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Abstract

Test-time adaptation (TTA) has emerged as a promising so-
lution to address real world domain shifts in medical image
segmentation. Current approaches adapt by updating or
regularizing a pre-trained source model. However, they face
two major issues: (i) the source models on which they rely
are prone to overfitting under domain shifts; (ii) in dynamic
continual testing scenarios, error accumulation and class
forgetting are further exacerbated. To overcome these limita-
tions, we propose TanGo, a novel framework that combines
Training to adapt with Foundation Guidance and continual
style calibration. During training, TanGo learns generaliza-
tion priors from vision foundation models (VFMs) through
distribution-wise consistency learning. We incorporate sta-
ble low-frequency representations from a frozen encoder
of VFMs as priors to guide the source model, constraining
its output feature distribution to yield a more generalizable
feature space. At test time, we propose an instance-wise
style calibration method that uses a learnable data decora-
tor to shift dynamic test images back toward an enhanced
source-like distribution. Subsequently, a series of constraints
is applied to draw the decorated test samples closer to the
enhanced source distribution while maintaining their seman-
tic integrity, thus boosting the continual adaptability of the
source model. Extensive experiments on multiple medical
image segmentation tasks demonstrate that TanGo achieves
state-of-the-art performance.
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by the Start-up Funds of Hangzhou International Innovation Institute of
Beihang University under Grant No.2024KQ045 and No.2024KQ027.

Figure 1. Our Training-to-Adapt CTTA paradigm. During training,
we learn generalization priors consistency from a frozen founda-
tion model to enhance the source model’s feature robustness. At
test time, a learnable per-sample data decorator, together with
Source-Knowledge Anchored Recalibration, continuously pulls the
evolving test distribution toward the enhanced source feature space,
enabling stable and effective online adaptation.

1. Introduction
Medical image segmentation is a cornerstone of computer-
aided diagnosis, enabling clinicians to localize lesions and
organs with high precision [34, 43, 64]. However, scanner,
protocol, and site heterogeneity induce domain shifts that
degrade the performance of segmentation models trained on
a source domain when they are deployed on unseen target
domains [4, 44, 63]. Domain generalization methods attempt
to address this by learning domain-invariant representations
[62] or by simulating unknown target domains via data [30]
or feature [5, 28] perturbations. Yet, given the limited diver-
sity of available source samples, these approaches struggle to
cover the wide and continuously evolving distribution shifts
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encountered in the real world. To tackle this limitation, Test-
Time Adaptation (TTA) [38, 53] and Continual Test-Time
Adaptation (CTTA) [53, 54] have been proposed. These
methods adapt parts of the source model online at test time
using unlabeled target samples, aiming to counteract real-
world domain drifts. They improve adaptation by designing
better loss functions [36, 50, 54] and introducing regularizers
to prevent excessive parameter updates. For example, Do-
mainAdaptor [59] mixes statistical parameters from source
and target models to mitigate shifts in normalization layers,
and VPTTA [6] aligns BN affine parameters between the
source and target models extracted from augmented samples
to optimize visual prompts and alleviate domain shift.

However, most existing TTA and CTTA methods rest
on two implicit yet impractical assumptions: (i) the source
model possesses strong generalization priors, and (ii) the
target distribution remains relatively stable during testing.
In practice, first, the source model often overfits the lim-
ited labeled source data (see the t-SNE visualization in Fig.
3). This overfitting undermines the effectiveness of reg-
ularization strategies [6, 54, 59] based on source-domain
predictions and can misguide the optimization of the target
model. Secondly, as shown in the first and third rows of
Fig. 4, domain shifts between a single source and multiple
target domains are often substantial and continuously evolv-
ing. Such dynamics further amplify the risks of adaptation
from an initialization of an overfitted source model, leading
to pseudo-label error accumulation and category forgetting,
which ultimately degrades continual adaptation performance.

To address both these limitations, we propose a unified
paradigm named TanGo (Training to adapt with Foundation
Guidance and Continual Style Calibration), as illustrated
in Fig. 1. Specifically, in the training phase, we leverage
the strong image content understanding and stable feature
representation of vision foundation models [13, 26, 45] (e.g.,
SAM [25] and DINOv2 [40]). By introducing distribution-
level consistency learning, we incorporate the stable low-
frequency representations extracted from the frozen encoder
of a foundational model as priors. These priors guide the
source model by constraining its feature distribution at the
output stage, leading to a more robust source-domain fea-
ture space. During testing, we introduced the Instance-Wise
Style Adaptive Calibration method. Firstly, a lightweight
instance-level decorator is adapted to transform each test
image toward an enhanced source-domain space. Then,
we employ the Source Knowledge Anchored Recalibration
(SKAR) strategy, which optimizes adaptation through three
objectives: (1) Source-Anchored Distributional Loss, which
enforces global style consistency between the intermediate
features of the adaptive and enhanced source models, driv-
ing test samples toward the enriched source-domain space;
(2) Source-Anchored Semantic Loss, which constrains the
segmentation outputs of the source and target models to pre-

serve the semantic integrity of augmented samples; and (3)
Entropy Minimization Loss, which stabilizes the optimiza-
tion of learnable batch normalization parameters in the target
model, reduces prediction uncertainty, and accelerates con-
vergence. Thus, our method establishes a unified adaptation
framework that jointly addresses style alignment, semantic
preservation, and uncertainty reduction. As a result, test
samples with diverse styles are dynamically calibrated to-
ward the enhanced source-domain space, enabling the target
model to adapt effectively to continuously changing testing
environments. The contributions are summarized as follows:
• We propose TanGo, a unified framework that bridges train-

ing and testing through collaborative continual test-time
adaptation. It transfers the generalization learned during
training to style calibration at test time, effectively mitigat-
ing domain shifts and enhancing cross-domain robustness.

• During training, we introduce distribution-wise consis-
tency learning, which injects strong generalization priors
from vision foundation models into the source model to
create a more resilient source feature space.

• We develop an instance-wise style adaptive calibration
method that jointly optimizes distributional, semantic, and
uncertainty objectives, ensuring stable adaptation and se-
mantic consistency under continuously testing conditions.

• Extensive experiments on multiple medical image segmen-
tation benchmarks under both CTTA and mixed CTTA
settings demonstrate the superior generalization and con-
tinual adaptation capabilities of TanGo.

2. Related Work

2.1. Generalizable Medical Image Segmentation

Single-source domain generalization for medical image seg-
mentation is challenging, as it must generalize from a single
labeled source to unseen target domains that violate the i.i.d.
assumption [4, 52] under limited supervision. To address
these challenges, CSDG [42] enhances source diversity at
the input level through causal intervention–based image aug-
mentation, while TRID [5] perturbs feature-level statistics to
expand the effective source distribution. CCSDG [18] learns
domain-invariant representations via channel-decoupled con-
trastive learning. With the emergence of large-scale pretrain-
ing vision foundation models (VFMs) [65] such as DINO
[40] and SAM [25], remarkable zero-shot generalization
[29, 33] has been demonstrated. Furthermore, DAPSAM
[56] adapts SAM to medical image segmentation through
prototype-driven prompt generation without manual input.
FADA [3] employs wavelet-based frequency adaptation to
exploit the strong generalization priors of vision foundation
models. However, these fine-tuning-based approaches often
entail substantial computational overhead during inference
and overlook the test-time adaptability of the source-domain
model itself. In contrast, our method learns the founda-
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tional priors consistency between large-scale VFMs with
the lightweight source model (e.g., UNet), enabling it to
dynamically adapt to unseen samples at test time.

2.2. Test-Time Adaptation
Test-time adaptation (TTA) aims to exploit the distributional
cues of unlabeled test samples by updating part of the net-
work to rapidly adapt a pretrained source model [27, 51, 54].
Recent methods achieve this through self-supervised opti-
mization [16, 36, 53], normalization-layer alignment [6, 59],
or adaptive input transformations [22, 58]. Tent [53] fine-
tunes affine parameters of normalization layers via entropy
minimization, while TASD [31] integrates dictionary learn-
ing and test-time regularization to capture domain-invariant
shape priors. CTTA [54] extends TTA to dynamic and contin-
uously changing environments, addressing challenges such
as error accumulation and category forgetting during long-
term inference. Some approaches [37, 54, 57] alleviate these
issues by minimizing entropy losses or by combining data
augmentation with model regularization. DLTTA [57] intro-
duces a dynamic learning-rate strategy that assigns adaptive
update rates to different test distributions, and [59] proposes
adaptive fusion of source and test statistics to generalize
entropy minimization. VPTTA [6] employs prompt learn-
ing to generate persistent low-frequency prompts for each
test sample and refines them through statistical alignment to
mitigate error accumulation. However, these methods rely
on source models with limited out-of-domain generalization,
making robust adaptation challenging. To overcome this, we
embed strong generalization priors into the source model
during training and leverage them as anchors at test time
to jointly regularize the feature and output spaces, thereby
ensuring stable test-time adaptation.

3. Methodology

3.1. Problem Formulation and Method Overview
Let the labeled source dataset be S = {(xs

i ,y
s
i )}

ns
i=1 and the

incoming unlabeled target stream be T = {xt
j}

nt
j=1. Each

input image x ∈ RC×H×W has a corresponding segmen-
tation label y ∈ {1, . . . ,K}H×W , where K denotes the
number of semantic classes. The joint distributions of the
source and target differ, i.e., PS(x,y) ̸= PT (x,y). Let
fS : X → Y denote a segmentation source model trained
on S, where X = RC×H×W and Y = {1, . . . ,K}H×W .
Continual test-time adaptation (CTTA) aims to exploit the
labeled knowledge encoded in fS to generate reliable pre-
dictions for the evolving target stream under domain shift.
In this setting, a target model fT , initialized from fS , is
continuously optimized online and progressively during in-
ference to maintain robustness against dynamically changing
target distributions. To achieve this, as shown in Fig. 2, our
TanGo framework follows a two-stage paradigm. During

training, the proposed Distribution-wise Consistency Learn-
ing distills frequency-domain generalization priors from the
foundation model into the source model to form a unified,
domain-harmonized feature space HU. At test time, the
Instance-wise Style Adaptive Calibration mechanism adap-
tively aligns the distribution Hi

T of incoming target samples
with the source knowledge-anchored space HU, ensuring
efficient continual adaptation during inference.

3.2. Distribution-wise Consistency Learning

In this section, we leverage frequency domain priors as
a bridge to transfer generalization capabilities from foun-
dation to specialist models. Motivated by the fact that
low-frequency components encode domain-specific styles
while high-frequency signals retain anatomical structures
[19, 23], we propose a Distribution-wise Consistency Learn-
ing method. It employs a two-branch design: a fused branch,
formed by injecting low-frequency priors from the founda-
tion model fV into the specialist model fS , guides the orig-
inal source branch via consistency learning. This process
cultivates a stable and broadly generalizable representation
space HU, ensuring robust performance under continuously
shifting test-time domains.

3.2.1. Frequency Aware Foundation Prior Injection
In this section, to adapt the Vision Foundation Model (VFM)
to the medical domain, we first integrate Adapters [56]
for parameter-efficient fine-tuning. It is composed of two
fully-connected layers forming a bottleneck structure with
a GELU activation in between. Details of Adapters are de-
ferred to the Appendix. A. Subsequently, a Frequency Aware
Foundation Prior Injection module (FAFPI) is introduced
to inject generalizable priors from a frozen vision founda-
tion model fV into the specialist model fS . Specifically,
given the i-th intermediate feature map from the founda-
tion encoder FV

i ∈ RCv×Hv×Wv and the corresponding
feature map from the specialist encoder FS

i ∈ RCs×Hs×Ws ,
We introduce the lightweight Feature Refinement Module
Θ (FRM), composed of depthwise separable 3× 3 convolu-
tions, activation, and batch normalization layers, to obtain
the spatially aligned feature F̃V

i = Θ(FV
i ) that matches

FS
i in resolution and facilitates effective component-wise

frequency injection. Secondly, we apply a 2D FFT [9] to
obtain the corresponding frequency representations FS

i and
FS

i . As shown in the following equations, these frequency
representations are decomposed into amplitude components:

[FVA
i ,FSA

i ] = OA([FV
i ,FS

i ]), (1)

where OA represents the frequency decomposition opera-
tion. To separate low- and high-frequency components of
both FVA

i and FSA
i , we introduce a binary mask M ∈

RHs×Ws , as shown in Eq. (2), where the central region is

8547



Figure 2. Overview of our TanGo framework. During training, the proposed Distribution-wise Style Consistency Learning transfers
frequency-domain generalization priors from the foundation model into the source model to form a unified, domain-harmonized feature
space HU. At test time, the Instance-wise Adaptive Calibration mechanism adaptively aligns the distribution Hi

T of incoming target samples
with the source knowledge-anchored space HU, ensuring efficient continual adaptation during inference.

controlled by a hyperparameter r, which is set to 0.4.

M = Π

[
max

(∣∣∣∣u− H

2

∣∣∣∣ , ∣∣∣∣v − W

2

∣∣∣∣) ≤ r ·min(H,W )

2

]
,

(2)
where Π(·) is the indicator function that equals 1 if the
condition is satisfied and 0 otherwise. The low- and high-
pass filtered amplitudes are obtained as

FSA
li = M⊙FSA

i , FVA
li = M⊙FVA

i , (3)

where ⊙ denotes element-wise multiplication. Finally, to
incorporate the foundation prior into the specialist model,
we integrate their low-frequency distributions—denoted as
FSA

li
and FVA

li
. Specifically, we compute the variance as:

Σ2(FSA
li

) = 1
B

∑B
b=1[FSA

li
− E(FSA

li
)]2, which quanti-

fies the amplitude variation of each frequency component
and thereby regulates the injection strength of the founda-
tional low-frequency signal FVA

li
. The injection of the low-

frequency prior is thus formulated as:

F̃SA
li = FSA

li +Σ(FSA
li )⊙FVA

li ⊙R, R ∼ U(0, 1). (4)

Here, R ∈ RC×H×W denotes random noise sampled from a
uniform distribution U(0, 1) to perturb the fused amplitudes,
encouraging fS to focus on the structural cues of phase com-
ponents for robustness. Based on the injection operation in
Eq. (4), an inverse Fourier transform is subsequently applied
to reconstruct the fused feature F̃S

i , which integrates the low-
frequency priors from the foundation model fV , enabling
the source model fS to emulate the latent distribution shifts
encountered during test-time adaptation.

3.2.2. Foundation-informed Consistency Training
After integrating the low-frequency priors from the foun-
dation model, the source model fS produces two predic-
tion branches during training: the original source branch
fS(F

S
i ) and the foundation-informed branch fS(F̃

S
i ). To

enforce consistency between these two branches, we define
the foundation-informed consistency loss as:

LFCL =
1

2N

N∑
i=1

[
KL

(
q̃Si ∥ qSi

)
+KL

(
qSi ∥ q̃Si

)]
, (5)

where q̃Si and qSi denote the softened prediction distributions
of the foundation-informed and original branches, respec-
tively. This bidirectional consistency learning compels the
source model to produce consistent segmentation predic-
tions from fS(F̃

S
i ) and fS(F

S
i ), thereby transferring the

generalizable priors of the foundation model fV into the
source model fS . By aligning the distributional behavior
across both branches, this process strengthens the source
model’s representation space HU and enables it to better ac-
commodate the style variations encountered in continuously
changing test environments.

Training Objective: The overall training objective
integrates the supervised segmentation losses from both
branches together with the proposed consistency regular-
ization. The segmentation loss Lseg for each branch com-
prises a combination of Dice loss and Cross-Entropy loss.
Accordingly, the total training loss is formulated as:

Ltotal = Lseg

(
q̃Si , y

)
+ Lseg

(
qSi , y

)
+ λ1 LFCL, (6)
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where the coefficients λ1 is empirically set to 0.5. This
joint optimization enables the source model fS to absorb
the generalizable priors from the foundation model while
maintaining strong discriminative segmentation ability.

3.3. Instance-wise Style Adaptive Calibration
3.3.1. Learnable Instance Aware Decorator
To enhance the model’s continual adaptability in test time,
we introduce a Learnable Instance Aware Decorator (LID),
denoted as fD(·;ϕ). Unlike conventional visual prompt
learning methods [15, 22] that adopt a fixed prompt shared
across all test samples and thus overlook intra-domain vari-
ability, LID dynamically generates an instance-specific dec-
oration for each incoming test image xt

i as shown in Fig.
4, adapting its style distribution HT

i to better align with
the feature distribution HU learned by the source model fS .
Concretely, for a forthcoming test sample xt

i, the decorator
outputs an augmented counterpart as follows:

x̃t
i = xt

i + fd(x
t
i;ϕ), (7)

where ϕ are the lightweight decorator parameters. Specifi-
cally, LID is designed as a lightweight, learnable network
composed of an input convolutional layer, a sequence of en-
hancement blocks, and an output convolutional layer. Each
enhancement block consists of compact convolutional opera-
tions interleaved with nonlinear activations, while residual
connections are introduced between blocks to preserve se-
mantic integrity throughout the enhancement process.

3.3.2. Source Knowledge Anchored Recalibration
Despite the flexibility of the LID module, without proper
constraints, the LID module could generate fictitious test
samples deviating from the source feature manifold HS .
To mitigate this, we propose Source Knowledge Anchored
Recalibration (SKAR) method, which anchors the adapted
test samples to the source space through two complemen-
tary objectives: a Source-Anchored Distributional Loss Lsad

that enforces global distribution alignment and a Source-
Anchored Semantic Loss Lsas that preserves semantic con-
sistency. They serve two main purposes: (1) Lsad aligns the
features of LID-transformed test samples x̃t

i with their origi-
nal counterparts at all encoder layers of fT and fS , reducing
the distribution gap between source and target domains; (2)
Lsas enforces the global semantic consistency in segmenta-
tion outputs before and after transformation, ensuring that
the LID module generates semantically reliable test samples.

During adaptation, we first update the target model fT
using a self-supervised entropy loss Lent applied to the pre-
diction P̃T

i of LID-transformed test samples x̃t
i as:

Lent(θ; x̃
t
i)) = −P̃T

i log P̃T
i , P̃T

i = Sigmoid(fT (x̃t
i))

(8)
Here, θ denotes all learnable parameters in fT , including
the LID parameters as well as the transformation parameters

γ and β of the batch normalization layers. Secondly, the
Gram matrix, widely adopted in style transfer [17] for captur-
ing channel-wise correlations that characterize feature style,
motivates us to align the intermediate Gram representations
between the adapted and source domains through the style
alignment loss Lsas. Specifically, let FT

ij ∈ RC×HW and
FS

ij ∈ RC×HW denote the feature maps of the j-th block
from fT (x̃

t
i) and fS(x

t
i) for the i-th sample (with the index

i omitted in later formulas for brevity). We first obtain their
Gram matrices of as follows:

GT
j = FT

j F
T⊤
j , GS

j = FS
j F

S⊤
j (9)

where the GT
j ,GS

j ∈ RC×C . We then apply row-wise L2

normalization to focus on relational structures:

G̃T
j =

GT [i,:]
j

∥GT [i,:]
j ∥2

, G̃S
j =

GS[i,:]
j

∥GS[i,:]
j ∥2

(10)

Subsequently, the distributional loss Lsad is formulated as
the mean squared error between the normalized Gram matri-
ces of the features of the target and source model:

Lsad =
1

C

∥∥∥G̃T
j − G̃S

j

∥∥∥2
2
, (11)

where C represents the channels of feature maps. Addi-
tionally, our source anchored semantic loss Lsas aligns the
output logits of fT and fS using the mean squared error as:

Lsas =
1

B

B∑
i=1

∥∥fT (x̃t
i)− fS(x

t
i)
∥∥2
2
, (12)

where B is the batch size. This objective in Eq. (12) ensures
the semantic consistency between the adapted and original
samples at the prediction level. Therefore, the overall test-
time objective of Tango framework is formulated as:

LSKAR = λ2 · Lsad + λ3 · Lsas + Lent (13)

Empirically, we set the coefficients as λ2 = 0.5, and λ3 =
0.6 based on experimental validation in Appendix. C.4.

4. Experiments
4.1. Datasets and Evaluation Metrics
We evaluate TanGo on multiple medical segmentation bench-
marks under TTA, CTTA, and mixed-CTTA settings to val-
idate its effectiveness. The fundus (OD/OC) segmenta-
tion task: The first benchmark is constructed from five
public datasets collected from different medical centers, de-
noted as domain A (RIM-ONE-r3 [14]), B (REFUGE [41]),
C (ORIGA [60]), D (REFUGE-Validation/Test [41]), and
E (Drishti-GS [49]), containing 159, 400, 650, 800, and
101 images, respectively. Following [30], we cropped a re-
gion of interest (ROI) of size 800 × 800 centered on the
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Table 1. Comparison with ‘No Adapt’ and nine competing methods under the CTTA setting on the OD/OC segmentation task. Top three
results are hightlighted as best , second and third , respectively.

Methods Domain A Domain B Domain C Domain D Domain E Average ↑
DSC DSC DSC DSC DSC DSC

No Adapt [ResUNet-34] 64.53 76.06 71.18 52.67 64.87 65.86
TENT [53] (ICLR 2021) 73.07 78.66 71.94 46.81 70.20 68.13

CoTTA [54] (CVPR 2022) 75.39 75.98 69.14 53.99 70.40 68.98
DLTTA [57] (TMI 2022) 75.11 78.85 73.89 51.64 69.71 69.84
DUA [35] (CVPR 2022) 72.28 76.59 70.13 56.17 71.38 69.31
SAR [39] (ICLR 2023) 74.55 77.71 70.78 55.40 71.72 70.03

DomainAdaptor [59] (CVPR 2023) 74.50 76.39 71.81 56.78 70.55 70.01
VPTTA [6] (CVPR 2024) 73.91 79.36 74.51 56.51 75.35 71.93
CertainTTA [10] (IF 2025) 74.06 79.63 73.78 56.47 75.28 71.84

GraTa [7] (AAAI 2025) 76.58 78.72 76.27 67.15 72.88 74.32
TanGo (Ours) 87.76 85.96 84.49 84.41 83.52 85.23

Table 2. Comparison with ‘No Adapt’ and eight competing methods under the CTTA setting on the polyp segmentation task. Top three
results are hightlighted as best , second and third , respectively.

Methods Domain A Domain B Domain C Domain D Average ↑
DSC Emax

ϕ Sα DSC Emax
ϕ Sα DSC Emax

ϕ Sα DSC Emax
ϕ Sα DSC Emax

ϕ Sα

No Adapt (PraNet) 79.90 87.97 84.66 66.33 78.51 76.72 73.89 84.64 81.28 82.95 90.84 88.08 75.77 85.49 82.69
TENT [53] (ICLR 2021) 74.86 84.58 80.52 67.51 78.66 78.05 17.79 40.04 53.30 73.55 83.38 82.41 58.43 71.67 73.57

CoTTA [54] (CVPR 2022) 76.46 85.37 82.56 66.77 76.75 79.17 71.39 83.42 80.18 70.71 79.81 82.54 71.33 81.34 81.11
DLTTA [57] (TMI 2022) 76.27 85.23 82.41 66.58 77.00 79.24 63.72 78.23 75.56 71.20 81.32 83.47 69.44 80.45 80.17
DUA [35] (CVPR 2022) 78.93 87.37 83.96 66.84 78.52 77.51 76.53 86.45 83.05 86.24 93.23 89.82 77.13 86.39 83.58
SAR [39] (ICLR 2023) 76.48 85.89 81.49 66.45 77.35 78.05 71.46 83.23 79.40 70.41 80.11 81.07 71.20 81.65 80.00

DomainAdaptor [59] (CVPR 2023) 77.48 86.31 82.40 70.82 81.76 80.88 71.96 83.06 79.97 76.89 85.89 84.45 74.29 84.26 81.93
VPTTA [6] (CVPR 2024) 81.00 88.91 84.91 76.87 87.31 84.08 77.58 87.48 83.64 86.39 93.47 89.87 80.46 89.29 85.62
CertainTTA [10] (IF 2025) 81.55 88.97 84.96 75.73 86.86 83.46 73.94 86.76 82.92 87.11 93.88 90.27 79.58 89.12 85.40

TanGo (Ours) 83.95 91.33 86.55 82.44 91.45 86.42 81.11 89.81 85.76 87.29 94.80 89.97 83.70 91.85 87.14

optic disk in each image, which was subsequently resized
to 256× 256 to reduce computational overhead. All images
were normalized using min–max scaling. The Dice similar-
ity coefficient (DSC) is employed as the evaluation metric
for this task. The polyp segmentation task: The second
benchmark consists of four widely used datasets, denoted
as domain A (BKAI-IGH-NeoPolyp [2]), B (CVCClinicDB
[1]), C (ETIS-LaribPolypDB [47]), and D (Kvasir-Seg [12]),
comprising 1000, 612, 196, and 1000 images, respectively.
Following the preprocessing in [12], each image was resized
to 352 × 352 and normalized with the mean and variance
computed from ImageNet. For evaluation, we adopt three
complementary metrics: DSC, the enhanced-alignment mea-
sure (Emax

ϕ ) [11], and the structure-aware similarity measure
(Sα) [8]. Implementation Details: For all experiments, we
train the source model fS on a single source domain and
directly evaluate it on the remaining target domains. Follow-
ing VPTTA [6], fS is implemented as a ResUNet-34 for the
OC/OD segmentation task and as a PraNet with Res2Net
backbone for the polyp segmentation task. During training,
the ViT-B SAM encoder is used as the foundation model
fV and fine-tuned with adapters [56]. For comprehensive
implementation details, please refer to Appendix. B.

4.2. Experiment Results
We compare TanGo with the ‘No Adapt’ (training only and
testing without adaptation) baseline and nine representative
methods under TTA and CTTA settings, including entropy-

based approaches (TENT-Continual [53], SAR [39]), pseudo-
labeling and uncertainty-driven methods (CoTTA [54], Cer-
tainTTA [10]), BN-statistics simulation methods (DUA
[35], DomainAdaptor [59]), a dynamic learning rate strat-
egy (DLTTA [57]), a visual prompt learning based method
(VPTTA [6]), a single-domain generalization method (MG-
MDG [32]), and a gradient-alignment method (GraTa [7]),
which aligns pseudo and auxiliary gradients with a dynamic
learning rate. All methods are re-implemented with the same
backbone as VPTTA for a fair and consistent comparison.
Quantitative segmentation results under the CTTA setting
for the fundus and polyp tasks are reported in Tab. 1 and Tab.
2. For each experiment, we treat one domain as the source
and evaluate the pretrained model on the remaining target
domains. All TTA-based methods outperform the ‘No Adapt’
baseline across domains, and our method, TanGo, attains the
highest average performance in every domain. In particu-
lar, TanGo exceeds the second-best method by 10.91% and
improves over no-adapt by 19.37% in the fundus task. A
consistent trend is observed in the polyp task: TanGo outper-
forms the second-best VPTTA and the ‘No Adapt’ baseline
by 3.24% and 7.93%, respectively. These gains stem from
TanGo’s combination of distribution-level consistency learn-
ing during training and instance-level distribution correction
at test time, which together yield more stable adaptation
under continuously evolving test distributions. We provide
qualitative segmentation comparisons in Fig. 6 of the Ap-
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Table 3. Comparison with ‘No Adapt’ and nine competing TTA methods on the polyp segmentation task, reporting only DSC (%). Top three
results are hightlighted as best , second and third , respectively.

Methods A→B A→D B→A B→D C→A C→B C→D D→A D→B A→rest B→rest D→rest Average ↑
No Adapt 66.49 70.84 76.21 70.03 72.87 69.13 70.44 79.78 72.74 67.70 62.80 74.19 72.86

TENT [53] (ICLR 2021) 68.13 66.11 69.20 74.06 73.21 65.04 72.35 77.88 70.01 66.92 59.87 73.12 68.28
DLTTA [57] (TMI 2022) 72.23 74.56 64.87 78.47 71.22 64.78 71.00 79.89 79.10 68.59 61.12 73.22 71.87
DUA [35] (CVPR 2022) 72.17 72.53 74.93 78.82 75.14 70.33 75.67 80.26 76.81 70.32 67.89 78.59 75.73
SAR [39] (ICLR 2023) 70.34 79.45 74.98 80.21 76.82 71.27 77.40 82.65 78.55 77.69 71.87 80.78 77.64

DIGA [55] (CVPR 2023) 76.18 76.25 78.25 79.60 78.05 72.33 78.14 83.47 79.26 76.58 71.86 81.12 77.69
DomainAdaptor [59] (CVPR 2023) 78.39 79.45 74.98 80.21 76.02 73.40 81.33 86.10 80.56 76.92 71.12 77.26 77.96

VPTTA [6] (CVPR 2024) 78.18 82.73 73.64 82.86 77.90 70.64 77.22 87.19 84.97 80.98 78.84 82.32 79.84
CertainTTA [10] (IF 2025) 79.10 83.26 78.15 81.36 78.10 72.33 78.52 88.15 81.27 78.32 78.76 82.78 80.00

MGMDG [32] (CVPR 2025) 80.47 83.18 78.33 83.58 78.86 76.49 80.20 89.17 81.68 82.98 79.36 83.51 81.48
TanGo (Ours) 83.01 86.89 81.06 85.95 80.24 80.56 83.65 89.88 87.80 86.80 80.22 87.44 84.46

Table 4. Ablation study of DSCL in the polyp tasks. The best
results in each column are highlighted in bold.

Methods Domain A Domain B Domain C Domain D Average ↑
Dice Score Metric (DSC)

No Adapt 79.90 66.33 73.89 82.95 75.77
w/ FAFPI 80.53 74.68 74.73 83.42 78.34
w/ FCL 81.89 78.89 76.88 85.98 80.91
Ours 83.95 82.44 81.11 87.29 83.70

pendix. Visualizations of both datasets show that TanGo
produces clearer and more accurate organ boundaries than
competing methods, further corroborating its effectiveness.

Quantitative results of static TTA on the polyp segmenta-
tion task are summarized in Tab. 3. Our approach achieves
the highest average DSC among nine competitors, surpassing
the second-best by 2.98%, demonstrating its strong segmen-
tation capability even under static adaptation. Furthermore,
we conduct three extended static TTA evaluations—A→rest,
B→rest, and D→rest (last three columns)—to assess long-
term adaptation performance. The results show that our
method consistently maintains superior accuracy and robust-
ness, achieving a clear margin over the second-best method.
This indicates that our approach benefits particularly from
sufficient test samples, showcasing its stable and effective
adaptation behavior in realistic TTA scenarios. See Ap-
pendix C.2 for additional experiments of mixing distribution
shifts in the CTTA setting.

4.3. Ablation Analysis of Our Method

Effectiveness of the DSCL module. In this section, we
conduct ablation studies to evaluate the effectiveness of the
proposed Distribution-wise Consistency Learning (DSCL)
during training. As shown in Tab. 4, three configurations
are compared: (1) With our FAFPI (denoted as w/FAFPI),
(2) with FAFPI and FCL during training (denoted as w/
FCL); (3) with DSCL during training and Instance-Wise
Style Adaptive Calibration during test time (denoted as
Ours). As summarized in Tab. 4, the progressive perfor-
mance gains from (1) to (2) indicate that the generalization
priors from the foundation model are effectively transferred

Figure 3. The t-SNE visualization uses colors to distinguish categories
in the first column and domains in the second, with the orange and blue
dashed lines marking the distribution contours of the two categories; our
method (second row) demonstrates superior discriminative ability and more
uniform distribution coherence.

to the source model, leading to consistent improvements in
segmentation performance. The further average gain of 2.79
DSC in (3) demonstrates the complementary effect between
the enhanced source model from training and the test-time
calibration module, which jointly strengthen the model’s
adaptability to unseen domains. This integrated paradigm
of training-time transfer and test time adaptation effectively
enhances the model’s adaptability during test time.

Visualization analysis of DSCL. As illustrated by the
t-SNE results in Fig. 3, the source model enhanced by the
foundation prior exhibits a more compact and discriminative
feature distribution compared with the baseline. The inter-
domain gaps are significantly reduced, providing a more
uniform and generalizable representation space that facili-
tates stable test-time adaptation to unseen domains.

Comparison DSCL to distillation methods. We compare
Distribution-wise Consistency Learning (DSCL) against sev-
eral feature distillation methods CWD [46], AttnKD [24]
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Table 5. Comparison of Different Distillation Methods in polyp
segmentation tasks. The best results are highlighted in bold.

No Adapt SpaKD CWD AttnKD Ours
polyp ↑ 75.77 76.73 78.69 79.02 80.91

fundus ↑ 68.92 72.62 77.56 81.32 83.05

Table 6. Ablation Study of Different Constraints in Instance-wise
Style Adaptive Calibration on the polyp tasks.

Components Domain A Domain B Domain C Domain D
AverageLsas Lsad Lent DSC DSC DSC DSC

79.90 66.33 73.89 82.95 75.77
✓ 79.87 73.78 74.49 84.87 78.25

✓ ✓ 81.26 79.76 76.21 86.34 80.89
✓ ✓ 83.04 81.32 80.45 86.51 82.83
✓ ✓ ✓ 83.95 82.44 81.11 87.29 83.70

and SpaKD [21]. As shown in Tab. 5, while all distilla-
tion variants enhance the source model’s generalization by
leveraging the strong priors of the foundation model, DSCL
achieves the best performance. This superiority stems from
its fundamental design: DSCL operates at a global distribu-
tion level to integrate the foundation model’s generalization
prior, learning to form a more robust and transferable feature
space. In contrast, methods like channel or attention distilla-
tion only perform local-level imitation of specific features or
spatial maps, which offers a weaker form of guidance.

Effectiveness of ISAC. We conduct ablation studies on
the effectiveness of the Instance-wise Style Adaptive Calibra-
tion (ISAC) in Tab. 6, focusing on the key components: the
Source-Anchored Distributional Loss ( Lsad), the Source-
Anchored Semantic Loss (Lsas), and the entropy loss Lent.
The results in Tab. 6 reveal three important observations:
(1) Lsas effectively constrains the Learnable Instance Aware
Decorator module (LID) to align the distribution of test sam-
ples toward the enhanced source space, thereby narrowing
the domain gap and improving performance. (2) By enforc-
ing semantic consistency between the outputs for each test
sample before and after LID augmentation, Lsad enhances
model robustness and performance in dynamic test environ-
ments. (3) The best results are achieved when Lsas, Lsad,
and Lent work jointly, enforcing consistency in both the
feature distribution and semantic outputs.

Visualization analysis of ISAC. As illustrated in Fig. 4,
under the dual constraints of the Source Knowledge An-
chored Recalibration method, the pseudo test samples gen-
erated by the Learnable Instance aware Decorator (LID)
exhibit source-like styles that are clearly separated from
the original test domain, demonstrating the effectiveness of
Lsas and Lsad. Similarly, the t-SNE visualization in Fig. 7
(supported by additional results in Appendix. C.3) shows
that ISAC achieves a more uniform feature distribution, ef-
fectively mitigates domain shifts and error accumulations
during continual test-time adaptation.

Ablation study on hyperparameter r. Our analysis of hy-

Figure 4. The visualization of (a) unseen multi-target domains, (b) LID
generated images, and (c) the single source domain demonstrates that our
method effectively transforms stylistically diverse test samples into source-
like distributions while preserving their semantic integrity.

Figure 5. Performance of VPTTA with different values of r across
the four polyp segmentation domains.

perparameter r in Eq. (2) in the polyp tasks (Fig. 5) reveals
that a value of 0.4 yields the best performance. This value
strikes a balance: lower values (e.g., 0) lead to insufficient
VFM guidance, while higher ones degrade generalization by
distorting high-frequency features from the source model.

5. Conclusion
We propose TanGo, a continual test time adaptation frame-
work that unifies distribution-level consistency learning at
training time with instance-wise style adaptive calibration at
test time. During training, TanGo builds a stable and more
generalizable source feature space by injecting robust low-
frequency priors from vision foundation models, thereby
mitigating source overfitting. At test time, our instance-
wise style calibration adaptively transforms each test sample
toward this enhanced source space under a set of source-
anchored recalibration constraints, which suppress error ac-
cumulation and reduce catastrophic forgetting during contin-
ual adaptation. Extensive experiments on multiple medical
image segmentation benchmarks show that TanGo consis-
tently outperforms state-of-the-art baselines. We hope that
our work offers a fresh and different perspective for advanc-
ing continual domain adaptation in medical imaging.
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