v | v | 7789 4449 5271 7116 5730 6292  70.04 4370 65.09 3622 7389  65.79 | 60.10
Ours / v |/ 7824 4276 52.20 71.01 51.74 60.34 7230 4334 61.84 34.66 71.26 65.14 | 58.73

the batch size to 64 and adhere to the official implementations
of other TTA methods, unless otherwise specified.

B. Continual Test-Time Adaptation

Experimental Settings. We evaluate the performance of our
method under the continual TTA (CTTA) [6] setting, where
the corruption sequence consists of all 15 corruption domains
in order, with the highest severity level set to 5.

DT_l Domain DT Domain DT+1 (8)
TN shift N~ shift  ~—~— "
pPT-1 PpT PT+1

As shown in Eq. (8), the target domain distribution PT changes
continuously and unpredictably over time.

Experimental Results. Table I comprehensively details the
results of each TTA method across various datasets under
the continual TTA setting. Overall, most methods contribute
positively to model performance, emphasizing the necessity
of test-time adaptation. Upon closer inspection, TEA [15] and
Tent [5] exhibit commendable performance in the initial target
domain, which can be described as a single static target domain.

Unexpectedly, they fail to effectively address the problem of
error accumulation, ultimately leading to model failure (i.e.,
error rate > 90%). Although the suboptimal method RMT [14]
successfully mitigates error accumulation, it introduces the
assumption of an accessible source domain. Furthermore,
RMT [14] and TRIBE [20] still face a heavy computational
burden (see Fig. 5a) due to the complexity of their frameworks
(e.g., mean-teacher and source prototypes). Notably, our method
consistently achieves the lowest error rate across all datasets,
even surpassing parameter-rich non-source-free methods.

C. Cross-domain Generalization.

Experimental Settings. Generalization is often an
underestimated topic in TTA. To evaluate this, we adapt the
model on a single domain and then evaluate it across all other
14 ImageNet-C target domains (see Eq. (9)).

DSnow Evaluate {DFog L. DImpulse}
) )

©))

Adaptation Domain Target Domain



Experimental Results. As TTA relies on self-training, this may
risk “parameter over-specialization” on narrow distributions,
limiting generalization to unseen domains. As shown in Fig. 2,
over-adaptation arises when weakly correlated features are
pushed into the shared feature space, such as outdated snapshots
in RoTTA’s memory bank. In contrast, our method consistently
outperforms in generalization.

RMT 2449 25.01 24.86 25.74 24.31 26.29 25.89 24.21 26.65 24.52 25.09 25.36 24.30 26.23 26.83

Tent 2533 2520 25.25 25.14 25.03 24.96 23.93 23.92 24.77 22.94 22.02 24.81 23.03 23.82 25.15

CoTTA

23.26 23.31 23.23 23.74 23.58 23.31 23.05 22.49 23.48 21.74 22.92 23.08 22.24 23.25 24.38

-4.08 -229 -252 -258 139 1.07 210 230 249 0.36 -4.81

Method

24.14 24.82 24.98 24.24 25.02 24.74 23.33 2322 23.97 22.36 21.64 24.12 22.51 23.23 24.70

TRIBE

-689 -6.88 -6.88 -6.93 -6.90 -6.83 -6.69 -6.85 -6.64 -6.84 -511 -7.05 -6.78 -6.23 -5.49

TEA 16.88 2N 19.04 15.93 14.61 15.31 15.54 14.40 19.85 19.18 16.99 21.61 20.97

>
Absolute Error rate reduction (%)

Qurs 26.97 27.43 27.07 26.60 26.79 28.32 27.18 26.18 28.21 24.64 25.31 22.85 25.96 27.85 28.62
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Fig. 2. Each cell at (7, j) denotes the average absolute error
rate reduction of the ¢-th method adapted on the j-th domain
(e.g., Snow) from ImageNet-C (severity level 5) and evaluated
across the remaining 14 domains (e.g., Fog, - - -, Impulse).

D. Ablation Study and Further Analysis

Component Analysis. To evaluate each component’s
effectiveness, we created two variants: (1) Ours w/o PR, which
updates model parameters without the ensemble mechanism
in Eq. (4); (2) Ours w/o DA, where the loss function degrades to
using only Shannon entropy. As shown in Table II, both variants
exhibit significant performance degradation, highlighting the
importance of both components in our method.

TABLE II
EFFECTS OF COMPONENTS IN OUR METHOD ON IMAGENET-C UNDER
CTTA. “PR” AND “DA” DENOTE EQ. (4) AND EQ. (5), RESPECTIVELY.

Method | CIFAR100-C  ImageNet-C = ImageNet-3DCC | Mean
Ours w/o PR 31.95 60.31 60.32 50.86
Ours w/o DA 32.59 62.75 61.57 52.30
Ours ‘ 30.88 58.76 58.73 ‘ 49.46

Analysis of Hyperparameter. 1z and ), control the proportion
of source model knowledge in Eq. (4) and the trade-off
in Eq. (5). As shown in Fig. 3a, incorporating a small amount
of source domain knowledge effectively mitigates catastrophic
forgetting. Furthermore, despite A; and A9 spanning multiple
orders of magnitude in Fig. 3b, performance remains stable
within a narrow range near the diagonal, highlighting the
importance of dual-view alignment in Eq. (5).

Analysis of Distribution Shifts with Different Orders.
Since arbitrary orders of distribution changes may exist in
reality, we further conduct experiments on different sequences
of distribution changes. As shown in Fig. 4, our method
effectively handles various distribution orders, including

—+— CIFAR100-C —e— ImageNet-3DCC
—=— ImageNet-C

[ BN
S o

N
o

|

Average Error Rate (%)
(4]
o

0.9999

(@) (b)
Fig. 3. (a) shows the influence of p in Eq. (4). (b) investigates
the sensitivity of A, in Eq. (§) on CIFAR100-C under CTTA.

traditional independently sampled test data streams, making it
a comprehensive method for real-world applications.

—
o
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Fig. 4. Average error rate (%) for six different orders of
distribution shifts with independently and continually sampled
test streams on ImageNet-C.

Robustness Across Model Architectures. To validate the
‘model-agnostic’ property, we used several distinct encoder
configurations for evaluation, including the recent Vision
Transformer (ViT) [1]. The results in table III again demonstrate
the effectiveness of our method across various model
architectures.

TABLE III

AVERAGE ERROR RATE (%) OF DIFFERENT MODEL ARCHITECTURES ON
IMAGENET-C UNDER CTTA.

Method ResNet-18 [2] WideResNet-50 [25] ResNext-50 [24] ResNet-101 [2] ViIT-B [1]
Source only 94.46 78.58 78.49 90.13 59.51
BN Adapt 74.22 66.14 67.06 68.87 59.51
Tent 68.88 56.53 57.59 60.37 54.56
CoTTA 73.00 62.71 64.43 62.61 59.69
SAR 68.22 56.62 57.14 57.57 54.60
RoTTA 75.28 62.08 63.94 64.38 N/A
TEA 94.46 93.58 95.49 92.13 97.28
TRIBE 70.13 58.76 60.49 72.11 N/A
Ours 58.76 54.17 55.57 56.09 52.13
Computation Cost Measured by GPU Run Time.

From Fig. 5a, RMT [14] introduces significant computational
overhead due to pre-heating, while energy-based TEA [15]
faces similar challenges. In contrast, since we use the diagonal
FIM and update only the model’s normalization layer, the
additional computational overhead is negligible. Overall, our
method achieves a computational speed second only to the
efficiency-specialized SAR, reaching 0.007 s per image, while
maintaining the lowest error rate.



Comparison with Other Ensemble Methods. Fig. 5b further
investigates the effectiveness of our layer-wise parameter
robustness in Eq. (4) compared to similar methods. Due
to the different activation values caused by continuous
distribution shifts, Gradient Magnitude-based Weighting (B)
cannot effectively improve the model. In contrast, our method
significantly reduces the error rate to 58.76% with only a small
overhead compared to Parameter Averaging (A).
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Fig. 5. (a) Time (s) vs. Error rate (%). The y-axis and x-
axis represent the GPU runtime and the average error rate on
ImageNet-C under CTTA, respectively. (b) Comparison with
parameter ensemble variants on ImageNet-C under CTTA. We
report the GPU runtime for 5,000 images over 100 runs on a
single A40 GPU.

V. CONCLUSION

In this work, we propose a layer-wise parameter robustness
method to boost continual test-time adaptation performance.
To achieve this, we first empirically analyze the sensitivity of
different layers to distribution shifts, revealing that different
layers may exhibit opposite shift trends within the same target
domain. Subsequently, we leverage FIM to autonomously
identify important parameters in different layers and perform
selective weighting, mitigating issues of catastrophic forgetting
and error accumulation. Our method has withstood extensive
experiments, and promising results demonstrate its effectiveness
and robustness.
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