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Abstract

The domain gap resulting from mismatches in acquisition
details like protocol and scanner between training and test
data hinders the deployment of the trained model in clini-
cal practice. To address this issue, Continual test-time adap-
tation (CTTA) has been proposed to adapt the source model
to continually changing unlabeled domains without accessing
the source data. Existing methods learn an image-level visual
prompt for target domains and inject the trainable prompt into
the input space. However, they either combine the input with
a prompt of equal scale or determine the prompt injection po-
sition through complex strategies such as uncertainty estima-
tion or Fourier Transform. These approaches substantially in-
crease the number of trainable parameters and computational
burden, especially in high-dimensional medical imaging data.
To overcome these challenges, we propose the Efficient De-
formable Convolutional Prompt (EDCP), which leverages the
inductive bias of convolution to reduce trainable parameters
compared to standard prompts. We further enhance convo-
lution by making it deformable, addressing fine-grained do-
main shifts at the pixel level through an offset branch. To
improve training efficiency and balance parameters between
the convolution and offset branches, we decompose the offset
transformation into two parts, storing one in an offset bank
that also serves as a domain indicator. This bank acceler-
ates training by skipping test images similar to those already
stored. Prompt updates are guided by layer-wise alignment of
source-target statistics without unfreezing batch normaliza-
tion layers. Extensive experiments demonstrate the superior-
ity of our method in 2D and 3D medical image segmentation
tasks.

Introduction
Semantic segmentation is the fundamental step toward
anatomical structure recognition in medical image analy-
sis. The segmentation model can achieve remarkable perfor-
mance when the model is trained with a supervised signal
and tested with data of consistent distribution. However, the
model suffers from performance degradation when there ex-
ists a domain gap between the source and target data distri-
bution. Unfortunately, this domain gap commonly exists in
real scenarios, as the weather changes from sunny to rainy to
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Figure 1: (a) Illustrations of three different domain shifts in
medical images. (b) Our goal is to adapt the source model
to continually changing domains in the input space by in-
jecting visual prompts. Existing prompt-based methods ei-
ther inject the prompt at the same scale as the input or use
complex strategies to select the injection position, padding
the rest with constant values (white square). In contrast, we
leverage the inherent advantages of convolutional inductive
bias and extend it to be deformable, significantly reducing
the trainable parameters in the prompt.

foggy, but it is more severe in medical imaging. For exam-
ple, as shown in Fig. 1(a), the same tissue (i.e., fundus ) is
acquired with different imaging scanners and setups across
the medical centers. Besides, magnetic resonance imaging
(MRI) is a widely adopted radiation-free imaging technique
and also bears heterogeneity in cross-sequence (e.g., the
contrast varies for the same brain tumor in T1, T1ce, T2, and
FLAIR sequence). Moreover, computed tomography (CT)
and MRI provide significantly different signals for the same
region (i.e., heart) due to their different imaging principles.

To address this issue, a line of work focuses on unsuper-
vised domain adaptation (UDA), which typically requires
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access to entire labeled source domain data and large-scale
unlabeled target domain data to perform distribution align-
ment. However, this setting is problematic in clinical prac-
tice for two reasons. Firstly, accessing source data at test
time is difficult, because data sharing across hospitals is pro-
hibitive due to the privacy concern. Secondly, UDA aligns
the source and target domain batch by batch and repeats
several epochs before the inference phase. However, due to
the scarcity of medical images, the test data usually arrive
one by one, making it very time-consuming to assemble a
batch, not to mention that the inference stage requires train-
ing through multiple epochs. Moreover, in clinical practice,
there is a strong need for immediate predictions on a single
test sample to facilitate timely diagnosis and treatment for
patients. Therefore, it would be more convenient if a source
pre-trained model could quickly and continuously adapt to
each test sample at inference time, without requiring the
source data.

This motivates another line of work, test-time adaptation
(TTA), which deals with the above issues by exploring the
distributional information gradually from each target do-
main test sample without using source data. TENT (Wang
et al. 2021) proposes to update only the affine parameters
in batch normalization (BN) layers by minimizing the en-
tropy of model predictions on the test data. MABN (Wu
et al. 2024) constructs an auxiliary branch to perform self-
supervised learning (SSL) and meta-learning to supervise
BN updates. However, these TTA methods require the target
domains to be stationary and neglect the continually chang-
ing target domains in most real-world scenarios. CoTTA
(Wang et al. 2022)first proposes a continual test-time adap-
tation (CTTA) approach to tackle the above issues, specif-
ically, CoTTA refines the unreliable pseudo label by using
weight-averaged and augmentation-averaged prediction and
preserves the source knowledge by stochastically restoring
a small number of neurons. VDP (Gan et al. 2023) pro-
poses to learn an image-level visual prompt while having
the source model parameters frozen, eliminating the update
of the entire model only the prompt injected into the input
space is learnable. However, it still needs to update the net-
work with an exponential moving average (EMA) between
the student and teacher model and deploy SSL tasks. VPTTA
(Chen et al. 2024) proposes to inject the prompt into the low-
frequency of the input which is associated with style texture,
but it needs to perform the Fast Fourier Transform (FFT) first
to inject the prompt and resume the input by the inverse FFT.
They both suffer from complicated strategies for prompt up-
dating and injection.

To tackle the above problems, we first introduce the
concept of our Efficient Deformable Convolutional Prompt
(EDCP), as shown in Fig. 1(b), instead of adopting the
prompt having the same scale of input or determining the
prompt injection position by performing complicated SSL
tasks or computational intensive transformation of input, we
leverage the inherent advantages of inductive bias in convo-
lution, only a few trainable parameters can provide a pow-
erful prompt. We further extend its representative capability
in low-parameter conditions by attaching each position of
the parameter with an offset which is predicted by the offset

branch, enabling the convolution kernel to be deformable.
We then propose a new framework for the efficient training
of our EDCP. Specifically, we observe a significant param-
eter imbalance, with several times more parameters in the
offset branch compared to the convolution. We design a pa-
rameter balance strategy, offset transformation decompose,
which decreases the number of parameters needed for off-
set prediction and stabilizes the training of EDCP. Further-
more, the supervision for the training of the prompt is pro-
vided by the structure similarity between the adapted image
and augmented image and layer-wise source-target statistics
alignment without unfreezing the source pre-trained model.
Moreover, we designed an offset bank to store the transfor-
mation matrices from the second part of the decomposition
in the offset branch, which can be considered an implicit do-
main indicator. By comparing the transformation matrix of
the current iteration with those in the offset bank, we can
skip training on samples with high similarity, significantly
speeding up the training process while maintaining its rep-
resentational capability, an approach we refer to as fast in-
ference. Overall, our method is both parameter-efficient and
training-efficient for adapting the frozen source model in the
input space. Our contributions are summarized as follows:

• We propose a parameter-efficient visual prompt, EDCP,
to address domain shift by using offsets as implicit do-
main indicators. We can obtain representative prompts
for input space adaptation without requiring complex
prompt selection strategies.

• We present a novel prompt training acceleration strat-
egy by skipping training samples within similar domains,
which significantly reduces the training time for CTTA.

• Our approach outperforms most state-of-the-art methods
on extensive experiments, covering both 2D and 3D med-
ical segmentation tasks. It proves that our approach is
practical for both performance and inference speed.

Related Work
Test-time Adaptation
Test-time adaptation (TTA) aims to fine-tune the source pre-
trained model by the target data in the test phase and it
can be divided into two main categories, model-based and
parameter-free. For the model-based method, most of them
align the distribution by updating the BN layers in the source
model. Tent (Wang et al. 2021) updates the affine parame-
ters in each BN layer by minimizing the entropy of the pre-
diction. MABN (Wu et al. 2024) obtains supervision by en-
forcing the alignment of the auxiliary and main branches via
meta-learning. SANTA (Chakrabarty, Sreenivas, and Biswas
2023) modifies the affine parameters using source anchoring
based self-distillation. TTN (Lim et al. 2023) presents a new
normalization technique that interpolates the standardization
statistics by adjusting the importance of BN and transductive
BN. The other is the parameters-free method. (Valanarasu
et al. 2024) proposes to equip each convolutional block with
an adaptive BN to adapt the features with respect to a domain
code which is prior knowledge of medical images. InTEnt
(Dong et al. 2024) integrates predictions made with various
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estimates of target domain statistics and weights them with
their entropy.

Continual test-time adaptation (CTTA) is proposed to ad-
dress the performance degradation of TTA under the setting
of continuously changing target domains. CoTTA (Wang
et al. 2022) first proposes to address the sequence of shifts
in TTA and refine the pseudo labels by weight average and
augmentation average. To avoid catastrophic forgetting, it
randomly restores a small portion of neurons in each iter-
ation. DAT (Ni et al. 2024) tackles the changing domains
by selecting and updating domain-specific parameters and
task-relevant parameters in the model according to the test
data distribution. DLTTA (Yang et al. 2022) presents a novel
dynamic learning rate adjustment approach to deal with a
variety of scale distribution shifts in the sequence. However,
we try to solve this problem at the input level to minimize
the computation overhead on the updating of each BN layer.

Prompt Learning
Prompt learning is first proposed in natural language pro-
cessing (NLP) to devise additional instructions for in-
put text to fine-tune the large language model to various
downstream tasks. Inspired by its success in NLP, sev-
eral methods have involved it in computer vision. SVDP
(Yang et al. 2024) proposes a novel approach to adap-
tively allocate trainable parameters on the pixels and de-
signs the domain prompt updating strategy to optimize the
prompt differently. CVP (Tsai, Mao, and Yang 2024) first
introduces convolution kernel to visual prompt, which de-
mands fewer trainable parameters compared to conventional
prompt, facilitating the lightweight input space adaptation.
VDP (Gan et al. 2023) devises domains-specific prompts
and domain-agnostic prompts and further optimizes them
with a homeostasis-based adaptation strategy, significantly
relieving catastrophic forgetting and error accumulation.
VPTTA (Chen et al. 2024) presents a low-frequency prompt
for each test image to align the statistics in the BN lay-
ers. However, the above methods either involve complex
strategies to obtain prompts and their injection locations or
are only effective in TTA settings, ignoring continuously
changing domains. In contrast, our proposed EDCP is both
parameter-efficient and training-efficient in CTTA settings,
requiring no complex strategies for prompt acquisition and
significantly accelerating the prompt training phase.

Method
Problem Definition
Given a model fθ trained on the source domain and to
be tested on continual changing unlabeled target domains
D1, D2, ..., Dt ,where Dj = (xt

i)
Nj

i=1, and Nj is the scale of
the target domain. Our goal is to continuously adjust the in-
coming data of new distribution online to adapt to the source
model. Considering the clinical practice, where data arrives
at the subject level and timely prediction results are required,
we assume a batch size of 1 for all experiments.

Our approach has three components: a deformable vision
prompt, a source-target alignment strategy for updating the

prompt, and a fast inference method to speed up the training
phase. The overview of our method is illustrated in Fig. 2.

Deformable Convolutional Prompt
Design of the prompt First, we designed a convolution
prompt by directly applying convolution to the input. This
approach leverages the inductive bias of convolution, with
the only trainable parameters being the convolution ker-
nels. However, we found that under the CTTA setting, us-
ing convolution alone is insufficient to handle significant
domain shifts. Domain shifts are reflected not only in pixel
value changes but also in offsets in various directions (e.g.,
the contours and positions of objects undergo substantial
changes, as shown in Figure 1(a)). Inspired by (Dai et al.
2017), we propose adding an additional branch to provide
offsets for convolution sampling locations. Therefore, our
deformable convolution prompt addresses domain shifts at
the pixel level by accounting for both value changes and off-
sets. More specifically, the input of the source pre-trained
model can be formalized as

X̃t
i = Xt

i + λConv(Xt
i ,Offset(Xt

i )) (1)

where Xt
i ∈ RC×H×W is the original unlabeled input, X̃t

ι is
the adapted input after prompt injection, Conv(·, ·) denotes
the convolution with input and sampling offset, Offset(·)
is the offset encoder, which transforms from RC×H×W to
R2×K×K×H×W , providing offsets in the x and y directions
for the convolution, where 2 represents the offset directions
and K is the kernel size.

Transformation decomposition However, we find that
the convolution branch and offset branch suffer from severe
parameter imbalance; specifically, the offset encoder has
many times more parameters than the convolution, which
severely hinders prompt training on a single sample. To ad-
dress this issue, we decompose the transformation into two
parts,

Offset(·) = fd ⊙ fg (2)

where fd : RC×H×W → RC×H×W represents the group
convolution process applied to the input independently of
the channels, and fg : RC×H×W → R2×K×K×H×W de-
notes the layer-wise fusion within the feature map. After this
decomposition, we achieve a balanced parameter proportion
between the two branches. The parameters of fg , denoted as
Ag ∈ R2×C×K×K , are considered as implicit domain in-
dicators. We further extend this to an offset bank to enable
efficient training of our EDCP in the fast inference section.

Source-target Alignment
Input alignment Instead of aligning predictions at the
output level, which requires a forward pass through the
model, we align distribution statistics at the input level.
Specifically, we augment the original image and enforce
structural consistency between the adapted augmented input
and the adapted original input:

Lin( ˜h(Xt
i ), X̃

t
i ) =

(2µxµy + c1)(2σxy + c2)

(µ2
x + µ2

y + c1)(σ2
x + σ2

y + c2)
(3)
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Figure 2: Overview of our EDCP. The inputs are original image and image with augmentation. First, we address the parameter
imbalance between the two branches by decomposing the transformation into two stages. Next, we store the transformation
matrix from the second stage in an offset bank, where each transformation matrix is considered an implicit domain indicator.
We obtain prompts by combining offsets with convolution, and these prompts are then added to the original images to produce
the adapted image. We determine whether to train on the current sample by measuring the similarity between the current
transformation matrix and those in the offset bank: if the similarity is below a threshold γ, we perform source-target alignment
at both the input level and layer-wise. Otherwise, we skip the training phase for the current sample and proceed directly to
inference, without performing gradient backpropagation.

where X̃t
i is the adapted original input, and h(·) represents

random augmentation. µx and µy are the means of the two
inputs, σx and σy are their variances,σx,y is the covariance,
and c1 and c2 are constants. This method helps bridge the
gap between related domains, which is the fundamental goal
of prompt learning.

Layer-wise alignment The distribution shift largely exists
in the BN statistics between the source and target samples.
Inspired by (Chen et al. 2024), we propose guiding prompt
updates by measuring the differences between the BN statis-
tics of the target samples and those stored in each layer of
the source model:

Llayer =
1

j

N∑
j=1

|µj
s − µj

t |+ |σj
s − σj

t | (4)

where µs, σs are the mean and variance from the source do-
main, µt, σt are from the target domain. j denotes the j-th
BN layer in the source model, and N represents the total
number of BN layers. The overall objective function LL is
formulated as:

L = Lin + Llayer (5)

Fast Inference
In the CTTA setting, the model adapts for each input; how-
ever, not all updates are necessary. Based on our observa-
tions, the extent of prompt updates decreases within the
same domain but increases when switching domains. We
hypothesize that updates are only beneficial when there is
a significant domain change. Therefore, we design an offset
bank composed of the historical updates of Ag in Eq. (2).
We measure domain change by estimating point-wise offset
similarity with each A in the offset bank B:

Sim(Ag, B) =
1

S ×K2

S∑
i=1

K2∑
j=1

Aj
g · A

j
i

∥Aj
g∥ · ∥Aj

i∥
(6)

where i represents the i-th A in the offset bank, j denotes
the offset position, S denotes bank size, and K2 denotes the
total number of points to be measured. Aj

g ∈ R2×C denotes
the offset vector in the current iteration for kernel position
j. When the similarity exceeds the threshold γ, we alternate
the training process with direct inference by removing the
augmentation and the calculations in Eq. (3) and Eq. (4). By
ignoring similar samples within the domain, we significantly
reduce training time and also prevent prompt overfitting to
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Algorithm 1: Training of EDCP
Require: Fozen source model fθ, deformable convolution
prompt fd, offset bank B, bank size S, similarity threshold
γ
Input: For each time step i, current test image Xt

i
Output: Segmentation result Mi

1: Obtain h(Xt
i ) by augmenting Xt

i

2: Obtain adapted input X̃t
i and ˜h(Xt

i ) via their prompts
by Eq. (1)

3: Calculate offset similarity Sim with members in offset
bank B by Eq. (6)

4: if Sim < γ or len(B) < S then
5: // Train
6: Calculate Lin by Eq. (3)
7: Only forward unaugmented input fθ(X̃t

i ) and calcu-
late layer-wise alignment loss Llayer by Eq. (4)

8: Backward and update fd
9: else

10: // Bypass the train
11: end if
12: // Inference
13: Obtain X̃t

i using updated prompt fd
14: Obtain segmentation result by Mi = fθ(X̃t

i )
15: Update the offset bank B
16: return Mi

the same domain. The overall process of EDCP is summa-
rized in Algorithm 1.

Experiments
Datasets and Evaluation Metrics
The OD/OC segmentation dataset. The dataset contains
five public fundus datasets collected from different medi-
cal centers with inconsistent statistical characteristics, de-
noted as domain A (RIM-ONE-r3) (Fumero et al. 2011), B
(REFUGE) (Orlando et al. 2020), C (ORIGA) (Zhang et al.
2010), D (REFUGE-Validation) (Orlando et al. 2020), and
E (Drishti-GS) (Sivaswamy et al. 2014). There are 159, 400,
650, 800, and 101 RGB images from these datasets. Follow-
ing (Chen et al. 2024), we crop the region centering at OD
with the size of 800x800 and further resize it to 512x512.
The Dice score metric (DSC) is used for evaluation.

The brain tumor segmentation dataset. We evaluate our
method with the widely used multimodal Brain Tumor Seg-
mentation (BraTS 2020) dataset (Bakas et al. 2019), which
comprises multi-contrast MRI exams with four sequences:
T1, T1ce, T2, and FLAIR. Following the challenge, we seg-
ment three tumor regions for evaluation: (1) whole tumor
(WT), including all tumor tissues, (2) tumor core (TC), com-
posed of the enhancing tumor, necrotic, and non-enhancing
tumor core, and (3) enhancing tumor (ET). The BraTS 2020
includes 369 training cases, each case containing four se-
quences. We use DSC for performance quantification.

The hole heart segmentation dataset. We use the 40
independent scans (20 CT and 20 MRI) of cardiac re-

gions from the Multi-Modality Whole Heart Segmentation
(MMWHS) Challenge 2017 (Zhuang 2018) with the labels
of ascending aorta (AA), left atrium blood cavity (LA), left
ventricle bold cavity (LV), and myocardium of the left ven-
tricle (MYO). Similarly, we adopt DSC for our performance
evaluation.

Implementation Details
In the CTTA setting, we select each domain as the source
domain one at a time, with all other domains serving as con-
tinuously changing target domains. Specifically, for cross-
sites, we choose the data from any one site as the source
domain (e.g., A), and the other domains as continuously
changing target domains (e.g., B→C→D→E). Similarly,
for cross-sequence, we select a sequence (e.g., T1) as the
source domain, with the other sequences as target domains
(T1ce→T2→FLAIR). For cross-modality, we choose any
modality as the source domain (e.g., MRI) and another as
the target domain (e.g., CT). In the source-training phase, we
train a ResUNet-34 as our baseline for 2D segmentation like
OC/OD segmentation and brain tumor segmentation tasks
and train a 3DUnet for 3D cardiac segmentation. We utilize
the Adam optimizer with a learning rate of 0.05 for all the
tasks. The hyperparameters λ (injection rate of prompt), K
(size of offset bank), γ (similarity threshold) are set to 0.01,
10, and 0.95 for all segmentation tasks.

Experimental Results
We evaluate our proposed method on three continual test
time adaptation datasets with different kinds of domain shift,
i.e., cross-site, cross-sequence, and cross-modality. ‘Source
Only’ denotes the source model directly tests without adap-
tation. TENT-continual (Wang et al. 2021) is a method based
on entropy minimization and we skip the model reset to fa-
cilitate the CTTA setting. CoTTA (Wang et al. 2022) refines
pseudo-label by source anchor model and exponential mov-
ing average (EMA) updated source model with the consis-
tency between original and augmented prediction. SAR (Niu
et al. 2023) achieves robust adaptation by filtering noisy
samples and encouraging model weight to go to a flat min-
imum. The above methods optimize the BN layers in the
model, however, VPTTA (Chen et al. 2024) proposes to in-
ject the visual prompt into the low-frequency domain of in-
put without unfreezing the BN layers. Visualization of the
segmentation results is shown in Fig. 4.

Cross-Site Segmentation of OD/OC We compare the
other methods with our proposed method on the OD/OC
segmentation task, as shown in Table 1. It can be observed
that all the methods are effective in the cross-site domain
shift, improving the ‘Source Only’ baseline significantly.
Our method achieves the best performance over the oth-
ers, more specifically, it not only shows competitive perfor-
mance in domains where most methods have a good perfor-
mance but also performs well in domains where other meth-
ods exhibit suboptimal results.

Cross-Sequence Segmentation of Brain Tumor We con-
duct the comparison on the brain tumor segmentation as
shown in Table 2. This is a challenging task, the reasons
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Methods Domain A Domain B Domain C Domain D Domain E AverageOC OD OC OD OC OD OC OD OC OD
Source Only 50.81 71.91 68.50 82.46 54.02 73.50 48.41 66.25 49.93 71.05 63.68

TENT-continual 62.93 72.47 72.23 82.21 56.30 75.15 50.21 64.87 50.05 77.11 66.35
CoTTA 55.92 66.15 69.03 82.15 56.22 72.10 50.23 66.85 56.27 76.58 65.15

SAR 61.27 77.46 69.03 80.46 53.30 70.83 55.84 69.58 57.28 80.06 67.51
VPTTA 61.34 76.28 69.92 82.93 55.00 73.26 53.59 68.89 53.89 75.42 67.05

Ours 63.75 77.81 72.12 84.05 58.29 75.45 54.39 68.89 57.30 78.27 69.03

Table 1: Performance comparison (DSC % in mean) for the OD/OC segmentation task. The best and second-best results are
highlighted in bold and underline, respectively.

Methods T1 T1ce T2 FLAIR AverageWT TC ET WT TC ET WT TC ET WT TC ET
Source Only 29.47 20.11 17.20 42.14 23.86 14.58 31.74 19.47 10.91 34.87 26.49 17.68 24.04

TENT-continual 11.36 19.09 28.43 17.56 13.91 23.01 1.28 10.24 19.42 11.93 15.65 14.17 15.50
CoTTA 5.34 14.87 25.90 9.88 14.38 25.26 0.86 11.29 22.10 2.93 10.17 20.48 13.62

SAR 22.05 23.00 26.01 41.95 22.98 14.94 32.46 19.62 11.38 34.23 26.36 17.25 24.35
VPTTA 25.75 14.70 16.16 21.16 14.94 13.13 20.16 10.98 4.38 21.35 14.06 9.32 15.51

Ours 44.94 25.87 24.06 47.49 25.22 17.86 38.99 22.95 14.00 34.96 26.17 22.64 28.76

Table 2: Performance comparison (DSC % in mean) for the brain tumor segmentation task. The best and second-best results
are highlighted in bold and underline, respectively.

include: (1) the source model is pre-trained under the uni-
sequence condition, which limits the representative capa-
bility of the model, leading to unsatisfied performance for
the ‘Source Only’ model, (2) the domain shift between the
different domains is extremely large (e.g., Whole Tumor is
clear in T1ce, but blur in T1) and (3) the test sample is
several times larger than train samples, the model is prone
to have error accumulation and catastrophic forgetting. All
the methods suffer from performance degradation, even in-
ferior to the ‘Source Only’ baseline. SAR still achieves a
marginal improvement through its robust sample filter and
model weight optimization strategies. However, our method
can continuously outperform nearly all the methods in each
sequence. We contribute to its offset bank, which can avoid
both error accumulation and catastrophic forgetting.

Cross-Modality Segmentation of Cardiac We also eval-
uate our method on the 3D cardiac segmentation task, as
shown in Table 3. This is another challenging adaptation
task, only 20 samples are available for the adaptation stage.
As expected, all methods failed to improve the ‘source-only’
model due to the large number of trainable parameters and
the small sample size, leading to underfitting. However, our
approach, along with VPTTA, involves a very small number
of parameters, allowing the prompt to be sufficiently trained
with only a few samples. Furthermore, our deformable con-
volutional prompt and parameter decomposition greatly en-
hance the prompt’s representative capability while reducing
the number of parameters, resulting in a further improve-
ment over VPTTA.

Comparison in a long-term continual test-time adapta-
tion As shown in Fig. 3, we evaluate long-term adapta-
tion performance by testing the source model, pre-trained
on each domain of the OD/OC segmentation task, over five

Figure 3: Performance comparison on the OD/OC segmenta-
tion task for long-term continual test-time adaptation, where
the average performance is calculated across five domains
(A, B, C, D, and E).

rounds. Performance trends reflect catastrophic forgetting
and error accumulation. TENT shows severe degradation,
while VPTTA exhibits moderate decline due to its statistics
warm-up strategy. SAR achieves a slight improvement in av-
erage DSC, as it applies a complex regularization strategy on
model weights to mitigate error accumulation. In contrast,
our method experiences a minor decrease, which progres-
sively stabilizes over rounds.

Ablation Study
We conduct the ablation experiment on the OD/OC tasks to
prove the effectiveness of the proposed framework in Ta-
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Methods MR CT AverageAA LA LV MYO AA LA LV MYO
Source Only 52.30 79.01 86.70 71.41 45.33 35.51 71.73 69.00 63.87

TENT-continual 52.79 79.17 86.74 70.65 45.33 35.52 71.76 69.01 63.87
CoTTA 52.32 79.01 86.69 71.31 45.33 35.51 71.76 69.01 63.87

SAR 52.30 79.01 86.70 71.41 45.33 35.51 71.73 69.00 63.87
VPTTA 51.90 79.56 86.52 71.62 45.69 35.71 72.14 68.99 64.02

Ours 58.19 83.54 88.45 74.51 46.68 35.93 72.14 70.08 66.19

Table 3: Performance comparison (DSC % in mean) for the cardiac segmentation task. The best and second-best results are
highlighted in bold and underline, respectively.

DCP TD STA FI DSC Time Parameters
63.68 1.0 0

✓ 61.88 2.1 588
✓ ✓ 64.04 2.4 588
✓ ✓ ✓ 68.16 2.6 186
✓ ✓ ✓ ✓ 69.03 1.6 186

Table 4: Ablation studies of our framework. DCP repre-
sents the deformable convolutional prompt, TD represents
the transformation decomposition, STA denotes the source-
target alignment, and FI refers to the fast inference.

Methods RT Params Avg. F. Avg. B. Mem. (MB)
Source 1.0 0 1 0 2496
TENT 1.7 21184 2 1 3195
CoTTA 2.0 21184 3 1 3625

SAR 2.3 21184 3 2 3259
VPTTA 2.4 75 2 1 3635

Ours 1.5 186 2 0.03 2901

Table 5: Efficiency comparison with other methods. RT de-
notes relative training time, Params denotes trainable pa-
rameters, ’Avg. F.’ denotes average forward times, ’Avg. B.’
denotes average backward times, and ’Mem.’ denotes GPU
memory.

ble 4. To be noticed, we utilize entropy minimization as
our default optimization if the model is adapted without
our STA. The results demonstrate that: (1) Using DCP only
with entropy minimization hurts performance because en-
tropy alignment is coarse-grained, addressing only the pre-
diction level. In contrast, when using STA, which adds only
a small amount of training time, performance improves sig-
nificantly, as STA considers both the prompt-level alignment
and the statistical distribution differences at each BN layer of
the model; (2) the TD helps address the parameter imbalance
issue and significantly reduces the number of parameters, re-
sulting in a substantial improvement in model performance.
(3) the FI further reduces training time and serves as regu-
larization to prevent the prompt from overfitting to a single
domain, thereby enhancing model performance.

Efficiency Analysis
To compare the efficiency of our method with the others,
we conduct experiments on the OD/OC segmentation task,

Figure 4: Example segmentation results of the proposed
method for OD/OC, brain tumor, and cardiac segmentation.
Left: ground truth; right: our results.

as shown in Table 5. Methods based on the update of the
BN layer have a significantly larger number of parameters
compared to prompt-based methods. Additionally, TENT re-
quires only 2 forward passes (i.e., one for optimization and
one for inference) and one backward pass, resulting in less
training time. CoTTA, due to the use of the EMA model
and source anchor model, has increased memory usage and
also requires an additional forward pass for augmented data.
While SAR shows strong robustness in the aforementioned
segmentation tasks, it relies on two backward passes and two
steps of gradient optimization, which greatly increases com-
putation time. Although VPTTA has the fewest parameters,
it requires the Fast Fourier Transform for prompt injection,
leading to the highest computational time and memory us-
age. Our proposed method also has a low parameter count
and, by skipping a large number of samples during the fast
inference phase, achieves an average of only 0.03 backward
passes, making it superior to other methods in terms of train-
ing time and memory usage.

Conclusion
In this paper, we have presented an efficient prompt-based
method, EDCP, for continual test-time adaptation. Specifi-
cally, we introduced a deformable convolution prompt with
a small number of parameters to adapt the model in the input
space. Additionally, we addressed the parameter imbalance
issue between the offset branch and the convolution branch
by decomposing the offset transformation into two parts,
with the second part stored in an offset bank as an implicit
domain indicator, which is then used to accelerate inference.
Moreover, we designed source-target alignment at both the
input and layer levels without unfreezing the BN layers. Fi-
nally, we incorporated fast inference to skip the training of
samples highly similar to those in the offset bank. Extensive
experiments on various medical domain shift benchmarks
demonstrate the superiority of our method.
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