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Abstract

Continual Test-Time Adaptation (CTTA), which aims to
adapt the pre-trained model to ever-evolving target domains,
emerges as an important task for vision models. As current vi-
sion models appear to be heavily biased towards texture, con-
tinuously adapting the model from one domain distribution
to another can result in serious catastrophic forgetting. Draw-
ing inspiration from the the encoding characteristics of neu-
ron activation in neural networks, we propose the Mixture-
of-Activation-Sparsity-Experts (MoASE) for the CTTA task.
Given the distinct reaction of neurons with low and high acti-
vation to domain-specific and agnostic features, MoASE de-
composes the neural activation into high-activation and low-
activation components in each expert with a Spatial Differen-
tiable Dropout (SDD). Based on the decomposition, we de-
vise a Domain-Aware Router (DAR) that utilizes domain in-
formation to adaptively weight experts that process the post-
SDD sparse activations, and the Activation Sparsity Gate
(ASG) that adaptively assigns feature selection thresholds of
the SDD for different experts for more precise feature decom-
position. Finally, we introduce a Homeostatic-Proximal (HP)
loss to maintain update consistency between the teacher and
student experts to prevent error accumulation. Extensive ex-
periments substantiate that MoASE achieves state-of-the-art
performance in both classification and segmentation tasks.

Introduction
The rapid advancement of deep learning in autonomous
driving (Yurtsever et al. 2020; Yang et al. 2023a) and
robotics (Chen and Liu 2023; Li et al. 2023) has highlighted
significant challenges in adapting to continuously changing
test-time scenarios. Traditional stationary machine percep-
tion systems (Zhang et al. 2024b; Xie et al. 2021), which
assume that test-time data distributions mirror training data,
often suffer from severe error accumulation and catastrophic
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Figure 1: The problem and motivation. Our goal is to adapt
pre-trained models to evolving target domains.

forgetting when confronted with distribution shifts. To ad-
dress this, Continual Test-Time Adaptation (CTTA) (Wang
et al. 2022; Song et al. 2023) has been proposed, extend-
ing the conventional Test-Time Adaptation (TTA) frame-
work (Wang et al. 2020; Liang, He, and Tan 2023) to handle
sequences of evolving distribution shifts over time.

Current CTTA methods (Liu et al. 2023b; Yang et al.
2023b; Gan et al. 2022; Liu et al. 2023a) predominantly rely
on teacher-student frameworks with pseudo-labeling to ex-
tract domain knowledge. For instance, Liu et al.(Liu et al.
2023b) demonstrate that processing feature domains sepa-
rately can enhance model resilience by reducing domain-
specific disturbances. However, these approaches often de-
pend on implicit mechanisms, such as self-training vi-
sual prompts and adapters (Yang et al. 2023b; Liu et al.
2023b), which lack interpretability and limit control over the
adaptation process. Moreover, in contrast to implicit mod-
els, vision science reveals that the human visual system em-
ploys a clearly defined, explicit mechanism with an absolute
threshold (Barlow 1956; Koenig and Hofer 2011) to process
visual signals separately. Therefore, we aim to explore the
solution for CTTA tasks from an explicit perspective to
decompose the features for better perception.

Recent studies (Li et al. 2024; Zhang et al. 2024a) on acti-
vation sparsity have revealed a unique characteristic of neu-
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ral networks: strongly activated neurons primarily encode
foreground shapes and structures that demand the most at-
tention, whereas weak activation corresponds to background
texture. To demystify the role of activation sparsity in CTTA,
we manually decompose strongly and weakly activated neu-
rons in a pretrained model and visualize the input features
from varying domains as shown in Fig.2. We observe a clear
distinction in the neuron attention, where high activation
neurons focus on domain-agnostic outlines and intersection
of edges, while low activation neurons attend to domain-
specific features of styles and noises. Based on the the prior
researches, we propose an intriguing hypothesis: Can we
explicitly decompose neurons according to activation de-
gree to encode shapes and textures separately for better
differentiating the continuously changing environments?

This motivates our study on the explicit decomposition
of neural activation with the plug-in Mixture-of-Activation-
Sparsity-Experts (MoASE) module for various pretrained
vision backbones. MoASE introduces a Spatial Differen-
tiable Dropout (SDD) to each expert that only preserves
highest or lowest neuron activation to generate the domain-
agnostic and domain-specific experts. MoASE enhances
the extraction of domain-agnostic structures and identifies
domain-specific textures from a spatial-wise perspective,
which allows the MoASE to dynamically adjust the bal-
ance between general and specific knowledge, enhancing its
adaptability and accommodating different knowledge.

However, a significant challenge lies in defining the
thresholds for high and low activation values, as the distri-
bution of activation values varies greatly. Therefore, we de-
velop the input-aware Activation Sparsity Gate (ASG) that
adaptively assigns distinct thresholds in SDD module for
different experts to enhance the model perception ability
at various levels. In addition, we further take advantage of
the SDD module and devise a novel Domain-Aware Router
(DAR) that further enhances expert allocation with guidance
of only low activation domain-specific information to bet-
ter differentiate domain knowledge. Moreover, indiscrimi-
nately enabling two distinct types of experts to indepen-
dently learn divergent features may cause gradient vectors to
misalign, thereby increasing the risk of converging to sub-
optimal local minima. To mitigate this issue, we introduce
the Homeostatic-Proximal (HP) loss to maintain the updates
coherence of the student and teacher. HP loss ensures that
the optimization trajectory adheres to a consistent and accu-
rate objective and further mitigates the error accumulation
caused by the random initialization of the injected MoASE.

Extensive experiments demonstrate the superiority of our
proposed MoASE across two image classification bench-
marks (Krizhevsky, Hinton et al. 2009; Hendrycks and Diet-
terich 2019) and one segmentation benchmark (Cordts et al.
2016; Sakaridis, Dai, and Van Gool 2021) on CTTA sce-
narios with improvements exceeding 15.3% in classification
accuracy and 5.5% in segmentation mIoU. These results un-
derscore MoASE’s robust capability to adapt reliably across
diverse environments. The major contributions include:
• We develop a MoASE model, which addresses the issues

of error accumulation and catastrophic forgetting to face
the continuously changing distribution.

• We decompose the activation into domain-specific and
domain-agnostic features, using distinct expert models to
encode texture and shape independently with SDD.

• We leverage a multi-gate module featuring the DAR and
ASG, leveraging domain information to generate adap-
tive routing strategies and activation thresholds.

• We propose a tailored HP loss to ensure optimization ob-
jective consistency between the experts and enhance per-
formance within the teacher-student framework.

Related Works
Continual Test-Time Adaptation addresses the challenge
of adapting to a non-static target domain, which com-
plicates traditional TTA methods. The pioneering work
CoTTA (Wang et al. 2022) combined bi-average pseudo la-
bels with stochastic weight resets to tackle this issue. To
mitigate error accumulation, ECoTTA (Song et al. 2023)
employs a meta-network for output regularization. While
these approaches focus on model-level solutions, other stud-
ies (Gan et al. 2023; Ni et al. 2023; Liu et al. 2023b) explore
the use of visual domain prompts or minimal parameter ad-
justments for continual learning. Liu (Liu et al. 2023a) in-
troduced reconstruction techniques for continual adaptation,
and BECoTTA (Lee, Yoon, and Hwang 2024) implemented
a Mixture of Experts strategy in CTTA, promoting effec-
tive domain-specific knowledge retention with data augmen-
tation. Unlike previous implicit methods, our MoASE
adopts an explicit approach to CTTA.
Activation Sparsity refers to the presence of numerous
weakly-contributing elements in activation outputs (Chen
et al. 2023; Yang et al. 2019). SparseViT (Song et al. 2024)
revisits this concept for modern window-based vision trans-
formers, aiming to increase speed and reduce computation.
Grimaldi (Grimaldi et al. 2023) introduces semi-structured
activation sparsity that can be leveraged with minor runtime
adjustments to significantly enhance speed on embedded de-
vices. Meanwhile, Mirzadeh (Mirzadeh et al. 2023) explores
the reuse of activated neurons in LLMs, proposing strategies
to reduce computation. However, all the previous works aim
to improve model efficiency until (Li et al. 2024) reveal the
contribution of shape bias for model performance.
Mixture-of-Experts is initially introduced by Jacobs and
Jordan (Jacobs et al. 1991; Jordan and Jacobs 1994), uses in-
dependent modules to boost expressiveness and cut compu-
tational costs. Eigen and Ma (Eigen, Ranzato, and Sutskever
2013; Ma et al. 2018) evolved it into the MoE layer. In natu-
ral language processing, GShard (Lepikhin et al. 2021) and
Switch Transformer (Fedus, Zoph, and Shazeer 2021) incor-
porated MoE with top-1/2 routing to enhance capacity. Fixed
routing (Dai et al. 2022) and ST-MoE (Zoph 2022) aimed
to stabilize training. Recent developments (Zhu et al. 2023)
introduced efficient adapters within MoE and (Zhao et al.
2023) combined MoE with implicit neural network for im-
age compression. In computer vision, M3ViT (Liang et al.
2022) selectively engages experts, while MoFME (Zhang
et al. 2024b) merged feature modulation with MoE for better
image restoration. MoASE leverages a multi-router MoE to
manage diverse neuron activation.
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Figure 2: The visualization analysis of the Class Activation Map (CAM). We adopt CAM to compare the attention of the
low-activation, high-activation MoASE, and the original model during the continual adaptation process.

Motivation

Drawing inspiration from the complexities of the human vi-
sual system (Von Helmholtz 1867; Mustafi, Engel, and Pal-
czewski 2009; Bringmann et al. 2018) and reinforced by
seminal findings in recent research (Li et al. 2024; Zhang
et al. 2024a; Yang and Soatto 2020; Xu et al. 2021), we
come up with the hypothesis of leveraging activation spar-
sity via the innovative integration of parallel activation spar-
sity experts to effectively decompose activation neurons for
continual test adaptation tasks. Such configuration not only
ensures domain-agnostic components can be reused for new
tasks to mitigate catastrophic forgetting, thereby minimizing
the need for extensive retraining, but also ensures that inac-
curacies in domain-specific learning do not compromise the
overall integrity and performance of the model across vari-
ous tasks, minimizing error accumulation in dynamic envi-
ronments (Liu et al. 2023b)..

To provide empirical support for our hypothesis, we ex-
tended our analysis to include a qualitative evaluation using
Class Activation Mapping (CAM) (Zhou et al. 2016) within
the ImageNet-to-ImageNet-C CTTA scenario. Specifically,
we selectively retained only the top 50% high or low acti-
vation values within the ViT-base model under the CTTA
scenario (Wang et al. 2022). As depicted in Fig .2, analysis
of two canine samples on the left reveals that while high
activation distinctly outlines the dogs, the distribution of
low activation features significantly differs across domains.
Our findings verify that models maintaining only weakly
activated neurons primarily accentuate fluctuations in back-
ground noise while overlooking the foreground object. This
implies that weakly activated neurons are adept at captur-
ing domain-specific features, which motivates us to design a
low-activation-only DAG to ensure token assignment com-
pletely based on domain-relevant information. Conversely,
models with strongly activated neurons exhibit a contrast-
ing pattern and focus more intensively on object shapes and
structures even under globally applied corruption. This ob-
servation supports the notion that strongly activated neurons
are sensitive to domain-agnostic structures, validating previ-
ous visual science principles and our hypothesis.

Methods
Preliminary
Continual Test-Time Adaptation. We pre-train the
model θ(ys|xs) on source domain DS = (YS ,XS) and
adapt it to multiple target domains DTi = {XTi}

n
i=1, where

n indicates the number of target datasets. Utilizing the ro-
bustness of mean teacher predictions (Tarvainen and Valpola
2017a), we implement a teacher-student framework (θT and
θS ) to maintain stability during adaptation (Wang et al.
2022; Gan et al. 2022). This adaptation process is unsuper-
vised and single-pass for target domain data x ∈ XT , does
not require access to source domain data, as shown in Fig 3.

Mixture-of-Experts. The MoE model is fundamentally
composed of E expert functions ei : XT → Rp for i ∈ E,
alongside a trainable gating mechanism g : XT → Rq which
allocates inputs to experts by outputting a probability vector.
For an input sample x, the MoE’s output is the aggregate of
expert contributions, each weighted by the router’s assigned
probabilities, which is represented as:

y =
E∑
i=1

ei(x)gi(x), g(x) = σ(Ax+ b)

s.t. g(x) ≥ 0 and
E∑
i=1

gi(x) = 1

(1)

where σ(·) signifies the softmax for soft routing, A ∈ Rn×d

represents trainable weights, and b ∈ Rn is the bias. It oper-
ates densely, allocating nonzero probabilities to all experts.

Mixture-of-Activation-Sparsity-Experts
Spatial Differentiable Dropout. We have adopted the
sparse coding principle by incorporating a spatially oriented
Top-K dropout operation T (·) in our framework. How-
ever, unlike traditional dropout layer between the linear lay-
ers that randomly discards p(%) of neuron activation on
channel dimension, our MoASE incorporates the innova-
tive Spatial Differentiable Dropout (SDD) that selectively
retains the top/bottom Ki(%) significant responses from
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Figure 3: The framework of Mixture-of-Activation-Sparsity-Experts. (Left) We integrate the MoASE into the linear layers
of a pre-trained source model with a teacher-student framework. (Right) Detailed illustration of activation sparsity expert.

the spatial-wise token dimension between the linear layers
within the experts. Given a total of E experts, where E is
an even number (E = 2k, k ∈ N+), each expert is indexed
by i ∈ {1, 2, . . . , E}. The Spatial Differentiable Dropout
(SDD) mechanism decomposes the input feature tensor F ∈
Rb×n×d into domain-specific and domain-agnostic compo-
nents. The output of the SDD layer is defined as:

F̂ [j, k, l] :=


F [j, k, l], if F [j, k, l] ≥ T (Ki,F [j, :, :], L)

and L = True,

F [j, k, l], if F [j, k, l] ≤ T (Ki,F [j, :, :], L)

and L = False.
(2)

where K = ⌊nd × qi⌋, q ∈ RE is a vector of adap-
tive thresholds, and L corresponds to the largest argu-
ment in torch.topk (L = False for domain-specific
experts and vice versa). q is manually set as q =
{Ei

a/E, ..., 1/2, Ei
s/E, ..., 1/2} to make each of the two

types experts account for half of the features, where Ei
a and

Ei
s suggests the expert ID for domain-agnostic experts and

domain-specific experts (e.g., E2
a = 2, E3

s = 3) only to en-
sure different experts precept different levels of activation.

Domain-Aware Router and Activation Sparsity Gate.
To better suit the dynamic nature of the CTTA task, we pro-
pose two different input-aware modules to provide domain-
specific information and differentiate domain-agnostic ob-
jects for each activation sparsification experts. Both modules
employ the function of g(·) described in Eq.1.

The DAR acts as a common router in an MoE architec-
ture, where it dynamically selects the experts to utilize and
combines their outputs. One unique design of DAR is that
we want it to specifically focus on the domain-specific in-
formation captured by the low activations, so that it can
better adapt to the diverse domains in the CTTA scenario.
Therefore, we simultaneously apply the SDD layer with
q = 1

2 to decomposing low activations from the input feature
F ∈ Rb×n×d in the DAR which can be formulated as:

φ = gDAR(δ(F , ⌊nd
2
⌋, False)) (3)

ASG, on the other hand, directly adjusts each expert’s
behavior by generating a dynamic threshold ε ∈ R1×E

for SDD in each expert to facilitate adaptive activation de-
composition. As ASG controls both domain-specific and
domain-agnostic experts, we use the full input features as
the module input to better respond to change in both do-
mains and input information. The ASG is formulated as:

ε = gASG(F) (4)

The DAR output φ ∈ Rb×n×E is used as the expert
weight g as in Eq.1. The thresholds generated by ASG are
combined with predefined thresholds in Eq.2 to compute the
K̂i = ⌊nd× (q + η · εi)⌋ for each expert, where η is a scal-
ing factor set to 0.1 that ensures K̂ does not exceed the upper
limit. This integration supports a balanced adaptation.

Optimization Objective
Homeostatic-Proximal Loss. Building on prior CTTA re-
search (Wang et al. 2022), we employ the teacher model θT
to generate pseudo labels ypd to minimize the task-specific
training objective LTS(·), which are used to update MoASE.
Despite the successful implementation of multiple experts
to perceive various degrees of activation, we also strive to
maintain statistical homeostasis amid continuous domain
shifts by constraining student updates θS to stay closely
aligned with the initial (teacher) model θT , thus eliminat-
ing the need for manual intervention. In particular, instead
of just minimizing the LTS(·), we further introduce the
Homeostatic-Proximal (HP) term to the original loss to ap-
proximately minimize the optimization objective LOverall:

LOverall = LTS(θ
S) +

µ

2

E∑
e=1

||θSe − θTe ||2. (5)

where µ is set to 1 following (Li et al. 2020), θSe and θTe rep-
resent the parameters of each expert in the MoASE teacher-
student framework, respectively. The teacher model is up-
dated according to the Exponential Moving Average (EMA)

θTt = α× θTt−1 + (1− α)× θSt (6)

with the weight α = 0.999 (Tarvainen and Valpola 2017b).
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Figure 4: Inter-domain and intra-class distance in CIFAR10-C. (a) MoASE more effectively reduces inter-domain diver-
gence than the source model. (b) MoASE significantly improves intra-class feature aggregation.

Justification
To substantiate our hypothesis, we measure the domain rep-
resentation of MoASE by calculating the distribution dis-
tance using Ben-David’s domain distance (Ben-David et al.
2006, 2010) and H-divergence, building on previous stud-
ies (Ganin et al. 2016). The H-divergence between source
domain DS and target domain DTi is given as follows:

dH(DS , DTi) = 2 sup
D∈H

∣∣Pr
DS

[D(x) = 1]− Pr
DTi

[D(x) = 1]
∣∣.

(7)
where H is the hypothesis space and D the discrimina-
tor. Consistent with the methodologies in (Ruder and Plank
2017; Allaway, Srikanth, and McKeown 2021), we employ
the Jensen-Shannon (JS) divergence between two adja-
cent domains as an approximation of H-divergence, owing
to its demonstrated efficacy in differentiating between do-
mains. A relatively small inter-domain divergence suggests
the feature representation is robust and exhibits reduced sus-
ceptibility to cross-domain shifts:

JS(PDS
||PDTi

) =
1

2
KL(PDS

||
PDS

+ PDTi

2
)

+
1

2
KL(PDTi

||
PDS

+ PDTi

2
),

(8)

where P denotes probability distribution of model out-
put features and KL(·||·) denotes the Kullback −
Leibler (KL) divergence. As shown in Fig.4(a), the
MoASE shows significantly lower inter-domain divergence,
indicating robust feature representation across domains.
Moreover, we evaluate domain representation based on
intra-class divergence, inspired by k-means clustering (Mac-
Queen 1967). This can be formulated as:

IC =
1

|C|
∑
fi∼C

||fi −
1

|C|
∑
fi∼C

fi||22 (9)

where fi is the encoder output feature from each domain.
Smaller intra-class divergence indicates a superior under-
standing of the domain, as depicted for the in Fig.4(b). The
substantial and consistent margin between MoASE and the
baseline model, as shown in Fig.4, demonstrates the effec-
tiveness of our proposed method in mitigating domain shifts.

Experiments
CTTA Task setting. Following (Wang et al. 2022), in classi-
fication CTTA tasks, we adapt the pre-trained source model
sequentially across fifteen target domains on CIFAR10-C,
CIFAR100C, and ImageNet-C exhibiting the highest level
of corruption severity (level 5). In the context of seg-
mentation CTTA, as per (Yang et al. 2023b; Liu et al.
2023b), we employ an off-the-shelf model pre-trained on
the Cityscapes dataset. For the continual adaptation to tar-
get domains, we utilize the ACDC dataset, which comprises
images captured under four distinct adverse weather condi-
tions: Fog→Night→Rain→Snow.
Implementation Details. For the backbone architectures in
classification CTTA, we employ ViT-base (Dosovitskiy et al.
2020), where we standardize input image sizes to 384×384
for CIFAR and 224×224 pixels for ImageNet. In segmenta-
tion CTTA, the Segformer-B5 model (Xie et al. 2021), pre-
trained, serves as our source model, with input dimensions
reduced from 1920x1080 to 960x540 for processing in target
domains. η is set to 0.1. Optimization utilizes the Adam al-
gorithm (Kingma and Ba 2014) with (β1, β2) = (0.9, 0.99).
Specific learning rates are assigned to each task: 1e-4 for
classification, and 2e-4 for segmentation.
Baselines. We compare our model with sota CTTA meth-
ods including the entropy-based method TENT (Wang et al.
2020), the landmark CTTA work with mean-teacher frame-
work CoTTA (Wang et al. 2022), visual prompt-based
method VDP (Gan et al. 2023) and SVDP (Yang et al.
2023b), multi-rank adapter-based method ViDA (Liu et al.
2023b), and MoE-based method BECoTTA (Lee, Yoon, and
Hwang 2024). Noted that we report the BECoTTA results
w/o Source Domain Augmentation for a fair comparison.

Quantitative analysis
The effectiveness on classification CTTA. As Tab.1 val-
idate the effectiveness of our method as we conduct ex-
periments on CIFAR10-to-CIFAR10-C and ImageNet-to-
ImageNet-C, which consists of fifteen corruption types that
occur sequentially during the test time. For MoASE, the av-
erage classification error is up to 55.8% when we directly
test the source model on target domains with ImageNet-C.
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CIFAR10 ⇒ CIFAR10-C

Source ICLR2021 60.1 53.2 38.3 19.9 35.5 22.6 18.6 12.1 12.7 22.8 5.3 49.7 23.6 24.7 23.1 28.2 0.0
TENT CVPR2021 57.7 56.3 29.4 16.2 35.3 16.2 12.4 11.0 11.6 14.9 4.7 22.5 15.9 29.1 19.5 23.5 +4.7
CoTTA CVPR2022 58.7 51.3 33.0 20.1 34.8 20 15.2 11.1 11.3 18.5 4.0 34.7 18.8 19.0 17.9 24.6 +3.6

VDP AAAI2023 57.5 49.5 31.7 21.3 35.1 19.6 15.1 10.8 10.3 18.1 4.0 27.5 18.4 22.5 19.9 24.1 +4.1
BECoTTA ICML2024 54.6 48.1 26.5 22.1 32.8 19.7 14.9 10.1 10.2 16.3 3.9 27.2 16.4 25.7 15.4 22.9 +5.3

ViDA ICLR2024 52.9 47.9 19.4 11.4 31.3 13.3 7.6 7.6 9.9 12.5 3.8 26.3 14.4 33.9 18.2 20.7 +7.5
Ours Proposed 43.7 31.3 25.1 16.5 28.1 13.8 9.7 8.3 7.1 10.1 3.0 12.9 12.0 16.3 13.5 16.8 +11.4

ImageNet ⇒ ImageNet-C

Source ICLR2021 53.0 51.8 52.1 68.5 78.8 58.5 63.3 49.9 54.2 57.7 26.4 91.4 57.5 38.0 36.2 55.8 0.0
TENT CVPR2021 52.2 48.9 49.2 65.8 73 54.5 58.4 44.0 47.7 50.3 23.9 72.8 55.7 34.4 33.9 51.0 +4.8
CoTTA CVPR2022 52.9 51.6 51.4 68.3 78.1 57.1 62.0 48.2 52.7 55.3 25.9 90.0 56.4 36.4 35.2 54.8 +1.0

VDP AAAI2023 52.7 51.6 50.1 58.1 70.2 56.1 58.1 42.1 46.1 45.8 23.6 70.4 54.9 34.5 36.1 50.0 +5.8
BECoTTA ICML2024 50.1 46.6 42.3 57.1 65.8 51.3 51.7 42.0 41.4 42.5 25.0 67.3 50.3 31.6 34.4 44.0 +11.8

ViDA ICLR2024 47.7 42.5 42.9 52.2 56.9 45.5 48.9 38.9 42.7 40.7 24.3 52.8 49.1 33.5 33.1 43.4 +12.4
Ours Proposed 43.1 38.4 36.8 54.7 52.2 41.2 48.3 37.7 35.6 41.1 25.2 63.5 34.7 27.7 28.3 40.5 +15.3

Table 1: Classification error rate(%) for CTTA task. Gain(%) represents the percentage of improvement in accuracy.

Backbone Method Fog Night Rain Snow Mean↑

Segformer-B0 ViDA 57.9 27.8 53.1 51.6 47.6
Ours 58.2 28.7 53.6 52.2 48.2

SAM-SETR ViDA 76.5 47.2 68.1 70.7 65.6
Ours 76.8 47.6 68.7 71.0 66.0

Table 2: Different size of backbone and foundation model.

Method bri. contrast elastic pixelate jpeg Mean↓
Source 26.4 91.4 57.5 38.0 36.2 49.9
CoTTA 25.3 88.1 55.7 36.4 34.6 48.0
ViDA 24.6 68.2 49.8 34.7 34.1 42.3
Ours 25.4 65.5 37.3 29.5 29.6 37.5

Table 3: The DG comparisons on ImageNet-C.

Our method can outperform all previous methods, achieving
a 15.3% and 2.9% improvement over the source model and
previous SOTA method, respectively. Moreover, our method
showcases remarkable performance across the majority of
corruption types, highlighting its effective mitigation of er-
ror accumulation and catastrophic forgetting.
The effectiveness on segmentation CTTA. As presented
in Tab.5 as we conduct experiments on the four scenarios
of Cityscapes-to-ACDC and repeat for three times, we ob-
served a gradual decrease in the mIoUs of TENT over time,
indicating the occurrence of catastrophic forgetting. In con-
trast, our method has a continual improvement of average
mIoU (61.8→62.3→62.3) when the same sequence of target
domains is repeated. Significantly, the proposed method sur-
passes the previous state-of-the-art CTTA method by achiev-
ing a 0.3% increase. This notable improvement showcases
our method’s ability to adapt continuously to target domains.
Adaptation across various model backbone. We evalu-
ate the flexibility of MoASE with Segformer-B0(Xie et al.
2021) and introduce the foundation model SAM(Kirillov

num. E. Fog Night Rain Snow Mean↑
E = 2 71.6 44.0 66.5 63.7 61.5
E = 4 72.4 44.5 66.4 63.8 61.8
E = 8 71.4 44.0 65.0 61.7 60.5
E = 16 71.5 44.1 65.9 63.3 61.2

Table 4: Different number of experts within the 1st round.

et al. 2023) as the pre-trained model to continual target
domains in the Cityscapes-to-ACDC following (Liu et al.
2023b). Our method significantly enhanced performance in
dynamic target domains, as shown in Tab.2, achieving im-
provements of 0.6% and 0.4% for Segformer-B0 and SAM-
SETR, respectively. These findings confirm that the MoASE
supports effective transfer learning across model sizes.
Exploration on domain generalization (DG). To evaluate
the DG capabilities of our method, we employed a leave-
one-domain-out approach (Zhou et al. 2021; Li et al. 2017),
training on 10 of the 15 ImageNet-C domains and using the
remaining 5 as unsupervised target domains. Our method
adapts a pre-trained model to these 10 domains, then tests
directly on the five unseen domains, as shown in Tab.3.
Impressively, it reduces average error in these domains by
12.4%, outperforming ViDA by over 4.8%. These results
validate the effectiveness of MoASE in DG.

Ablation study
Different number of experts. We evaluate the impact of
expert counts in MoASE on mIoU under adverse weather
in Cityscape-to-ACDC in Tab. 4. Configurations with 2 to
16 experts were tested, with four experts achieving the best
performance, as mean mIoU 61.8%, in Fog and Snow. The
results indicate that performance does not scale linearly with
expert count; instead, precise activation decomposition is
key, as it balances general and specific knowledge by de-
termining each expert’s perceptive field.
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Time t −−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−→
Round 1 2 3 Mean↑ Gain↑

Method Venue Fog Night Rain Snow Mean↑ Fog Night Rain Snow Mean↑ Fog Night Rain Snow Mean↑
Source NIPS2021 69.1 40.3 59.7 57.8 56.7 69.1 40.3 59.7 57.8 56.7 69.1 40.3 59.7 57.8 56.7 56.7 0.0
TENT ICLR2021 69.0 40.2 60.1 57.3 56.7 68.3 39.0 60.1 56.3 55.9 67.5 37.8 59.6 55.0 55.0 55.7 -1.0
CoTTA CVPR2022 70.9 41.2 62.4 59.7 58.6 70.9 41.1 62.6 59.7 58.6 70.9 41.0 62.7 59.7 58.6 58.6 +1.9

VDP AAAI2023 70.5 41.1 62.1 59.5 58.3 70.4 41.1 62.2 59.4 58.2 70.4 41.0 62.2 59.4 58.2 58.2 +1.5
BECoTTA ICML2024 72.3 42.0 63.5 60.1 59.5 72.4 41.9 63.5 60.2 59.5 72.3 41.9 63.6 60.2 59.5 59.5 +2.8

ViDA ICLR2024 71.6 43.2 66.0 63.4 61.1 73.2 44.5 67.0 63.9 62.2 73.2 44.6 67.2 64.2 62.3 61.9 +5.2
Ours Proposed 72.4 44.5 66.4 63.8 61.8 73.0 45.1 67.5 63.5 62.3 73.5 44.5 67.4 63.5 62.3 62.2 +5.5

Table 5: Performance comparison for Cityscape-to-ACDC CTTA. We sequentially repeat the target domains three times.

MoE SDD DAR ASG HP Mean↑
Ex0 ✗ ✗ ✗ ✗ ✗ 58.6
Ex1 ✓ ✗ ✗ ✗ ✗ 57.9
Ex2 ✓ ✓ ✗ ✗ ✗ 61.1
Ex3 ✓ ✓ ✓ ✗ ✗ 61.5
Ex4 ✓ ✓ ✓ ✓ ✗ 62.0
Ex5 ✓ ✓ ✓ ✓ ✓ 62.2

Table 6: Ablation study on segmentation task.

Figure 5: The expert activation of MoASE. E1
s and E3

a
stands for the 1st DS and the 3rd DA experts.

Effectiveness of each proposed module. We conducted
an ablation study in the Cityscape-to-ACDC CTTA. Tab.6
shows Ex0 as the baseline using the CoTTA and Ex1

adding a 4-expert MoE architecture to Ex0. However, sim-
ply adding MoE did not enhance performance as it instead
decreased by 0.7%. In contrast, implementing our SDD in
Ex2 improved segmentation results by 3.2%. Further in-
troductions of our modules from Ex3 and Ex5 increased
mIoU from 61.5% to 62.2%, confirming the effectiveness of
MoASE. It is noteworthy that Ex4, employing ASG, signif-
icantly outperforms Ex3 with full token inputs, indicating
that a low activation domain-specific feature alone is suffi-
cient to effectively determine the weights of various experts.

Qualitative analysis
CAM visualization. We conducted a qualitative analysis of
the CAM on ImageNet-C, as illustrated at the top left of
Fig.6. MoASE effectively concentrates on regions relevant
to the target categories, such as dogs and cars, during classi-
fication decisions. In contrast, the original model’s attention
is dispersed due to continuous domain shifts. These findings

Figure 6: The qualitative analysis of the CAM, routing strat-
egy, and the segmentation qualitative comparison.

underscore MoASE’s superiority.
Routing strategy. We sum and normalized the output of
the router on ACDC with 8 experts for better illustration, as
shown in top right of Fig.5. DAR assigns varying weights to
experts based on domain type. For instance, E1

s and E3
s pri-

marily address snow, while E2
s and E4

s are geared towards
Fog. Moreover, each domain-agnostic expert is also sensi-
tive to different types of feature, suggesting a low-activation-
only DAR can also manage characteristic token assignment.
Segmentation visualization. For further validation, we pro-
vide additional qualitative comparisons in the Cityscapes-to-
ACDC CTTA scenario as shown in the bottom of Fig.6. Our
method outperforms other baselines in all scenarios, pre-
cisely differentiating sidewalks from roads and identifying
small objects like people, vegetation, and fences.

Conclusion
We introduce a novel architecture MoASE for CTTA, which
design decouples neural activation into high-activation
and low-activation components using SDD and enhances
domain-specific feature extraction while improving the per-
ception of domain-agnostic objects through expert modules.
The HP loss is also designed to reduce error accumulation.
Enhanced by a multi-gate module and HP loss, MoASE sur-
passes state-of-the-art baselines in four benchmarks.
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