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Abstract

Medical image distributions continuously shift across cen-
ters, scanners, and acquisition protocols, undermining the
reliable deployment of pre-trained segmentation models in
clinical practice. Continual test-time adaptation (CTTA)
updates models online using unlabeled test streams, but
noisy supervision repeatedly overwrites pre-trained knowl-
edge, causing error accumulation and degrading reliability,
while repeated sample-specific updates induce catastrophic
forgetting and undermine long-term stability. We observe
that many parameters in a pre-trained model have near-zero
magnitude and negligible influence: zeroing these inactive
parameters barely changes performance, whereas tuning
only them yields consistent gains. Based on this insight,
we propose Sparsely-Activated Continual Test-Time Adap-
tation (TACT), a two-stage framework that updates only in-
active parameters at test time. Stage 1 (Sparse Domain
Alignment) builds shift-robust representations via style and
structure perturbations with prediction- and feature-level
consistency. Stage 2 (Progressive Sample Refinement) per-
forms per-sample refinement with a hard-pixel contrastive
loss, temporarily updating only parameters that remain in-
active and resetting these changes after inference to avoid
sample-specific interference. On multi-center medical im-
age segmentation benchmarks, TACT achieves state-of-the-
art adaptability and long-term stability under continual do-
main shifts. Code is available at https://github.
com/M4cheal/TACT.

1. Introduction
Semantic segmentation is fundamental to computer-aided
diagnosis, enabling automated delineation of anatomical
structures in medical images [1, 2, 46, 60]. However, dis-
tribution shift is widespread in clinical practice, as data are
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routinely collected from new scanners, protocols, or patient
cohorts not seen during training. This shift severely limits
the reliability of pre-trained segmentation models in real-
world deployment [13, 45]. Domain adaptation (DA) aims
to bridge this gap, but it relies on both labeled source data
and large, representative target datasets for offline retrain-
ing [3, 7, 8, 14, 58, 59], conditions rarely met in practice due
to privacy and data scarcity [33, 61]. Test-time adaptation
(TTA) offers a more practical solution, adapting models on-
line using only unlabeled test data [19, 39, 43, 55, 62, 63].
Nevertheless, most TTA methods assume a stationary tar-
get distribution, which seldom holds in dynamic clinical
environments [9]. Continual test-time adaptation (CTTA)
extends TTA by allowing models to adapt to continu-
ally changing, unlabeled target domains, closely reflect-
ing real-world clinical deployment [9, 36, 56, 57]. How-
ever, CTTA remains challenging due to error accumula-
tion [6, 26], where noisy pseudo-labels cause model degra-
dation, and catastrophic forgetting, where sample-specific
updates erase previously acquired knowledge [21, 40].

CTTA methods are typically grouped into three families:
full parameter adaptation [34, 56], additive parameter adap-
tation [9, 30], and layer selection adaptation [36, 41, 55].
As illustrated in Fig. 1(a–c), under noisy supervision and
continual shifts, the trainable parts in these CTTA schemes
are repeatedly overwritten, eroding pre-trained knowledge
and manifesting as the above error accumulation and catas-
trophic forgetting. Although additive methods freeze the
backbone, the added parameters typically require source-
based initialization, which is infeasible in clinical settings
due to data privacy [34], and the attached modules are over-
written by noisy supervision over time. These limitations
motivate a key question: How can we achieve reliable and
stable adaptation to continual distribution shifts while min-
imizing interference with pre-trained knowledge?

Motivated by advances in network pruning, we revisit
the source model and observe that many parameters have
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Figure 1. Comparison of mainstream CTTA strategies. (a) Full parameter adaptation updates all weights and is prone to error accumulation
and catastrophic forgetting under noisy supervision. (b) Additive parameter adaptation (adapters/prompts atop a frozen backbone) may
mitigate forgetting but is capacity-limited and sensitive to initialization, drifting over long streams. (c) Layer selection adaptation (e.g.,
BN/LN-only or dynamically selected layers) narrows the update scope yet still overwrites the trainable parts over time. (d) Our TACT
confines updates to a sparse subspace of inactive parameters (|θ0| < τ ), preserving pre-trained knowledge while enabling robust continual
adaptation. (e) Inactive-parameter analysis across thresholds τ : zeroing parameters with |θ0| < τ causes minimal change (∆DSC < 1%),
whereas supervised fine-tuning of only these parameters for one epoch on a new domain yields a substantial gain (∆DSC > 8%).

near-zero magnitude (|θ0| < τ ) and negligible influence on
predictions. We refer to these as inactive parameters and
view them as a natural, low-interference subspace for adap-
tation. Empirically, across thresholds τ , zeroing these pa-
rameters has little effect on performance, while selectively
fine-tuning them yields measurable gains (see Fig. 1(e)).
This observation motivates TACT’s design, which confines
updates to this sparse subset (see Fig. 1(d)), enabling robust
adaptation with minimal disruption to pre-trained knowl-
edge. In contrast to layer selection adaptation, we update
at the parameter level and enforce sparsity within layers to
reduce interference with pre-trained knowledge.

Based on this insight, we propose Sparsely-Activated
Continual Test-Time Adaptation (TACT), a two-stage
framework for robust continual adaptation that preserves
pre-trained knowledge. TACT confines all parameter up-
dates to a sparse subspace of inactive parameters, mini-
mizing interference with source-domain representations. In
Stage 1 (Sparse Domain Alignment), the model applies
style perturbation (FFT-based amplitude swap) and struc-
ture perturbation (entropy-based masking) to the inputs, and
enforces prediction- and feature-level consistency to im-
prove robustness to distribution shifts. However, domain
shifts often introduce sample-specific ambiguities that con-
sistency regularization alone cannot resolve. In Stage 2
(Progressive Sample Refinement), we apply a hard pixel
contrastive loss and further refine the model for each target
sample while temporarily updating only the parameters that
remain inactive after Stage 1. After each inference, these
per-sample updates are reset to preserve long-term knowl-
edge and prevent sample-specific interference.

Our main contributions are as follows: 1) We identify the

inactive-parameter sparse subspace as a low-interference
and principled locus for robust continual test-time adapta-
tion. 2) We propose TACT, a progressive two-stage CTTA
confined to the inactive-parameter subspace: Stage 1 stabi-
lizes via input style and structure perturbation consistency,
and Stage 2 performs per-sample refinement with hard-pixel
contrastive learning and a reset after each inference. 3)
TACT achieves state-of-the-art performance and long-term
stability on multi-center medical segmentation benchmarks.

2. Related Work
2.1. Test-Time Adaptation (TTA)
Test-time adaptation (TTA) enables pre-trained models to
adapt to unlabeled target domains during inference, without
requiring source data [39, 40, 49, 53, 55, 62, 63]. Meth-
ods such as TENT [55] minimize prediction entropy, while
DUA [37] and TTN [28] adapt batch normalization statis-
tics. Although effective for isolated shifts, these approaches
assume a stationary target distribution, which rarely holds in
clinical applications with evolving domains.

Continual test-time adaptation (CTTA) generalizes TTA
to non-stationary target streams [56], closely resembling
real-world deployment. CTTA methods are grouped into
three families according to which parameters are updated at
test time. Full parameter adaptation updates all weights at
test time [11, 34, 56]. CoTTA [56] uses an EMA teacher
with augmentation-averaged pseudo labels and stochastic
weight restoration. SURGEON [34] enforces dynamic ac-
tivation sparsity to enable full parameter updates under
tight memory budgets. These methods are highly plastic
but vulnerable to noisy supervision and may accumulate
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errors and forget. Additive parameter adaptation freezes
the source backbone and attaches small trainable mod-
ules [9, 22, 30, 51]. VPTTA [9] uses visual prompts
for 2D medical segmentation. ViDA [30] uses domain
adapters with homeostatic fusion of low-rank and high-rank
branches. Prompts have limited capacity, adapters often
need source-based initialization, and attached modules are
overwritten by noisy test-time supervision, causing forget-
ting and bias. Layer selection adaptation restricts updates
to a subset of internal layers [36, 41, 44, 55]. SAR [41]
updates only normalization layers and performs sharpness-
aware reliable entropy minimization. PALM [36] dynam-
ically selects layers by prediction uncertainty and adjusts
learning rates by shift sensitivity. These methods reduce in-
terference but the updated parts are still repeatedly overwrit-
ten during continual adaptation. In contrast, TACT confines
updates to a sparse subspace of inactive parameters, pre-
serving pre-trained knowledge while enabling robust con-
tinual adaptation.

2.2. Parameter-Efficient Fine-Tuning (PEFT)

Parameter-efficient fine-tuning (PEFT) reduces computa-
tion and memory by updating only a subset of model pa-
rameters [32, 47]. PEFT strategies include additive [23, 52],
selective [18, 25], reparameterization [17, 32], and hybrid
approaches [15]. Selective fine-tuning updates parameters
based on specific criteria, such as magnitude, as in PaFi [27]
and SaRA [18], or Fisher information, as in FishMask [54]
and Fish-Dip [10]. However, most PEFT methods are de-
signed for static or supervised settings, and do not address
the online, unsupervised, and non-stationary requirements
of CTTA. In this work, we leverage the inactive-parameter
subspace for continual test-time adaptation and introduce a
progressive, resettable two-stage mechanism, providing ro-
bust adaptation in challenging clinical environments.

3. Method

3.1. Problem Definition and Method Overview

Continual Test-Time Adaptation (CTTA) aims to deploy a
source model fθ0 , trained on labeled data DS = {XS , YS},
in a sequence of unlabeled and non-stationary target do-
mains {DT1

,DT2
, . . .}. In this setting, source data are

not available and each target sample is encountered only
once. The objective is to continually adapt the model to
non-stationary target distributions while maintaining reli-
able performance. We propose TACT, a two-stage CTTA
framework that confines adaptation to a sparse subspace
of inactive parameters in the pre-trained model, thus min-
imizing interference with source-domain knowledge. An
overview of TACT is illustrated in Fig. 2.

3.2. Inactive Parameter Selection
TACT restricts adaptation to a sparse subspace of inactive
parameters, defined as those with small magnitudes and
minimal contribution to source-domain predictions. We for-
mally define the sparse inactive-parameter mask as

M = I
(
|θ0| < τ

)
, (1)

where τ is the sparse threshold. During adaptation, only
entries selected byM are updated:

θ ← θ − η (∇θL)⊙M, (2)

where ⊙ denotes element-wise multiplication. This selec-
tive update strategy enables continual adaptation while min-
imizing interference with source-domain knowledge.

3.3. Stage 1: Sparse Domain Alignment
Stage 1 aims to improve robustness to distribution shifts
by applying style and structure perturbations and enforcing
prediction- and feature-level consistency.

Style Perturbation. We introduce style variation in the
frequency domain to encourage robustness to style shifts.
For each input x, we perform a Fast Fourier Transform
(FFT) to obtain its amplitude FA(x) and phase FP (x). A
central low-frequency patch FA

R(x) is extracted, where the
patch height and width are α times those of the input. We
maintain a style memory bank Bstyle (size Nstyle) updated
in First In First Out (FIFO). For each x, we retrieve the
nearest neighbor q∗ of FA

R(x) in Bstyle by cosine similar-
ity, replace the patch, and update the bank accordingly. We
choose the nearest to keep the perturbation small and realis-
tic, and to stabilize consistency training (see Sec. 4.4). The
perturbed image is then reconstructed by inverse FFT:

x̃ = F−1
(
FA(x)

∣∣
R←q∗

, FP (x)
)
. (3)

where F−1 denotes the inverse FFT. This induces plausible
style changes while preserving spatial structure, improving
robustness to distribution shifts.

Structure Perturbation. To improve robustness to do-
main shifts, we mask high-uncertainty regions in the input,
prompting the model to reconstruct ambiguous areas using
contextual cues. For each x, we compute a normalized en-
tropy map Eθ0(x) from the source model. Pixels above the
90th percentile are treated as high-uncertainty. Denoting the
number of high-uncertainty pixels as nhigh, we randomly
select N = max(1, ⌊0.1nhigh⌋) centers, each masked by a
k×k patch, where k = max(1, ⌊√nhigh⌋). This choice in-
creases the masking strength with the amount of uncertainty
through N , and sets the patch side length proportional to√
nhigh so that the mask size adapts to the spatial extent of

the uncertain area. We apply these k×k masks to the style-
perturbed x̃ to obtain x̃mask, which encourages the model
to infer uncertain regions from reliable context.
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Figure 2. Overview of TACT. For each test image xt
i , adaptation is restricted to the inactive parameters M = |θ0| < τ . Stage 1

(Sparse Domain Alignment) applies style perturbation (FFT-based amplitude swap) and structure perturbation (entropy-based masking),
and enforces consistency losses Lpred

con and Lfeat
con , updating parameters with ∇LStage1. Stage 2 (Progressive Sample Refinement) selects

hard pixels from the entropy map and applies a pixel-wise contrastive loss Lc and prediction consistency Lent; parameters in M′ = |θi| <
τ are updated by minimizing LStage2, and all sample-specific updates θ′i are reset to θi after inference.

Consistency Regularization. To stabilize adaptation
under perturbations, TACT enforces consistency at both the
prediction and feature levels. For each target input, pseudo-
labels ŷ are generated by combining high-confidence pre-
dictions and high-entropy regions:

ŷ = I(p ≥ τp) ∨ I(Eθ0(x) ≥ τe), (4)

where p = fθ0(x) denotes the source model’s sigmoid prob-
abilities on the unperturbed input, and τp and τe are thresh-
olds. Consistency is enforced with two losses:

Lpred
con = Lseg(p̃, ŷ)

Lfeat
con =

∥∥ |F(ϕ̃)| − |F(ϕ)|∥∥
1

(5)

where p̃ and ϕ̃ are the prediction and feature map from the
perturbed input x̃mask using fθi−1

, ϕ is the feature map
from the original input x using fθ0 , and F denotes the FFT.
Throughout, ϕ denotes the final decoder feature map before
the prediction head. The total loss for Stage 1 is:

LStage1 = Lpred
con + λLfeat

con , (6)

where λ is a weighting coefficient.

3.4. Stage 2: Progressive Sample Refinement

Stage 1 improves robustness but may miss sample-specific
details crucial for target performance. To address this, we
introduce progressive sample refinement, which adapts the
model to each target input while preserving accumulated
knowledge. After Stage 1 we obtain parameters θi. For
each target sample x, we compute a temporary sparse mask
M′ = I(|θi| < τ) and update only the entries selected by
M′. This produces sample-adapted parameters θ′i. After
inference, we evaluate fθ′

i
(x) and then reset θ′i ← θi, which

preserves accumulated knowledge and yields fine-grained
refinement without sacrificing long-term stability.

3.4.1. Hard-Pixel Contrastive Loss.

To effectively capture sample-specific ambiguities in the
target domain, we introduce a hard-pixel contrastive loss
that explicitly drives the model to focus on the most un-
certain and informative pixels. Specifically, we define hard
pixels as those with high entropy and disagreement between
the predicted mask ȳ = I(p̄ ≥ τp) (with p̄ = fθi(x)) and a
low-entropy pseudo label y̆ = I(p̄ ≥ τp) ∧ I(Eθi(x) < τe),
where ∧ denotes element-wise AND. For each class k, we
identify hard pixels with ȳ

(k)
i = 1 and y̆

(k)
i = 0, and select
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Algorithm 1 TACT Algorithm
Require: Frozen source model θ0, inactive maskM, sparse
threshold τ , memory bank Bstyle, memory bank Bpixel
Input: For each time step i, current target model θi−1, cur-
rent test image xt

i

Output: Adapted prediction Oi

▷ Stage 1 - Sparse Domain Alignment:
1: Obtain x̃t

i using Bstyle by Eq. (3)
2: Obtain x̃t

i,mask using Eθ0(x
t
i) by masking x̃t

i

3: Forward fθi−1
(x̃t

i,mask) and fθ0(x
t
i), compute LStage1

by Eq. (6), and obtain θi by updating θi−1 under M
using Eq. (2)
▷ Stage 2 - Progressive Sample Refinement:

4: Obtain temporary sparse maskM′ from θi and τ (same
form as Eq. (1))

5: Forward fθi(x
t
i) and fθi({x

t,aug
i }), compute LStage2

by Eq. (10), and obtain θ′i by updating θi under M′
using Eq. (2)
▷ Inference:

6: Forward Oi = fθ′
i
(xt

i)
7: Update the memory banks Bstyle and Bpixel
8: Reset θ′i ← θi
9: return Oi

the top n by entropy:

S(k)hard = Topn

(
{ i | ȳ(k)i = 1, y̆

(k)
i = 0 }; Eθi(x)i

)
. (7)

Here Topn(S;w) returns the n elements i ∈ S with the
largest scores w(i). Each selected hard-pixel feature acts
as an anchor in contrastive learning. We maintain a per-
class pixel memory bank B(k)pixel with capacity Npixel, up-
dated in FIFO order. For each class k, features from the
selected hard pixels, with pseudo labels computed by the
current model (as in Eq. (4) but using fθi ), are detached and
enqueued into B(k)pixel to provide positives and negatives for
contrastive matching. The loss is:

Lc = −
1

N

N∑
i=1

1

|Pi|
∑
z+
i

log
ezi·z

+
i /T

ezi·z
+
i /T +

∑
z−
i

ezi·z
−
i /T

, (8)

where N is the number of anchors and zi is the anchor fea-
ture, with Pi and Ni the positive and negative sets. The
inner sums run over z+i ∈ Pi and z−i ∈ Ni, and T is the
temperature. This loss encourages class-consistent, target-
specific representations.

3.4.2. Prediction Consistency.
To further stabilize adaptation, we apply prediction consis-
tency between each input and its geometric augmentations
{xaug} (e.g., flips, rotations). For each input x, let p̄ denote

the predicted probabilities and let p̄aug be the mean predic-
tion over the de-augmented augmentations. The loss is

Lent = −
1

K

K∑
c=1

p̄c log p̄
aug
c , (9)

where K is the number of classes. The final Stage 2 loss is

LStage2 = β Lent + γ Lc, (10)

where β and γ are weights. After inference, we reset
θ′i ← θi so that sample-specific updates do not accumulate
across samples. The complete TACT procedure is detailed
in Algorithm 1.

4. Experiments
We evaluate TACT on three medical image segmentation
benchmarks: the joint optic disc (OD) and cup (OC) seg-
mentation task, the prostate segmentation task, and the
polyp segmentation task.

4.1. Datasets and Evaluation Metrics
The OD/OC segmentation benchmark [9] uses five pub-
licly available fundus image datasets as distinct domains: A
(RIM-ONE-r3 [12]), B (REFUGE [42]), C (ORIGA [64]),
D (REFUGE validation/test [42]), and E (Drishti-GS [50]).
The five domains contain 159, 400, 650, 800, and 101 im-
ages, respectively. All images are resized to 512× 512. We
report the Dice coefficient (DSC) as the evaluation metric.

The prostate segmentation benchmark [35] uses
T2-weighted MRI from three publicly available prostate
datasets, partitioned into six domains: A (BIDMC), B
(BMC), C (HK), D (I2CVB), E (RUNMC), and F (UCL) [5,
24, 29, 31]. The six domains contain 261, 384, 158, 468,
421, and 175 slices, respectively. Each 2D slice is resized
to 384× 384. We report the DSC for evaluation.

The polyp segmentation benchmark [9] uses four pub-
licly available datasets as distinct domains: A (BKAI-
IGH-NeoPolyp [38]), B (CVC-ClinicDB [4]), C (ETIS-
LaribPolypDB [48]), and D (Kvasir-Seg [20]). The four
domains contain 1000, 612, 196, and 1000 images, respec-
tively. All images are resized to 352× 352. We report three
metrics: DSC for region overlap, structure similarity in-
dex measure (Sα) for structural consistency, and enhanced-
alignment measure (Emax

ϕ ) for boundary alignment.

4.2. Implementation Details
In the CTTA setting, we take each domain in turn as the
source and train a source model. We then evaluate on the
remaining domains, which arrive sequentially as a contin-
uously changing target stream. We report the mean per-
formance over the target domains. For source training, we
follow [9] to train a ResUNet-34 [16] backbone as the base-
line on all three segmentation benchmarks. During test-time
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Table 1. Comparison with state-of-the-art CTTA methods on OD/OC and prostate segmentation. Best and second-best scores are high-
lighted in bold and underline, respectively. In OD/OC segmentation, Do. A (Domain A) denotes the scenario with source A and targets B
→ C → D → E, and results are averaged over the target domains.

Methods Venue
OD/OC Segmentation Prostate Segmentation

Do. A Do. B Do. C Do. D Do. E Average Do. A Do. B Do. C Do. D Do. E Do. F Average
DSC DSC DSC DSC DSC DSC ↑ DSC DSC DSC DSC DSC DSC DSC ↑

Source Only - 64.13 74.23 69.99 56.09 65.17 65.92 58.49 59.23 27.95 26.84 53.54 48.79 45.81
TENT [55] ICLR’21 68.40 78.72 72.62 47.63 75.45 68.57 69.95 40.36 11.50 43.07 66.69 16.79 41.39
CoTTA [56] CVPR‘22 63.44 71.90 65.47 66.81 59.74 65.47 63.44 59.13 45.93 40.65 63.54 61.65 55.72

SAR [41] ICLR’23 66.33 78.35 70.04 62.37 67.96 69.01 66.08 61.05 50.65 39.55 64.12 60.65 57.02
ViDA [30] ICLR‘24 64.87 71.57 69.13 58.40 63.59 65.51 57.86 59.56 28.64 27.97 55.27 51.10 46.73
VPTTA [9] CVPR’24 66.95 76.34 71.24 60.05 68.11 68.54 66.68 62.46 41.12 32.47 61.38 60.95 54.17
PALM [36] AAAI‘25 66.55 78.59 68.32 58.36 72.45 68.85 66.87 61.10 43.80 40.35 66.10 58.96 56.20

SURGEON [34] CVPR’25 67.70 78.41 69.11 59.14 70.50 68.97 66.50 60.96 50.42 41.74 66.22 60.23 57.68
TACT This paper 71.81 78.80 75.60 60.20 76.12 72.51 66.97 64.47 45.63 47.38 67.33 63.12 59.15

Table 2. Comparison with state-of-the-art CTTA methods on polyp segmentation.

Methods Venue 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 ↑
Source Only - 73.93 83.35 80.95 62.48 78.60 74.42 62.35 80.94 73.06 73.10 84.10 82.56 67.96 81.75 77.75
TENT [55] ICLR’21 66.24 78.55 75.63 64.45 79.23 75.37 24.64 46.26 55.61 68.72 79.74 79.43 56.01 70.94 71.51
CoTTA [56] CVPR‘22 72.14 83.53 78.69 59.00 73.43 70.67 65.21 82.99 74.26 56.26 68.67 70.93 63.15 77.16 73.64

SAR [41] ICLR’23 70.30 82.14 77.62 62.34 76.64 72.98 64.14 80.93 74.27 61.20 73.01 74.31 64.49 78.18 74.79
ViDA [30] ICLR‘24 75.42 84.56 81.89 61.17 76.93 73.58 62.18 80.49 72.80 72.86 83.94 82.38 67.91 81.48 77.66
VPTTA [9] CVPR’24 74.35 84.01 80.75 64.55 80.91 75.64 65.48 82.31 75.22 72.66 84.87 81.76 69.26 83.02 78.35
PALM [36] AAAI‘25 69.72 81.69 77.31 63.59 77.67 73.93 63.26 79.86 73.87 62.55 74.25 75.20 64.78 78.37 75.08

SURGEON [34] CVPR’25 70.31 82.11 77.67 63.50 77.37 73.78 63.55 79.97 74.04 61.86 73.57 74.69 64.80 78.26 75.04
TACT This paper 74.98 84.37 81.50 67.02 81.17 77.20 67.82 83.60 76.97 74.70 86.60 82.64 71.13 83.94 79.58

adaptation, online updates are performed per target image
with batch size 1. All competing methods are evaluated
under the same protocol to ensure a fair comparison. For
TACT, we use AdamW with a learning rate of 1×10−4 and
set the inactivity threshold to τ = 2 × 10−4. We use the
following hyperparameters across all segmentation tasks:
α = 0.01 (low-frequency patch ratio), Nstyle = 40 (style
bank size), Npixel = 500 (pixel bank size), τp = 0.5 (pre-
diction threshold), τe = 0.75 (entropy threshold), T = 0.5
(temperature), and λ = β = γ = 0.1 (loss weights). TACT
is implemented in PyTorch 2.2.2, and all experiments are
conducted on a single NVIDIA RTX 3090 GPU.

4.3. Comparison with State-of-the-Art Methods

We evaluate TACT on three CTTA benchmarks. “Source
Only” means direct testing without adaptation. We compare
against seven representative baseline methods: full param-
eter adaptation (CoTTA [56] and SURGEON [34]), layer
selection adaptation (TENT [55] and SAR [41] updating
only normalization layers, and PALM [36] dynamically se-
lecting layers), and additive parameter adaptation (freezing
the source model and attaching small trainable modules,
with VPTTA [9] employing visual prompts for 2D medi-
cal image segmentation and ViDA [30] adopting domain
adapters). We reimplement all competing methods using the
same source model as TACT. For each domain, results are
computed by using that domain as the source and applying

the pretrained model to the remaining domains in sequence.
OD/OC segmentation. Table 1 compares TACT with

the “Source Only” baseline and seven CTTA methods. Most
adaptation methods outperform “Source Only”, indicating
that test-time adaptation helps under cross-domain shifts.
TACT achieves the best overall performance and remains
competitive across all domains, both where baselines are
already strong and where several are weaker.

Prostate segmentation. Table 1 presents results on the
prostate benchmark, which shows larger variation across
centers and more pronounced domain shifts than OD/OC.
On challenging domains, the entropy minimization method
TENT can fall below “Source Only”. TACT improves over
“Source Only” and outperforms the compared methods,
achieving the best mean performance.

Polyp segmentation. Table 2 reports results on the
polyp benchmark. Full parameter adaptation (CoTTA,
SURGEON) and layer selection adaptation (TENT, SAR,
PALM) often underperform “Source Only”. This pattern
can be attributed to the nature of polyp segmentation, where
targets are often small and concealed and, under shift, mod-
els tend to abstain, producing low-entropy yet incorrect
predictions that yield misleading adaptation gradients and
erode pre-trained knowledge. Additive parameter adapta-
tion (ViDA, VPTTA) freezes the source model and attaches
small trainable modules, which avoids harmful supervision
and remains effective, though capacity is limited and per-
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Table 3. Comparison with state-of-the-art CTTA methods on
OD/OC under long-term CTTA using a ViT backbone (Segformer-
B0).

Time −−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−→
Round 1 2 3 Average Gain Perform.

Methods DSC DSC DSC DSC ↑ DSC ↑ Degra. ↓
Source Only 68.98 68.98 68.98 68.98 - -

TENT 69.42 66.54 62.40 66.12 -2.86 3.30
CoTTA 65.09 61.86 61.04 62.66 -6.32 2.43

SAR 69.89 69.26 69.50 69.55 0.57 0.34
VIDA 69.43 69.82 69.93 69.73 0.74 -0.30
PALM 70.54 70.47 70.31 70.44 1.46 0.10

SURGEON 69.74 69.86 70.06 69.89 0.91 -0.14
TACT 72.71 73.87 74.01 73.53 4.55 -0.82

Table 4. Results of ablation study on OD/OC segmentation.

LStage1 LStage2 Average
Style Perturbation Structure Perturbation Lc Reset DSC ↑

- - - - 65.92
✓ - - - 67.14
✓ ✓ - - 70.49
✓ ✓ ✓ - 71.56
✓ ✓ - ✓ 71.05
✓ ✓ ✓ ✓ 72.51

formance can be sensitive to initialization. Our TACT up-
dates only a sparse set of inactive parameters to preserve
pre-trained knowledge and applies resettable sample-wise
refinement, thereby surpassing all competing methods and
achieving superior performance across the three metrics.

Long-term CTTA. We evaluate long-term adaptation
on OD/OC segmentation over three rounds. As shown
in Fig. 3, TENT and CoTTA exhibit noticeable degradation,
indicating error accumulation and forgetting across rounds,
while more conservative or additive approaches (e.g., SAR,
PALM, SURGEON, ViDA, VPTTA) reduce drift but yield
smaller gains. By restricting updates to inactive parame-
ters and applying resettable sample-wise refinement, TACT
preserves pre-trained knowledge and remains stable under
continual shifts, achieving the highest “Average Gain” and
the lowest “Performance Degradation” among all methods.

Different backbones. We further evaluate OD/OC seg-
mentation with a ViT backbone (SegFormer-B0). For ViT,
we set the sparsity threshold to τ = 6 × 10−4 to update
≈ 1% of parameters (those with |θ0| < τ ), and we use a
learning rate of 1 × 10−5. All other hyperparameters fol-
low the CNN setting. For the baselines, TENT and SAR
update layer normalization (LN), and VPTTA is inapplica-
ble because it relies on batch normalization (BN) statistics.
As shown in Table 3, TACT achieves the largest “Average
Gain” and the smallest (negative) “Performance Degrada-
tion”, indicating effective transfer to transformer backbones
while maintaining stability.

Efficiency–accuracy trade-off. Figure 4 compares av-
erage DSC against peak GPU memory on OD/OC seg-

Figure 3. Our TACT achieves the highest gain with the lowest
degradation on OD/OC segmentation under long-term CTTA. “Av-
erage Gain” is the mean DSC over three rounds minus “Source
Only”. “Performance Degradation” is the first-round DSC minus
the three-round mean.

Figure 4. Efficiency–accuracy trade-off on OD/OC segmentation.

mentation. TACT attains the highest average DSC with
a moderate memory footprint. SAR and TENT update
only normalization layers, giving the lowest memory but
lower accuracy. Full parameter methods (SURGEON and
CoTTA) consume more memory. Prompt and adapter meth-
ods (VPTTA and ViDA) lie in between. Under the same
protocol, TACT updates about 1.6% of parameters, support-
ing its balance between accuracy and memory.

4.4. Ablation Studies
We perform ablations on the OD/OC benchmark to assess
the contribution of each component in TACT.

Effectiveness of each module. Table 4 reports abla-
tions on OD/OC. The results reveal three main findings:
(1) Stage 1 introduces style and structure perturbations
and regularizes predictions under appearance and struc-
ture changes, yielding clear performance gains; (2) adding
the hard-pixel contrastive loss in Stage 2 further enhances
sample-specific adaptation, enabling the model to better
handle challenging target samples; (3) the reset mechanism
is critical for long-term stability because it restores param-
eters after sample-wise updates and prevents interference
from these updates. Therefore, each module plays a vital
role in achieving robust and adaptive continual adaptation,
and the full model with all components performs best.

Sparsity threshold τ and scheduling. We study the
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Sparse Threshold τ Threshold scheduling

Figure 5. Effect of the sparsity threshold τ and its scheduling on
OD/OC segmentation. Left: Sensitivity to τ . Numbers denote the
trainable parameter ratio. Right: Long-term CTTA with a fixed τ
compared with a dynamic schedule.

Table 5. Ablations with alternative choices on OD/OC segmenta-
tion. Results are averaged over all domains.

Ablation Variant DSC
Structure perturbation Random mask 68.37
Structure perturbation Ours 72.51
Style perturbation Random style augmentation 71.67
Style perturbation Ours 72.51
Style bank sampling Farthest 70.53
Style bank sampling Nearest (Ours) 72.51

effect of the inactivity threshold τ and its scheduling on
OD/OC segmentation. In Fig. 5 (left), small thresholds up-
date only a small subset of inactive parameters and keep
DSC high, which indicates that restricting adaptation to
inactive weights preserves pretrained knowledge. As τ in-
creases, the trainable set expands and starts to include pa-
rameters that encode pretrained knowledge, which leads to
a sharp drop in DSC. In Fig. 5 (right), we adjust τ during
adaptation using prediction entropy. The dynamic schedule
matches the fixed threshold in the first CTTA round, but in
long-term CTTA it shows a pronounced and sustained de-
cline because it is sensitive to the selection process and may
update parameters that carry pretrained knowledge when
the domain shift is large. A fixed and moderate threshold
performs a single mask selection at the beginning, remains
more stable across rounds, and achieves higher DSC.

Ablations with alternative choices. Table 5 compares
TACT with alternative choices on OD/OC segmentation.
Replacing entropy-guided structure masking with random
masking lowers DSC, which shows the benefit of focus-
ing perturbations on high-uncertainty regions. Swapping
our FFT-based style perturbation for standard online style
augmentation (e.g., brightness or contrast jitter, hue or satu-
ration changes) is consistently weaker, suggesting that low-
frequency amplitude exchange yields more realistic and ef-
fective appearance variation. For style bank sampling, us-
ing the nearest style outperforms the farthest, indicating that
overly large low-frequency swaps can introduce artifacts
and hinder adaptation.

Figure 6. Sensitivity to hyperparameters on OD/OC segmentation.

Source-only Ours Ours (Before Reset)

Source Knowledge Preserves Source Knowledge Sample-specific

Domain B
Domain C
Domain D
Domain E

Figure 7. t-SNE visualization on OD/OC segmentation. Domain
A as the source and all other domains as targets.

Hyperparameter sensitivity. We study two key hy-
perparameters on OD/OC segmentation (Fig. 6): the loss
weights (λ for Lfeat

con , γ for Lc, and β for Lent) and the
low-frequency ratio α in the FFT-based style perturbation.
Moderate loss weights produce a clear performance plateau,
whereas very small or very large weights reduce DSC.
Smaller low-frequency ratios work best, and larger ratios
inject high-frequency content that hurts accuracy. We there-
fore fix a single default configuration for all experiments
without per-dataset tuning.

t-SNE analysis. t-SNE on OD/OC segmentation (Fig. 7)
shows that TACT closely matches the “Source Only” dis-
tribution, indicating that restricting updates to inactive pa-
rameters reduces interference with pre-trained knowledge.
After per-sample refinement (before reset), target clusters
become more separated, showing that the refinement cap-
tures sample-specific cues.

5. Conclusion

In this work, we propose TACT, a progressive two-
stage continual test-time adaptation framework that restricts
model updates to a sparse subspace of inactive parameters.
Specifically, TACT employs style and structure perturba-
tions to stabilize adaptation and introduces a hard-pixel con-
trastive loss for sample-specific refinement. A reset mech-
anism prevents interference from sample-specific updates,
ensuring long-term stability. Extensive experiments on
three multi-center medical image segmentation benchmarks
demonstrate that TACT consistently outperforms state-of-
the-art methods in both stability and adaptability across var-
ious network backbones and domain shifts.
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