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Abstract

Federated Learning (FL) enables collaborative model train-
ing while preserving privacy, but faces challenges with
client data heterogeneity and domain shifts during deploy-
ment. Although Personalized Federated Learning (PFL)
mitigates heterogeneity, it typically requires labelled data
[from target clients, which is an impractical assumption. Test-
Time Adaptation (TTA) offers label-free adaptation, yet its
direct use in a continual federated setting risks destabi-
lizing the global model and causing catastrophic forget-
ting. To address this, we consider the Federated Continual
Test-Time Adaptation (FedCTTA) setting, where unlabeled
clients arrive sequentially, requiring online adaptation and
continuous global model updates. We propose BPFed-
CTTA, a framework that employs Bayesian Prior-guided
Adaptation (BPA) for stable local adaptation via Maxi-
mum a Posteriori estimation, and Uncertainty-Gated Single-
client Aggregation (UGSA) to selectively integrate updates
based on client uncertainty. This approach balances adap-
tation with knowledge retention, thereby mitigating forget-
ting. Extensive experiments on cross-domain classification
and segmentation show BPFedCTTA outperforms existing
FL, PFL, and TTA methods in sequential adaptation and
global model improvement. The source code is available in
https://github.com/LiwenWang919/BPFedCTTA.

1. Introduction

Federated Learning (FL) [34] provides a foundational frame-
work for collaborative model training across distributed data
distributions while preserving data privacy. However, in prac-
tical deployments after training, FL systems often encounter
test data from distributions that differ from the training data,
arising from dynamic and non-stationary environments. This
necessitates the development of models capable of continu-
ally adapting to new distributions after deployment.
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Figure 1. Illustration of the Federated Continual Test-Time Adapta-
tion (FedCTTA) setting.

Federated Domain Generalization (FedDG) [28, 31, 56]
can improve model performance on new data distributions,
but since models are not fine-tuned on these new distribu-
tions, the gains are limited. While Personalized Federated
Learning (PFL) [22, 45] offers adaptation mechanisms, it is
largely unsuitable for the post-training scenario as it typically
requires access to labels from the new data distributions for
effective personalization. Although Test-Time Adaptation
(TTA) methods [2, 3, 17, 38, 48] has shown effectiveness
in single-source label-free adaptation scenarios, it remains
fundamentally mismatched with the federated context: the
FL global model represents a mixture of knowledge aggre-
gated from multiple heterogeneous sources, whereas stan-
dard TTA operates on models trained in centralized settings
with single-domain assumptions. Direct application of TTA
in FL violates this structural premise, as unsupervised up-
dates on heterogeneous client data can disrupt the carefully
balanced global model, leading to performance degradation.

Recent work [40] has pioneered continual test-time adap-
tation (CTTA) in federated learning. However, their setting
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is limited to predefined client clusters with synchronous up-
dates, which does not reflect the sequential and asynchronous
nature of real-world deployments. Moreover, their approach
primarily addresses spatial heterogeneity with known shifts
and does not account for the extreme temporal heterogeneity
arising from clients that arrive sequentially with completely
unrelated distributions. In contrast, our work is designed to
handle such unforeseen and extreme spatio-temporal shifts
while maintaining strict data privacy and enabling safe global
model evolution. Additionally, their method lacks mecha-
nisms to constrain local adaptation stability or quantify up-
date reliability in continual settings, leaving the global model
vulnerable to corruption from noisy client updates over time.

Under this setting, direct use of existing TTA or PFL tech-
niques is inadequate. We identify two distinctive challenges:

* (C1) Unstable label-free local adaptation. The FL global
model is a generalized average residing in a flat loss basin
to serve multiple clients [4, 34, 51]. This structure, while
good for generalization, makes it highly sensitive to noisy
updates [38]. A naive TTA update, driven by a single
client’s (potentially noisy) unlabeled data, lacks a proper
regularizer and can easily push the model parameters out
of this stable basin, leading to rapid overfitting to the new
client and catastrophic local model drift.

¢ (C2) Unsafe continual global evolution. In this sequen-
tial, label-free setting, the server has no ground truth to
verify the quality or reliability of an adapted client’s up-
date. A single client’s update, if overfitted or based on
a major domain shift, can be destructive. Naively aggre-
gating this unvetted update (e.g., via FedAvg) can poison
the global model and lead to catastrophic forgetting of
the knowledge acquired from previous clients. Critically,
standard continual learning strategies that use data replay
are infeasible due to FL’s core privacy constraints.

We provide a theoretical justification of both challenges in
the Appendix. To address these coupled challenges, we intro-
duce Bayesian Prior-guided Federated Continual Test-Time
Adaptation (BPFedCTTA), a unified probabilistic framework
that reformulates the entire continual adaptation process
through a Bayesian lens. In this Bayesian view, the global
model acts as an evolving prior, and each client’s local adap-
tation is reformulated as approximate posterior inference
guided by its unlabeled data.

Specifically, to tackle C1 (local instability), we propose
the Bayesian Prior-guided Adaptation (BPA) module. BPA
treats the global model parameters as the mean of a Gaussian
prior and performs Maximum a Posteriori (MAP) estimation
for the local update. This Bayesian formulation provides a
principled, data-driven regularization, anchoring the local
model to the high-probability region of the global prior and
preventing the model from drifting or overfitting to noisy un-
labeled data. This probabilistic approach provides a natural
solution for C2 (unsafe aggregation). By treating the local

adaptation as posterior inference, we can rigorously quantify

the predictive uncertainty of the adapted model (e.g., via out-

put entropy), which serves as a direct measure of the update’s
reliability. We leverage this to design the Uncertainty-Gated

Single-client Aggregation (UGSA) mechanism. UGSA uses

this client-quantified uncertainty to gate the aggregation pro-

cess. Reliable, low-uncertainty updates are integrated, while
high-uncertainty (unreliable) updates are attenuated. This
selection process, which approximates sequential Bayesian
filtering, ensures the global model evolves safely, integrat-
ing new knowledge without being corrupted by unreliable
updates, thus mitigating catastrophic forgetting.

Our key contributions are summarized as follows:

1. We define and formalize the realistic and challenging
Federated Continual Test-Time Adaptation (FedCTTA)
setting, which differs from existing approaches that op-
erate under constrained scenarios [40] and highlights the
core coupled challenges of unstable local adaptation (C1)
and unsafe global aggregation (C2) in sequential, unla-
beled, and heterogeneous federated environments.

2. We propose BPFedCTTA, a novel Bayesian framework
that unifies adaptation and aggregation to solve these
challenges. Our innovations include: (a) Bayesian Prior-
guided Adaptation (BPA), which reformulates local TTA
as MAP estimation to ensure stable, regularized adapta-
tion, and (b) Uncertainty-Gated Single-client Aggrega-
tion (UGSA), which introduces a principled uncertainty-
based filter to enable safe, continual global model evolu-
tion from unreliable updates.

3. Extensive experiments on cross-domain classification
and segmentation show that BPFedCTTA achieves supe-
rior adaptability on new clients while maintaining global
model stability, significantly outperforming existing FL,
PFL, and TTA baselines.

2. Related Work

2.1. Personalized Federated Learning

Personalized Federated Learning (PFL) addresses data het-
erogeneity across clients through various personalization
strategies. Common approaches include local fine-tuning,
regularization methods like FedProx [26], meta-learning
frameworks such as Per-FedAvg [11], and parameter decou-
pling techniques. Some methods personalize feature extrac-
tors while sharing classifiers [29], while others share feature
extractors but personalize classifiers [1, 7]. Additional strate-
gies employ prototype alignment [46] or bi-level optimiza-
tion as in pFedMe [45] and Ditto [27]. However, most PFL
methods assume labeled client data for personalization—an
impractical requirement in real-world deployments where
new clients lack annotations. Furthermore, these approaches
focus solely on the training phase and cannot handle test-
time domain shifts or sequential client arrival, making them
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unsuitable for the Federated Continual Test-Time Adaptation
(FedCTTA) setting.

2.2. Federated Domain Generalization

Domain Generalization (DG) aims to learn a model from
multiple source domains that can generalize well to unseen
target domains [25]. This goal is aligned with ours in ad-
dressing domain shift under data privacy constraints. Typ-
ical DG methods focus on the training phase, falling into
three main categories: style augmentation via feature-level
transformations [16], learning domain-invariant representa-
tions [5, 10], and other regularization techniques. However,
centralized training across domains is often infeasible due
to data privacy constraints [44]. Federated Domain Gener-
alization (FedDG) addresses this by training local models
on distributed source domains and aggregating them to en-
hance global generalization [28, 31]. Despite recent progress,
FedDG remains underexplored. Methods like EL-CFS share
spectral information to improve generalization but may still
risk privacy [31], while others, such as adaptive weighting
schemes, face practical limitations [56]. However, Static
FedDG models, limited by their source domains, cannot
adapt post-deployment. Our FedCTTA setting, however,
involves unlabeled clients with novel distributions. This re-
quires continual, online adaptation, motivating our work to
integrate TTA with federated learning.

2.3. Test-Time Adaptation

Test-Time Adaptation (TTA) adapts a pre-trained model to
an unlabeled, unseen test distribution at inference time. Pre-
vailing strategies often rely on output-level objectives, such
as entropy minimization [20, 38, 47, 53] or self-training with
pseudo-labels [13, 33, 55]. While computationally efficient,
these approaches are prone to error accumulation as incorrect
pseudo-labels are propagated, particularly under significant
domain shifts. To improve robustness, other methods employ
feature-level consistency regularization [18, 32, 49, 57] or
contrastive learning [6, 54] to enhance feature discrimination.
Nonetheless, many of these techniques still depend on model
predictions (e.g., from a teacher model) that can be unreli-
able for out-of-distribution (OOD) samples [9]. A critical
challenge emerges when applying TTA in the context of Fed-
erated Learning (FL), related to the geometry of the global
model’s loss landscape. Federated models aggregated via
averaging mechanisms like FedAvg tend to converge to flat
minima, a beneficial artifact of aggregating heterogeneous
client objectives [34, 35]. While flat minima are proven
to enhance generalization in centralized settings [15, 19],
their interaction with TTA in federated contexts is largely
unexplored. Specifically, standard unsupervised TTA up-
dates [38, 47], while effective for single-domain adaptation,
can destabilize the carefully calibrated global model. These
updates, driven by a local test distribution, risk deviating

from the flat basin, leading to overfitting on the current
client’s data and compromising the model’s robust general-
ization capabilities [2, 17]. This highlights a critical need for
TTA methods that are explicitly regularized to preserve the
global model’s flatness, ensuring robust adaptation without
sacrificing cross-domain performance.

3. Methodology

In this section, we present our proposed framework,
Bayesian Prior-guided Federated Continual Test-Time Adap-
tation (BPFedCTTA Fig. 2), designed for the challenging
Federated Continual Test-Time Adaptation (FedCTTA) set-
ting (Sec. 3.1). Inspired by Bayesian learning principles,
BPFedCTTA adopts a two-level structure: clients perform
local adaptation by treating the global model as a prior and
approximating Bayesian inference (Sec. 3.2), while the
server facilitates continual global model evolution through
an uncertainty-aware aggregation mechanism (Sec. 3.3).
This approach aims to achieve robust personalization on
sequential unlabeled clients while mitigating catastrophic
forgetting.

3.1. Problem Setting (FedCTTA)

As shown in Fig. 1, we consider an FL system initially
trained on N source clients {C, }2V_; with labeled data D, =
{(X$,Y])}i2, ~ P for each client C,, which produces a
pre-trained global model Gg) ) for deployment.

Definition 1 FedCTTA. During depolyment, a sequence of K
new target clients {Cy, }1_, arrive over time t1,ts, ... tk.
Each client Cy, has only an unlabeled data stream X}, =
{XKYIE  ~ Py, where the client distributions Py, (and Py)
are heterogeneous. At time ty, client Cy, joins, downloads the

current global model ch -b (where Qg ) denotes the global
model state after considering clients up to time ty,), performs
local test-time adaptation using Xy, to obtain a personalized
model estimate 9;, and transmits relevant information back
to the server. The server asynchronously receives these
updates and is tasked with continually refining the global
model 98671) — Qgc).

Lemma 1 Objective function of FedCTTA. The objective

function can be formulated as:

K

min g

(k)
{05,067 o k=1

N
Ri(6),)  +A- (;wéﬁ%)

Obj. 1: Local Stability
Obj. 2: Global Evolution
. (D
where R (0) = E,p, [¢(0; z)] denotes the expected risk
of model 6 on the distribution of client Cy, with ¢(-) being
the task-specific loss function. Similarly, R (6) represents
the risk on source client C;. The hyperparameter A > 0
controls the trade-off between personalization and global
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Figure 2. Overall framework of our proposed BPFedCTTA. The top section illustrates the server-side process, where the global model is
continually updated via Uncertainty-Gated Single-client Aggregation (UGSA) based on client-reported uncertainty. The bottom section
depicts the client-side Bayesian Prior-guided Adaptation (BPA) module, which leverages the global model as a prior to perform stable local
test-time adaptation via Maximum a Posteriori estimation, using only unlabeled test data.

stability. Note that for target clients Cy;, only unlabeled data
is available during adaptation, making the estimation of Ry,
challenging in practice.

In the FL setting, our work considers a realistic and chal-
lenging scenario where unlabeled clients arrive sequentially
and asynchronously, exhibiting extreme spatio-temporal het-
erogeneity. Specifically, each client originates from a distinct
and unforeseen data distribution, with no temporal overlap
or inter-client relationship. We enforce strict privacy by pro-
hibiting any feature or logit sharing, and focus on continual
global model evolution to maintain a universally adaptable
model. By contrast, [40] adopts synchronous cluster-based
clients, focuses on spatial heterogeneity with predefinable
shifts, relaxes privacy via sharing noise-sample logits for
similarity calculation, and prioritizes client personalization
over global model improvement.

3.2. Bayesian Prior-guided Adaptation

Motivation. Adapting a complex model 6 using only unla-
beled data Xy, is inherently ill-posed and prone to instability
or overfitting, especially when Xj, is limited or noisy. Stan-
dard TTA methods often lack sufficient regularization tai-
lored for FL models residing in flat loss basins [34]. Inspired
by Bayesian Inference where a prior regularizes learning
from limited data, we propose BPA, which leverages the cur-
rent global model 98“ s prior to guide local adaptation.

Formalism. We treat the local adaptation on client k as ap-
proximating the posterior distribution p(6|Xk, Hgf _1)). We
define a Gaussian prior centered at the current global model,
representing the belief that the optimal parameters should

remain close to the well-generalized global solution:

p(06% ) = N(016% ™ 20), So =Rl ()
The likelihood of the unlabeled data Xy, given parameters
6 is modeled implicitly via a TTA loss function £, which
encourages desirable prediction properties such as high con-
fidence and local consistency:
p(Xk|0) o< exp(—L(0; Xk)). 3)
Instead of computing the full posterior, BPA seeks the
Maximum a Posteriori (MAP) estimate 6, , corresponding to
the mode of the posterior distribution:

)

o arg max [log p(X|0) + log p(0|6
o

0), = arg maxp(9|Xk,98c71)
0

(k—1)

G

)]

(c(e;xk) —log N (0]0%Y, 20)) :

“4)

= arg min
9

Expanding the log-prior yields the following optimization
objective:

/
k

1

2

0 arg min

; (E(G;Xk) +

argemin (Lem(8) + Lgpa(P)),

(0-037)T55 0 - 087Y))

®)

where Lgpa is the Bayesian adaptation objective and Lgy is
entropy minimization loss.

To enhance robustness under domain shift, we further let

Yo adaptively scale with model uncertainty estimated from
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prediction entropy:

i = ding o Bue, (OG5 ©)
where H denotes Shannon entropy. This dynamic precision
effectively tightens the prior when the model is confident and
relaxes it under high uncertainty, yielding a more principled
and data-dependent Bayesian regularization.

The client obtains 6;, by performing several gradient
descent steps on Lgpy and Lgy. The Bayesian-derived
quadratic regularizer anchors the adaptation within the high-
probability region of the global model while the adaptive
covariance in Eq. 6 modulates learning strength according to
uncertainty, thereby preventing drift and ensuring stable test-
time adaptation on unlabeled, heterogeneous data streams.

3.3. Uncertainty-Gated Single-client Aggregation

Motivation. After clients adapt locally via BPA, the server
receives their updated parameters. To prevent performance
degradation from domain shift or unreliable updates, UGSA
integrates these contributions using an uncertainty-weighted
average for stable global model evolution.

Formalism. We view the aggregation step as a Bayesian
belief update on the global model parameters. Let the global
model at round (k — 1) follow a Gaussian distribution:

P ™) = NG 267", M
and the adapted client posterior be approximated as

where Y, encodes the adaptation uncertainty on client k.
Following the principle of Bayesian fusion, the new global
distribution p(ﬁg )) is derived by minimizing a weighted
sum of Kullback—Leibler divergences, balancing fidelity to
the client’s adapted posterior against consistency with the
previous global prior:

p(6%)) = arg ggg {kaL(qup) +(1—wy) KL% IIP)} ,

where wy, € [0, 1] is the reliability gate derived from client
uncertainty. This formulation is mathematically equivalent to
a Bayesian belief update with tempered likelihoods. Specifi-
cally, minimizing the objective in Eq. (9) yields a posterior
that is a geometric mean (in density space) of the prior and
the client contribution:

p(eg)) O(p(egcfl))l—wk qk(e)wk, (10)

where wy, denotes the reliability gate derived from client
uncertainty. Under Gaussian assumptions, the closed-form
update for mean and covariance becomes:

O O R

- - (11
o =2 [ sl

Uncertainty gating. We quantify the uncertainty of client
k’s update using the predictive entropy of the adapted model:

ok = Eaex, [H(p(ylz; 64))]; (12)
and define the gating weight as

wy, = _exp(=fox) (13)

> exp(=fo;)’

where (5 controls the sharpness of uncertainty attenuation.
This exponential weighting ensures that clients with higher
confidence (low entropy) contribute more strongly to the
global update, while uncertain clients are down-weighted to
prevent noisy drift.

Interpretation. Eq. 11 can be viewed as a federated
Bayesian filtering process, where the global parameters
evolve recursively:

P(O%1X11) o g (B1X6) ™ p(B% ™V Xy 1).  (14)

This formulation reveals UGSA as a precision-weighted evi-
dence accumulation mechanism that continually refines the
global model under unlabeled and heterogeneous conditions.
The adaptive covariance update in Eq. 1| propagates uncer-
tainty from each client to the server, allowing the global
model to maintain calibrated confidence across rounds.

In practice, we maintain a diagonal approximation of ¥
for computational efficiency and normalize wy, across partic-
ipating clients. The update can be equivalently expressed as:

0% = 0% 4 ywy (0 — 05V, (15)

where v is the server-side learning rate.

4. Experiments
4.1. Datasets

Image Classification Benchmark

CIFAR10-C Benchmark extends CIFAR10 [21], compris-
ing 3232 color images from 10 classes. It includes 15
different corruptions, each at five severity levels, applied to
the test images of CIFAR-10, resulting in a total of 10,000 im-
ages. CIFAR100-C Benchmark extends CIFAR-100 [21],
containing 3232 color images from 100 classes. It includes
15 different corruptions, each at five severity levels, applied
to the test images of CIFAR-100.

Image Segmentation Benchmark

CitySpace to ACDC Benchmark Cityscapes Dataset [8]
provides images and annotations for 30 categories, which are
grouped into 8 classes. ACDC [42] comprises 4006 images,
which are evenly distributed across four common adverse
visual conditions: fog, night, rain, and snow.

Retinal Fundus Segmentation Benchmark comprises five
public datasets from different medical centers, used for the
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Table 1. Image Classification results (Accuracy in %) on the CIFAR10-C and CIFAR100-C. All results employ ResNet-18 [14] as backbone
for training on the source dataset (CIFAR10 and CIFAR100) with a round of 50 and a client of 10. Bold text indicates the best.

Datasets Method Time/Client Mean
Gauss. Shot Imp. Def. Glass Mot. Zoom Snow Fro. Fog Bri. Con. Ela. Pix. JPEG
Source 3730 3844 2608 2899 3392 2744 3021 3453 3289 10.63 3646 2353 3751 4143 4370  30.54
Local 69.76  69.81 6321 68.69 6140 6392 6658 67.14 6744 5535 71.16 39.68 6493 7025 7158  64.72
FedAvg 7028 7046 6431 69.08 6222 6445 67.61 68.03 6734 5632 71.60 40.84 6634 7092 7255 6549
FedProx 7029  70.13 6340 69.75 6027 6399 6683 68.04 67.17 5430 71.49 41.02 6430 6873  71.11 64.72
FedBN 68.40 6945 62.88 6835 6148 6382 6572 6670 6657 5556 7037 40.52 6514 6928 7096  64.34
FedGA 7256 7272 66.06 71.13 6425 6635 6939 70.10 69.66 58.74 73.61 42.61 6847 7298 7469  67.55
Tent 70.15 7023 63.85 69.42 62.18 6456 6724 67.89 68.12 56.08 71.89 4035 6567 71.03 7231 65.41
CIFAR10-C ~ CoTTA 70.89 7095 6472 70.18 63.05 6528 68.13 6874 68.85 5692 7246 41.18 6652 7178 73.04  66.28
BeCoTTA 71.85 7196 6589 7124 6432 6638 69.27 69.88 6991 58.05 7342 4247 67.86 72.64 7418  67.36
TCA 7142 7158 6536 70.75 6378 6594 6879 69.36 6942 57.63 73.05 41.89 6728 7231 73.67 66.92
FedTHE+ 7242 7258 6649 7183 6495 67.08 6992 70.61 7048 5879 7405 43.12 6857 7324 7486 6793
ATP 7213 7227 66.18 71.52 64.67 6672 69.58 70.25 70.13 5841 7378 4276 68.19 7289 7452  67.65
FedCTTA 7326 7373 6650 7195 6537 6682 69.59 7047 69.71 5758 7479 4428 6899 7279 75.60  68.10
TTA-FedDG 7247 72.61 6658 7194 6503 6722 7006 70.74 70.62 5896 74.12 4328 68.72 7338 7499  68.09
BPFedCTTA 7438 74.53 67.69 7351 66.14 6695 7028 71.24 69.52 56.14 7521 44.56 68.04 7335 7512  68.44
Source 14.05 16.64 3476 41.60 1935 38.15 4332 3648 27.63 2096 5491 1724 3502 1145 4173 30.22
Local 5159 53.02 5026 65.13 50.77 6323 65.07 5810 58.17 51.10 66.70 61.25 56.67 5998 51.57 5751
FedAvg 5333 5460 5274 65.07 53.51 6494 6692 6029 60.19 5344 6840 6336 59.70 6233 5356  59.50
FedProx 5238 5390 5083 6492 5193 6295 6503 58.15 5830 51.77 6751 61.04 5748 61.05 51.62 5792
FedBN 52.05 5342 5048 6560 51.19 63.61 6549 5839 58.64 5139 67.08 61.64 57.14 6046 5206 5791
FedGA 5756 5875 5723 69.73 5627 69.18 7105 6433 64.60 5644 73.10 67.77 6330 66.58 5821 63.61
Tent 52.84 5426 5159 6638 5208 6452 6624 5935 5942 5235 68.15 6248 58.12 61.63 5321 59.02
CIFAR100-C  CoTTA 53.67 55.13 5274 67.25 53.16 6548 67.19 6042 60.58 5342 69.28 63.57 59.34 6278 5438  60.18
BeCoTTA 5536 56.84 5503 6898 5529 6737 69.08 6253 6287 5553 71.53 6572 6175 6505 56.69  62.47
TCA 5452 5598 5389 68.12 5423 6643 68.14 61.48 61.73 5448 7041 6465 6055 6392 5554 6133
FedTHE+ 56.94 5843 57.18 70.58 57.28 69.13 70.85 6451 6503 5751 73.65 67.74 6403 67.19 5887  64.61
ATP 56.21 57.69 56.16 69.83 5634 6830 70.01 6357 64.00 5657 72.64 66.78 6294 66.17 57.83  63.59
FedCTTA 57.18 5892 5773 7235 5773 69.64 7039 66.00 6582 58.19 7422 68.03 6396 67.75 58.82  64.45
TTA-FedDG  57.62 59.12 58.15 7128 58.17 6991 71.64 6540 66.01 5840 7461 68.65 6507 68.16 59.86  65.58
BPFedCTTA  57.28 60.17 5797 73.02 5945 7085 7292 6626 67.06 5937 75.89 69.20 6542 68.83 60.01 67.58

joint segmentation of the optic disc (OD) and optic cup
(OC). The datasets are Site A (RIM-ONE [12]), Site B
(REFUGE [39]), Site C (ORIGA [58]), Site D (REFUGE-
Validation [39]), Site E (REFUGE-Test [39]), and Site F
(Drishti-GS [43]), containing 159, 400, 650, 400, 400, and
101 images, respectively.

MRI Prostate Segmentation Benchmark is for prostate
segmentation and is gathered from 6 different medical cen-
ters. The data consists of T2-weighted MRI scans from three
publicly datasets: NCI-ISB113, 2CVB, and PROMISE12.
The six clinical centers (clients) are denoted as RUNMC,
BMC, I2CVB, UCL, BIDMC, and HK [24, 30, 37].

4.2. Experimental Setup

Experimental Protocol. As represented in Fig. 1, our evalu-
ation protocol is divided into two distinct phases to simulate
a real-world deployment:

¢ Phase 1: Initial Federated Training. We first train an
initial global model, A, using the standard FedAvg al-
gorithm. This phase involves only the designated source
clients and their labeled data.

* Phase 2: Continual Test-Time Adaptation. After the
initial training, the new clients are introduced sequentially.
For each client, the current global model 6 performs BPA
on its unlabeled data stream. After adaptation, knowledge
is fused back into 6 using the proposed aggregation mech-
anism. This updated global model is then deployed to the

next client, simulating a continually evolving system.

Unlike [40], which operates under synchronized cluster-
based settings with predefined shifts, our evaluation protocol
reflects extreme spatio-temporal heterogeneity by simulating
sequential client arrival from unseen and diverse domains.
This setting is more aligned with real-world deployments
where clients join asynchronously and exhibit completely
unrelated data distributions.

Comparison Methods. To comprehensively compare rele-
vant approaches, we selected several methods as baselines
for comparison: 1) standard federated learning methods (Fe-
dAvg [34]), 2) personalized federated learning methods (Fed-
Prox [26], FedBN [52], FedGA [56]), 3) standard test-time
adaptation methods (Tent [47]) and continual test-time adap-
tation methods (CoTTA [48], BeCoTTA [23], TCA [36]),
and 4) methods combining TTA with federated learning
(ATP [2], FedTHE+ [17], FedCTTA [40], TTA-FedDG [28]).
We implemented the aforementioned methods on the brand-
new FedCTTA setting and reported the performance.

Implementation Details. We use a consistent setup across
all benchmarks for fair comparison. We employ ResNet-
18 [14] for CIFAR10-C and CIFARI100-C (severity 5),
Segformer-B5 [50] for Cityscapes-to-ACDC, and U-Net [41]
for the Retinal Fundus and Prostate MRI benchmarks.To
simulate data heterogeneity for CIFAR and Cityscapes, we
partition data using a Dirichlet distribution (o« = 0.5). For
the medical datasets (Retinal Fundus and Prostate MRI), we
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Table 2. Semantic segmentation results (mIoU in %) on the Cityscapes-to-ACDC benchmark. The model is continually adapted to the four
adverse conditions without model reset. All results are evaluated based on the Segformer-B5 [50] architecture. Bold text indicates the best.

Seq 1 Seq e 2 Seq 3 Seq e 4
Method Fog Night Rain Snow Mean Snow Rain Night Fog Mean Night Fog Snow Rain Mean Rain  Smow Fog  Night Mean
Source 69.10 4030 59.70 57.80 56.73 57.80 59.70 4030 69.10 56.73 4030 69.10 57.80 59.70 56.73 59.70 57.80 69.10 4030 56.73
Local 6345 3892 5583 5427 53.12 5405 55.64 3876 6328 5293 3859 63.12 53.84 5546 5275 5527 53.62 6295 3843 5257
FedAvg 6478 39.85 5694 5563 5430 5534 56.68 39.62 6452 5404 3938 6425 5504 5641 5377 56.15 5475 63.98 39.15 53.51
FedProx 6540 40.52 56.80 56.16 5507 5639 57.20 4082 65.10 5525 40.78 6543 56.01 56.88 5537 56.62 5399 6569 4172 54.80
FedBN 65.32 4047 57.62 5638 5495 5621 5745 4032 6518 5479 40.16 6503 56.03 5728 54.63 57.11 5586 64.87 40.01 5446
FedGA 66.15 4123 5837 57.14 5572 56.89 58.13 41.05 6594 5550 40.86 6572 56.63 57.89 5528 57.65 5638 6550 40.68 55.05
Tent 67.84 42.15 59.83 5842 57.06 56.84 58.12 40.78 66.23 5549 3954 64.86 5548 56.73 54.15 55.18 5396 6345 3827 5272
CoTTA 69.52 4328 6145 60.13 5860 59.67 6083 4265 6894 5802 4208 6842 5928 60.35 5753 59.82 5874 6785 4153 56.99
BeCoTTA 70.82 44.63 6278 61.45 59.92 60.38 6149 4327 69.16 5858 42.16 6785 5942 60.54 5749 5943 58.15 6638 41.28 56.31
TCA 7125 45.18 6324 6197 6041 61.52 62.86 4473 7084 59.99 4425 7036 61.03 6241 5951 61.87 6041 69.78 4372 5895
FedTHE+ 72.14 4632 6438 6325 61.52 6297 64.12 4594 7193 6124 4555 7171 62.68 63.85 6095 63.57 6238 7148 4515 60.65
ATP 71.68 4573 6379 62.58 6095 62.24 6348 4536 7142 60.63 4498 71.15 6189 63.16 6030 6283 61.53 70.87 4459 59.96
FedCTTA 7224 4647 64.65 6329 61.66 6438 6543 4797 7335 6278 4857 7329 6538 66.59 6346 6645 66.51 7390 4626 63.28
TTA-FedDG 7259 46.87 6493 6389 62.07 63.68 64.73 4652 7238 61.83 46.16 7216 6346 6452 6158 6430 63.23 7193 4579 6131
BPFedCTTA 7325 47.68 65.84 64.73 62.88 6582 6695 4893 7412 63.96 49.75 7486 6648 67.63 64.68 68.15 67.03 75.24 50.32 65.19

Table 3. Performance comparison (Dice Score, %) on the Retinal Fundus and Prostate MRI segmentation benchmark.

Results are shown

for individual target domains(using Sites A B C as source domains for continually testing on Site D E F, and vice-versa). All results are
evaluated based on the U-Net [41] architecture. Bold text indicates the best.

Retinal Fundus Segmentation

MRI Prostate Segmentation

Method Sequence 1(ABC - DEF) Sequence 2(DEF > A B C) Sequence 3(AB C > DEF) Sequence 4 DEF — A B C)
Time/Client —— Mean Time/Client —— Mean Time/Client —— Mean Time/Client — Mean
SiteD SiteE Site F Site A Site B Site C SiteD Site E  Site F Site A Site B Site C
Source 69.73 7028 69.62 69.88 6935 70.07 6894 6945 69.86 70.41 69.75 70.01 69.42 70.14 6898 69.51
Local 7032 70.78 70.15 7042 69.83 7047 6938 69.89 70.27 70.73 70.08 7036 69.76  70.41 69.25 69.81
FedAvg 71.05 7020 7150 7092 73.04 5522 7505 6777 68.03 7251 6997 70.17 65.11 73.02 7578 71.30
FedProx 7120 70.85 72.01 7135 75.01 60.10 7549 7020 70.08 73.04 69.79 7097 6823 73.14 7553 72.30
FedBN 7250 7190 7213 72,18 7478 68.19  76.12 73.03 72.54 72.01 67.03 70.53 68.01 7298 7582 7227
FedGA 7210  71.55 73.00 7222 7420 6694 7492 7202 6626 69.93 68.61 68.27 70.84 7286 7491 7287
Tent 7145 71.32  71.03 71.27 7094 70.81 70.55 70.77 7138 71.25 71.01 7121  70.87 70.69  70.42  70.66
CoTTA 7283 7251 72,04 7246 7232 72.15 7183 72.10 7276 72,59  72.17 7251 7225 72.07 71.81 72.04
BeCoTTA 7327 7354 7313 7331 7276  73.09 7262 72.82 7321 7347 73.06 7325 72,69 73.12 7255 72779
TCA 7372 74.01 73.82 7385 7321 7354 73.07 7327 73.67 73.95 73.56 7373 73.14 73.67 73.00 73.27
FedTHE+ 7463 7527 7459 7483 7412 7495 7400 7436 7458 7522 7440 7473 71.05 7488 7393 73.29
ATP 7416 7448  74.11 7425 73.65 7408 73.52 7375 7412 7443 74.05 7420 73.58 74.12 7345 7372
FedCTTA 7473 75.82 7472 7509 75.02 7437 7336 7425 7574 7466 75.61 7534 7474  75.04 7498 7492
TTA-FedDG  75.08 75.75 75.13 7532 7458 7542 7448 7483 75.04 7591 75.07 7534 7451 7534 7441 74.75
BPFedCTTA 7490 76.16 7550 75,52 7550 75.67 7503 7511 76.01 7450 7590 7547 7490 7560 74.68 75.06

use the natural domain split, where each medical center is a
client, preserving real-world domain shifts.For our BPFed-
CTTA, the client-side BPA uses an Adam optimizer with a
learning rate of 7 = le — 4. The server-side UGSA learn-
ing rate is y = 0.5. All experiments were implemented in
PyTorch and run on 2 NVIDIA 3090 GPUs.

Evaluation Metrics. We evaluate classification performance
using standard accuracy. For segmentation tasks, we use
Mean Intersection over Union (mloU, %) for natural images
and the Dice score (%) for medical images.

4.3. Experimental Results

Results on Image Classification Benchmarks. As shown
in Table 1, our BPFedCTTA achieves state-of-the-art average
accuracy on both CIFAR10-C (68.44%) and CIFAR100-C
(67.58%), outperforming all baselines. FedAvg provides a
strong baseline (65.49%, 59.50%) but lacks specialized adap-
tation. Personalized FLL methods such as FedBN (64.34%,
57.91%) perform poorly as they require labeled data. Stan-
dard TTA methods (Tent: 65.41%, CoTTA: 66.28%) show
significant performance degradation in sequential settings

(e.g., CoTTA drops from 58.60% to 56.99% in Table 2),
highlighting their instability, while continual TTA methods
(BeCoTTA: 67.36%, TCA: 66.92%) narrow the gap but still
trail our approach. Notably, BPFedCTTA surpasses feder-
ated TTA competitors FedTHE+ (67.93%) and TTA-FedDG
(68.09%) on CIFAR10-C, demonstrating robustness.

Results on Natural Image Semantic Segmentation. Ta-
ble 2 shows BPFedCTTA achieves the highest average mloU
on Cityscapes-to-ACDC, with progressive improvement
across sequences (Seql: 62.88%, Seq4: 65.19%), indicating
effective continual learning. In contrast, the source model
remains static (56.73%), while FedAvg (54.30%—53.51%)
and Local fine-tuning (53.12%—52.57%) degrade over time.
Tent collapses from 57.06% to 52.72%, and CoTTA drops
from 58.60% to 56.99%, highlighting their instability. The
progressive improvement in mloU across sequences (from
62.88% to 65.19%) confirms that UGSA successfully inte-
grates reliable knowledge from sequential clients.

Results on Medical Image Segmentation. On medical
benchmarks (Table 3), BPFedCTTA delivers robust perfor-
mance, achieving top-2 mean Dice scores in 3 of 4 sequences.
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Table 4. Comprehensive ablation study of BPFedCTTA components across all benchmarks. Bold text indicates the best.

Method CIFAR Cityscapes to ACDC Retinal Fundus Prostate MRI

CIFAR10-C CIFAR100-C Seql Seq2 Seq3 Seq4 Seql Seq2 Seq3  Seq4
FedAvg 65.49 59.50 5430 54.04 5377 53,51 7092 6777 70.17 71.30
+ Tent 64.72 57.51 57.06 5549 54.15 5272 7127 70.77 70.66 70.46
+BPA 67.15 62.89 59.82 59.24 58.71 5830 7331 7282 7279 7246
+ Tent + UGSA 66.83 61.45 58.53 5898 5846 58.12 7246 7210 72.04 71.85
BPFedCTTA (Ours) 67.74 64.57 62.88 63.96 64.68 65.19 7552 7511 7547 75.06

CIFAR-10-C CIFAR-100-C

Table 5. Comparison of uncertainty estimation methods for UGSA
across multiple benchmarks. We report accuracy (%) on CIFAR10-
C and CIFAR100-C datasets, computational time per client (sec-
onds), and forgetting measure (A%, lower is better).

CIFAR Accuracy
CIFAR10-C  CIFAR100-C

68.44 64.57
68.10 63.95
68.62 64.89
68.79 65.12
68.75 64.98
68.65 64.85

Uncertainty Method Time/Client (s) Forgetting (A%)

4.492
6.112

8.834
19.457
64.920
20.125

4.21
4.58
3.95
3.82
345
3.54

Predictive Entropy
Max Probability
Energy Score
Prediction Consistency
MC Dropout (7" = 10)
Ensemble (M = 3)

For Retinal Fundus, it leads Sequence 1 (75.52%) over TTA-
FedDG (75.32%) and FedTHE+ (74.83%), and remains
highly competitive in Sequence 2 (75.11%). On Prostate
MR, it achieves the highest score in Sequence 4 (75.06%).
The consistent performance across sequences (75.52%,
75.11%, 75.47%, 75.06%) demonstrates greater stability
compared to baselines such as FedGA (72.22%—68.27%).
These results validate our framework’s generalizability in
privacy-sensitive medical domains.

4.4. Further Empirical Analysis

Effectiveness of BPA and UGSA. Ablation results in Ta-
ble 4 confirm the necessity of both components. FedAvg
performs poorly. While Tent improves classification, it
fails catastrophically in sequential scenarios (dropping from
57.06% to 52.72%). BPA alone substantially boosts perfor-
mance over Tent (e.g., +2.43% on CIFAR10-C, +5.38% on
CIFAR100-C) and improves stability. The variant + Tent
+ UGSA shows that aggregation alone mitigates forgetting
but is less effective. The full BPFedCTTA achieves the best
performance, with progressive improvement on Cityscapes-
to-ACDC (62.88% — 65.19%), confirming BPA and UGSA
are complementary: BPA ensures stable local adaptation,
while UGSA enables safe global consolidation.
Effectiveness of uncertainty estimation methods. As
shown in Tab. 5, Entropy provides the best speed-accuracy
trade-off, while Energy Score offers improved accuracy and
reduced forgetting with minimal computational overhead.
Multi-view methods (Prediction Consistency, MC Dropout,
Ensemble) achieve the best accuracy and stability at signifi-
cantly higher computational cost.

Effectiveness over heterogeneity of source data. As shown
in Fig. 3, BPFedCTTA maintains superior performance
across all Non-IID levels, achieving 64.5% and 62.5% under
extreme heterogeneity (o = 0.05), 1.4% and 1.8% higher
than the strongest baseline. Performance degradation from

L o8

—e— FedAvg (No TTA)

64 Tent

—e— TCA

62 —e— FedTHE+

—o— TTA-FedDG
BPFedCTTA (Ours)

Accuracy (%)

0.05 10.0 7005 10.0

X 05 1.0 . 15 10
Dirichlet Concentration Parameter () Dirichlet Concentration Parameter (a)

Figure 3. Performance comparison of different methods under
varying degrees of data heterogeneity (Non-I1ID).
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Figure 4. Hyperparameters (7 and ) sensitivity analysis of the
UGSA mechanism on the CitySpace to ACDC benchmark.

a = 10.0 to o = 0.05 is only 5.3% and 6.7%, lower than
FedAvg’s 9.0% and 9.3%, demonstrating robustness in het-
erogeneous federated scenarios.

Effectiveness of v and 3 in UGSA module. Sensitivity
analysis (Fig. 4) shows S is crucial: at § = 0.0 (UGSA
off), Stability collapses to 51.8%. Stability peaks at 5 =
0.2 (62.9%), with overall performance also optimal (63.5%
mloU), balancing Stability and Plasticity. With 5 = 0.2,
v = 0.5 maximizes overall performance (63.5% mloU),
while lower ~y (0.1) suppresses Plasticity (61.0%) and higher
v (1.0) reduces Stability (59.0%).

5. Conclusion

This paper tackles the challenging Federated Continual Test-
Time Adaptation (FedCTTA) scenario, where unlabeled
clients with heterogeneous data arrive sequentially. We
identify two core challenges: unstable local adaptation and
destructive global aggregation. To address these, we pro-
pose BPFedCTTA, a Bayesian framework that unifies local
adaptation and global evolution via two key components:
(1) Bayesian Prior-guided Adaptation (BPA), which stabi-
lizes local updates using the global model as a prior, and
(2) Uncertainty-Gated Single-client Aggregation (UGSA),
which selectively integrates reliable client updates to miti-
gate catastrophic forgetting. Extensive experiments demon-
strate that BPFedCTTA achieves superior and more stable
performance, outperforming existing methods.
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