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Abstract

Federated learning (FL) enables privacy-preserving
collaboration for medical image analysis across de-
centralized institutions but faces major challenges
from non-IID data distributions, high communica-
tion overhead in multi-round protocols, and catas-
trophic forgetting when models must adapt to se-
quentially arriving tasks. These issues are particu-
larly critical in healthcare, where repeated client par-
ticipation is often infeasible. We address this setting
by proposing a novel class-incremental continual
learning (CL) model for a one-shot FL paradigm,
in which each task introduces new classes, clients
observe heterogeneous and evolving class distribu-
tions, and communication with the server occurs
only once. Clients estimate class-conditional fea-
ture distributions via variational inference (VI) from
private data and transmit compact statistics to the
server, which synthesizes features to train a global
classifier in a single communication round. The
server aggregates these distributional summaries,
synthesizes feature embeddings, and learns a global
classifier without revisiting real past data or con-
tacting clients again. Our major novelty is contin-
ual adaptation at the distribution level via synthetic
replay from stored class mixtures, complemented
by lightweight distillation. This approach substan-
tially mitigates catastrophic forgetting while consis-
tently enhancing recognition of newly introduced
classes. Extensive experiments on multiple medical
imaging benchmarks demonstrate that our method
outperforms both state-of-the-art one-shot FL and
class-incremental CL approaches. Compared with
existing CL models, it achieves 90–97% average ac-
curacy with near-zero forgetting (≤ 0.10%) across
different tasks and evaluation settings.

1 Introduction
Deep learning has achieved remarkable success in medical
image analysis, enabling accurate diagnosis and decision sup-
port across modalities such as X-ray, CT, MRI, dermoscopy,
and histopathology [Shen et al., 2017; Chan et al., 2020].

However, training medical imaging models remains challeng-
ing due to privacy regulations, limited data sharing across
institutions, and data heterogeneity arising from differences in
acquisition protocols, devices, patient populations, and disease
prevalence [Kaissis et al., 2020].

FL addresses these challenges by enabling collaborative
training without centralizing raw data [McMahan et al., 2016].
In FL, clients such as hospitals or medical centers train lo-
cal models on private data and share only model updates
with a central server, thereby preserving data privacy and
regulatory compliance. Most existing FL methods rely on
multi-round communication protocols, such as FedAvg and
FedProx [McMahan et al., 2016; Li et al., 2020], which
require repeated client participation and synchronized up-
dates. However, in real-world healthcare settings, repeated
communication is often impractical due to strict security
policies, restricted network connectivity, limited access win-
dows governed by ethical approvals, and increased expo-
sure to privacy and security risks [Kaissis et al., 2020;
Eichelberg et al., 2020].

These constraints motivate one-shot FL, where collabora-
tive model training is completed using a single communication
round [Guha et al., 2019]. However, without iterative correc-
tion, it must contend with severe data heterogeneity, class
imbalance, and domain shifts within a single exchange [Gong
et al., 2021; Jin et al., 2022; Zhang et al., 2022]. These meth-
ods are often fragile in medical imaging settings, where feature
distributions are complex, data are scarce, and small distribu-
tional shifts (particularly in rare or ambiguous cases) can lead
to abrupt label changes [Kang et al., 2025].

Addressing such evolving settings requires CL, which aims
to incrementally incorporate new tasks while mitigating catas-
trophic forgetting [Parisi et al., 2019; Kirkpatrick et al., 2017].
Although Federated Continual Learning (FCL) has been stud-
ied in multi-round and data-accessible settings [Hamedi et
al., 2025; Ma et al., 2022; Yang et al., 2024], its integration
with one-shot FL remains largely unexplored. Existing FCL
methods typically assume repeated client participation, access
to real data or gradients, or multiple communication rounds
assumptions that are incompatible with one-shot FL and par-
ticularly restrictive in privacy-sensitive medical environments.

In this work, we bridge this gap by proposing VCL-FPFT
(Variational Continual Learning for Federated Parametric Fea-
ture Transfer), a novel one-shot FCL framework for medical
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Figure 1: Overview of the proposed one-shot FCL framework. Clients share variational posterior parameters (µ, π,Σ) instead of raw data,
enabling privacy-preserving synthetic feature aggregation at the server, followed by class-incremental CL on the head classifier.

imaging. We consider a class-incremental FL setting in which
each client participates in only one communication round, his-
torical data are unavailable, and the label space can evolve over
time. Our approach operates entirely at the level of feature
distributions: clients transmit uncertainty-aware summaries
of class-conditional feature statistics, and the server performs
distribution-driven continual adaptation using synthetic feature
replay and lightweight knowledge distillation. This design en-
ables incremental model adaptation without additional client
participation, access to past data, or repeated communication.

Extensive experiments on multiple medical imaging bench-
marks under IID and non-IID partitions show that the proposed
method achieves robust performance in both one-shot and con-
tinual settings, outperforming existing one-shot FL and FCL
baselines while maintaining strict privacy and communication
constraints.

Our main contributions are
– To the best of our knowledge, we formulate the first

one-shot FCL problem for medical imaging, combining
single-round communication with class-incremental task
evolution.

– Propose a distribution-level continual adaptation mecha-
nism based on uncertainty-aware synthetic feature replay
and knowledge distillation, mitigating catastrophic for-
getting without access to real data or additional commu-
nication rounds.

2 Related Work
This section reviews federated learning, continual learning,
and their intersection, focusing on communication efficiency,
data heterogeneity, and privacy constraints. We highlight the
limitations of existing approaches and motivate the need for
one-shot federated continual learning.
Federated Learning. In a standard FL setup, each client per-
forms local optimization on its private dataset and periodically
transmits model updates to a coordinating server, which ag-
gregates them to form a global model [Jin et al., 2022]. Most
classical FL algorithms, including FedAvg [McMahan et al.,
2016] and FedProx [Li et al., 2020], rely on iterative, multi-
round communication to mitigate client heterogeneity and

improve convergence. While effective, repeated communica-
tion incurs significant bandwidth and computational overhead,
increases attack surfaces, and may violate deployment con-
straints in large-scale or privacy-critical environments [Zhang
et al., 2021a; Banabilah et al., 2022].

To address these challenges, one-shot FL has been proposed
as a communication-efficient alternative, where each client
participates in exactly one communication round [Guha et
al., 2019; Wang et al., 2025]. Existing one-shot FL methods
can be broadly categorized into two paradigms. (i) Knowl-
edge distillation–based approaches aggregate client knowl-
edge via logits or soft predictions, often relying on public
or proxy datasets [Gong et al., 2021]. (ii) Parameter fusion
or neuron-matching methods directly align or merge client
models without data access [Jin et al., 2022].

Despite their efficiency, existing one-shot FL approaches
are primarily designed for static learning problems and re-
main sensitive to strong statistical heterogeneity. In particular,
distillation-based methods typically assume the availability of
auxiliary data, while parameter-fusion methods struggle under
label skew and task mismatch. Moreover, these methods do
not address scenarios where client data evolve sequentially
over time, limiting their applicability in non-stationary and
continual learning settings.
Continual Learning. CL addresses the challenge of learn-
ing from data streams that arrive sequentially over time, where
naive training leads to catastrophic forgetting of previously
acquired knowledge [Parisi et al., 2019; Kemker et al., 2018].
CL methods aim to enable models to incrementally acquire
new knowledge while retaining performance on earlier tasks.

Existing CL approaches can be broadly categorized by their
mechanisms for preserving past knowledge. Regularization-
based methods, such as Elastic Weight Consolidation
(EWC) [Kirkpatrick et al., 2017], penalize changes to pa-
rameters deemed important for previous tasks. Parameter
isolation methods allocate task-specific sub-networks or pa-
rameters to avoid interference, as in PackNet [Mallya and
Lazebnik, 2017] and PathNet [Fernando et al., 2017]. Dy-
namic architecture approaches, including Progressive Neural
Networks [Rusu et al., 2022], expand model capacity as new
tasks arrive. Replay-based methods rehearse past knowledge
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Dataset α N. Tasks Overall Acc. Task 0 Task 1 Task 2 Task 3 Avg. Acc.
TissueMNIST 0.3 4 56.25 82.68 81.28 73.81 73.33 77.78
TissueMNIST 0.6 4 56.55 81.36 81.61 75.01 75.23 78.30
TissueMNIST IID 4 59.92 83.82 84.14 78.98 78.55 81.37
PathMNIST 0.3 3 90.47 99.25 99.69 91.32 – 96.75
PathMNIST 0.6 3 91.89 99.17 99.91 90.98 – 96.69
PathMNIST IID 3 91.81 99.21 100.00 92.65 – 97.29
DermaMNIST 0.3 4 61.15 71.60 90.12 80.18 100.00 85.48
DermaMNIST 0.6 4 58.40 69.82 90.95 76.98 100.00 84.44
DermaMNIST IID 4 64.44 71.01 88.48 82.03 100.00 85.38
BloodMNIST 0.3 4 85.44 98.27 95.28 95.45 99.65 97.16
BloodMNIST 0.6 4 86.79 97.81 95.17 95.45 99.91 97.09
BloodMNIST IID 4 90.59 98.73 96.18 96.02 99.91 97.71
OCTMNIST 0.3 2 73.30 86.20 84.20 – – 85.20
OCTMNIST 0.6 2 76.10 89.00 82.40 – – 85.70
OCTMNIST IID 2 78.10 91.00 81.20 – – 86.10

Table 1: Classification accuracy of VCL-FPFT on MedMNIST
datasets under Dirichlet-based non-IID (α) and IID partitions.

using stored or generated samples [Rolnick et al., 2019], while
knowledge distillation–based methods transfer information
from previous models without retaining historical data [Heo
et al., 2019].

Although effective in centralized settings, many CL tech-
niques rely on assumptions that are incompatible with feder-
ated environments, such as persistent access to historical data,
task identifiers, or centralized control over model capacity.
These limitations motivate adaptations of CL principles to
decentralized and privacy-constrained learning systems.

Federated Continual Learning. FCL integrates FL and
CL to support collaborative learning over distributed clients
whose data evolve sequentially over time [Hamedi et al., 2025;
Yang et al., 2024]. In realistic decentralized deployments,
clients experience non-stationary and heterogeneous data
streams, and raw data sharing is prohibited, making FCL both
natural and challenging. FCL inherits challenges from both
paradigms. From CL, it must mitigate temporal forgetting,
where learning new tasks degrades performance on earlier
ones [McCloskey and Cohen, 1989]. From FL, it must ad-
dress spatial forgetting, which arises when aggregating mod-
els trained on heterogeneous client distributions or task se-
quences [Yang et al., 2024]. Effective FCL methods must
therefore enable local continual adaptation while supporting
robust global knowledge aggregation.

Prior work has adapted classical CL strategies to feder-
ated settings. Regularization-based approaches such as Fed-
Curv [Shoham et al., 2019] constrain important parameters
across tasks, while knowledge distillation–based methods,
including FedCL [Yao and Sun, 2020], transfer knowledge
between successive models without storing historical data.
Other approaches incorporate CL-inspired mechanisms into
federated aggregation to handle non-IID data and concept
drift [Hamedi et al., 2025].

FCL settings can be further classified into synchronous and
asynchronous regimes [Yang et al., 2024]. In synchronous
FCL, all clients follow a shared task sequence, whereas asyn-
chronous FCL allows clients to encounter tasks in distinct
and evolving orders. A particularly challenging instance is
federated class-incremental learning, where clients observe
disjoint and expanding class sets, and the global model must
recognize the union of all observed classes over time.

Despite recent advances, most existing FCL methods rely
on multi-round communication, repeated client participation,

or access to real or proxy data. As surveyed in [Hamedi et al.,
2025], current benchmarks predominantly focus on natural
images or sensor data and rarely consider communication-
constrained or privacy-critical domains such as medical imag-
ing. Even FCL approaches tailored to medical applications
typically assume iterative training protocols [Zhou and Wang,
2025].

These limitations expose a critical gap: the lack of FCL
frameworks that simultaneously support one-shot communica-
tion, asynchronous continual learning, and strict data privacy.
Addressing this gap is essential for deploying FL systems in
real-world, privacy-sensitive, and resource-constrained envi-
ronments.

3 Methodology
In many real-world deployments (e.g., hospitals), a global
model is trained once using FL and subsequently deployed,
while the underlying label space may continue to evolve over
time. After deployment, novel classes can emerge due to previ-
ously unseen conditions or changing operational requirements,
whereas retraining from scratch or revisiting historical client
data is often infeasible because of privacy and communication
constraints. To address this problem, we propose a one-shot
FCL framework that aggregates client knowledge through
probabilistic class-conditional VI feature models, as shown in
Figure 1. The global representation is estimated in a single
communication round, after which the server performs syn-
thetic feature generation and replay-based CL to incorporate
newly introduced classes without accessing raw client data.
Throughout the entire pipeline, raw samples remain strictly
local to clients, and only VI parameter representations are
exchanged, ensuring no raw data sharing.

3.1 Problem Statement
We study class-incremental CL under one-shot federated
constraints. A system consists of K clients, where client
k owns a private dataset Dk = {(xi, yi)}Nk

i=1 with labels
yi ∈ {1, . . . , C}, and data across clients are non-i.i.d. and
potentially class-incomplete. The global label space is re-
vealed sequentially as disjoint tasks {Ct}Tt=1, where at task
t the learner must correctly classify all classes in

⋃
τ≤t Cτ .

Each client communicates with the server exactly once. The
server aggregates client information into a global represen-
tation and subsequently performs class-incremental learning
without further client interaction. The objective is to learn
a global classifier hϕ : Rd → {1, . . . , C} that incorporates
newly introduced classes while preserving performance on
previously observed classes under these constraints.

3.2 Local Representation Learning at Clients
Each client independently trains a feature extractor fθk :
RH×W×Cin → Rd, implemented as an attention-based Mo-
bileNet backbone with embedding dimension d1 [Orang et al.,
2025]. Given an input x, the neural network produces an em-
bedding z = fθk(x), which is subsequently ℓ2-normalized as

1Clients start from a pretrained backbone.
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ẑ = z
∥z∥2

, to stabilize the subsequent probabilistic modeling
in feature space

Given a normalized embedding ẑi with label yi, we define
the cosine similarity s(ẑi,µ) = ẑ⊤i µ/∥µ∥2. The Proxy-NCA
likelihood is defined as

p(yi = c | ẑi) =
exp(s(ẑi,µk,c))∑C

c′=1 exp(s(ẑi,µk,c′))
. (1)

Client k refines the embedding space using a Proxy-NCA
objective, which clusters embeddings around class-specific
proxies. Each class c is associated with a variational proxy
qk,c(µ) = N (µk,c,Σk,c), where µk,c represents the class
center (mean) and Σk,c captures intra-class uncertainty (co-
variance). To mitigate client drift induced by heterogeneous
data distributions, batch normalization layers in the backbone
are frozen during training [Li et al., 2021].

The Σk,c ∈ Rd×d is a full covariance matrix capturing cor-
relations between feature dimensions. To ensure positive semi-
definiteness, the covariance is parameterized via a Cholesky
decomposition Σk = LkL

⊤
k . The variational means are ini-

tialized as µk ∼ U(−1/
√
d, 1/

√
d), while Lk is initialized to

yield near-isotropic covariances with small variance, following
standard practice in variational Bayesian models, as in [Liu
et al., 2019].

To incorporate uncertainty, proxies are treated as latent vari-
ables and optimized using a variational Proxy-NCA objective
[Kim et al., 2022; Barros et al., 2024],

LV-PNCA(θk, µk,Σk) = −
∑
i

Eµk,yi
∼qk,yi

[log p(yi | ẑi)]

+
∑
c

KL(qk,c ∥ pc)

(2)
where pc is an isotropic Gaussian prior. This objective can

be interpreted as learning a posterior over class prototypes,
where the expected Proxy-NCA likelihood encourages discrim-
inative alignment, while the KL term regularizes uncertainty
under limited local data.

Additionally, the KL regularizer prevents overconfident
proxies and stabilizes training when class sample sizes are
small. In practice, the expectation is approximated using a
MCMC sample (five) per iteration with reparameterization
trick [Ganguly and Earp, 2021], generalizing Proxy-NCA by
representing each class as a distribution instead of a single
point, enabling proxies to capture both the mean and uncer-
tainty of local embeddings for robust aggregation across het-
erogeneous clients.

3.3 One-Shot Server-Side Aggregation
All subsequent embedding extraction and probabilistic mod-
eling are performed in this shared space, ensuring alignment
across clients. For each class c, it receives a set of Gaussian
components {(µk,c,Σk,c, nk,c)}k∈Kc

from clients containing
class c. Instead of averaging parameters, which would ob-
scure client-specific structure, the server constructs a mixture
distribution

qglobal
c (z) =

∑
k∈Kc

πk,c N (z | µk,c,Σk,c),

πk,c =
nk,c∑

k′∈Kc
nk′,c

.
(3)

This aggregation preserves multimodality arising from
client heterogeneity and avoids collapsing distinct local rep-
resentations into a single prototype. In addition, the server
estimates a global class prior pc = β p̂c + (1− β) 1

C , where
p̂c is the empirical class frequency aggregated across clients
and β ∈ (0, 1) is a mixing coefficient. The resulting prior is
clipped and renormalized to prevent dominance by frequent
classes. Intuitively, the server treats each client as a mixture
component, preserving multi-modal class structure induced by
heterogeneous data.

3.4 Continual Learning with Synthetic Replay
We consider a class-incremental learning setting in which
the global class set is partitioned into a sequence of disjoint
tasks {Ct}Tt=1. At task t, new classes Ct previously unseen
was introduced, expanding the total label space from Ct−1 to
Ctotal = Ct−1 ∪ Ct, with Ctotal = Ct−1 + Ct. Throughout CL,
the backbone encoder remains frozen, and all adaptation is
confined to the classifier head.

For each class c, the server maintains a global variational
mixture qglobal

c obtained via feature-level aggregation across
clients. When learning task t, synthetic embeddings for newly
introduced classes c ∈ Ct are sampled from their correspond-
ing global mixtures. To mitigate catastrophic forgetting of
previously learned classes, the server additionally generates
replay embeddings for classes c ∈ Ct−1 from their stored
mixtures.

Let {zcur
i , ycur

i }mcur
i=1 denote synthetic embeddings from the

current task and {zrep
j , yrep

j }mrep
j=1 replay embeddings from past

tasks. At task t, the server trains a new classifier head
hϕt : Z → RCtotal using a combination of cross-entropy and
knowledge distillation losses [Hinton et al., 2014]. Specifi-
cally, the training objective is

L(ϕ) = 1

mcur

mcur∑
i=1

ℓCE(hϕ(z
cur
i ), ycuri )︸ ︷︷ ︸

LCE,cur(ϕ)

+
1

mrep

mrep∑
j=1

ℓCE

(
hϕ(z

rep
j ), yrepj

)
︸ ︷︷ ︸

LCE,rep(ϕ)

+ λKD T 2 1

mrep

mrep∑
j=1

DKL

(
σ

(
hϕ(z

rep
j )

T

) ∥∥∥σ(hϕt−1
(zrepj )

T

))
︸ ︷︷ ︸

LKD(ϕ)

.

(4)
where σ(.) is the softmax function, ℓCE(·, y) =

− log(σ(·)y) is the cross-entropy loss, hϕt−1 is a frozen copy
of the classifier head from the previous task, λKD > 0 controls
the distillation strength, and T > 0 is a temperature parameter.

The cross-entropy terms encourage discrimination over both
current and replayed classes, while the distillation loss pre-
serves the output distribution of the previous classifier on
replayed embeddings, thereby stabilizing predictions for old
classes. By performing CL entirely in the feature space with
synthetic replay, the proposed method avoids storing raw data,
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incurs minimal communication overhead, and enables scalable
class-incremental adaptation at the server2.

4 Experiments
To our knowledge, there is no public benchmark that simul-
taneously satisfies: (i) single-round FL, (ii) post-deployment
class-incremental expansion, and (iii) no access to historical
client data. We therefore evaluate one-shot FL baselines for the
deployment stage and CL baselines for the post-deployment
stage under a unified protocol and additionally report their
performance. To ensure reproducibility, code is available at:
https://github.com/Omid-Orang/one-shot-FL-VCL.

Protocol. We follow a two-stage timeline. During deploy-
ment, K = 5 clients participate in a single communication
round: each client trains a local embedding model and trans-
mits only class-conditional VI parameters to the server, while
raw samples remain local. The server aggregates client VI
parameters to obtain a global feature model and trains an
initial classifier. After deployment, the server performs class-
incremental updates using synthetic feature replay generated
from the aggregated VI model, without revisiting any histori-
cal client data.

Datasets. We evaluate on MedMNIST datasets (BloodM-
NIST, DermaMNIST, OCTMNIST, PathMNIST, OrganAM-
NIST, TissueMNIST) [Yang et al., 2023], and addition-
ally consider higher-resolution datasets (224× 224), includ-
ing RSNA [Anouk Stein et al., 2018], Diabetic Retinopa-
thy [Dugas et al., 2015], and ISIC [Codella et al., 2019;
Kang et al., 2025].

Task construction and data partitions. We follow a class-
incremental protocol where the label space is revealed as T ∈
{2, 3, 4} disjoint tasks. At task t, the model must classify
all classes in ∪τ≤tCτ . Classes are evenly split across tasks
with a fixed ordering per seed. We evaluate both IID and
Dirichlet-based non-IID partitions with α ∈ {0.3, 0.6}.

Baselines. For one-shot FL, we compare against Fe-
dAvg3 [McMahan et al., 2016], DAFL [Chen et al.,
2019], DENSE [Zhang et al., 2021b], FedISCA, and E-
FedISCA [Kang et al., 2025]. FedAvg(1) denotes a strict
single-epoch local update before aggregation. For post-
deployment learning, we benchmark against representative
class-incremental learning methods in [Verma et al., 2023; De-
rakhshani et al., 2022], including regularization-, expansion-,
and replay-based approaches under the same task protocol.

Implementation details. Embedding dimension is fixed to
256. Local models are trained for 50 epochs using AdamW
with learning rate 10−4 and batch size 128. On the server,
2,000 synthetic features per class are generated using a mixed
class prior. The global classifier is trained for 100 epochs
with learning rate 5×10−4. During class-incremental updates,

2Before final classifier training, a variational Proxy-NCA step is
applied to synthetic features of newly introduced classes to estimate
their class-conditional variational parameters.

3FedAvg is evaluated in two variants: standard FedAvg with 50
communication rounds, and a one-shot version (FedAvg(1)) with a
single round of aggregation.

replay uses 8,000 synthetic samples per previously observed
class, with knowledge distillation weight λKD = 0.2 and
temperature T = 2.0. All experiments are conducted on an
NVIDIA RTX 6000 GPU.

Metrics. Let at,i denote the accuracy on task i after
training task t. Final average accuracy is defined as
AvgAcc = 1

T

∑T
i=1 aT,i. Average forgetting is computed

as F = 1
T−1

∑T−1
i=1

[
(maxt∈{1,...,T} at,i)− aT,i

]
, following

standard CL settings [Verma et al., 2023; Derakhshani et al.,
2022]. We additionally report overall accuracy on the union
of all observed classes.

5 Results and Discussion
We evaluate VCL-FPFT in three scenarios: (i) comparison
with one-shot FL methods at deployment, (ii) robustness
under model heterogeneity, and (iii) post-deployment class-
incremental learning compared with representative CL base-
lines.

Scenario I: Comparison with One-Shot FL Methods. We
first compare VCL-FPFT with recent one-shot FL approaches
under IID and Dirichlet-based non-IID partitions with α ∈
{0.3, 0.6}. Table 1 reports the class-incremental performance
of VCL-FPFT across MedMNIST datasets. As expected,
stronger heterogeneity (smaller α) generally reduces overall
and average accuracies, while IID partitions usually yield the
best results. Importantly, VCL-FPFT maintains stable accu-
racy across tasks, indicating that the post-deployment updates
do not collapse performance on earlier classes.

Table 2 compares one-shot FL methods under non-IID par-
titions. VCL-FPFT achieves the best performance on Blood-
MNIST and PathMNIST under both α = 0.6 and α = 0.3,
and remains best or second-best on OCTMNIST and TissueM-
NIST (α = 0.3). Under severe heterogeneity (α = 0.3),
VCL-FPFT yields clear gains over FedAvg(1), DAFL, and
DENSE, and improves upon FedISCA and E-FedISCA on
several datasets. These results suggest that aggregating class-
conditional VI parameters provides an effective global feature
model even when client data are non-IID.

We further report IID performance across eight datasets in
Table 3. VCL-FPFT achieves top accuracy on BloodMNIST
and PathMNIST and remains competitive on other MedM-
NIST benchmarks. On higher-resolution datasets (RSNA,
Diabetic Retinopathy, and ISIC), VCL-FPFT also improves
on most baselines, showing that our proposed one-shot ag-
gregation and subsequent synthetic-feature replay generalize
beyond small, low-resolution datasets.

Discussion. Across heterogeneous and homogeneous parti-
tions, VCL-FPFT consistently provides strong performance
while enabling post-deployment class expansion without client
revisit. Compared to one-shot FL baselines, we achieved the
best performance in 5 out of 10 cases and the second-best
in 3 out of 10, supporting our design choice of probabilistic
class-conditional modeling and server-side replay.

Scenario II: Impact of Model Heterogeneity. We next eval-
uate robustness to model heterogeneity, where clients employ
heterogeneous local models while still communicating only
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Dirichlet (α = 0.6) Dirichlet (α = 0.3)

Method Blood Derma Oct Path Tissue Blood Derma Oct Path Tissue

FedAvg [McMahan et al., 2016] 93.60 72.72 76.50 81.48 55.61 87.49 69.88 73.50 77.52 53.26

FedAvg(1) 18.24 66.88 25.00 5.86 32.07 16.92 10.97 25.00 5.86 32.07
DAFL [Chen et al., 2019] 7.13 66.88 34.40 14.97 39.15 7.13 13.62 25.00 18.64 45.00
DENSE [Zhang et al., 2022] 34.52 67.78 39.40 30.31 9.47 30.78 12.77 25.80 19.87 9.33
FedISCA [Kang et al., 2025] 82.90 69.83 68.60 82.92 53.04 46.59 15.91 60.50 79.25 51.00
E-FedISCA [Kang et al., 2025] 83.10 69.68 66.20 78.51 52.87 45.86 16.96 61.60 73.40 48.45
FBPFT-VI [Orang et al., 2025] 82.17 63.39 79.40 89.21 55.51 83.51 62.24 76.00 87.08 56.46

VCL-FPFT 86.79 58.40 76.10 91.89 56.55 85.44 61.15 73.30 90.47 56.25

Table 2: Classification accuracy (%) comparison under Dirichlet-based non-IID partitions (α = 0.6 and α = 0.3) across five MedMNIST
datasets. Best results are shown in bold and second-best results are underlined.

Method Blood Derma Oct Path Tissue RSNA Diabetic ISIC

FedAvg [McMahan et al., 2016] 93.51 74.61 75.60 84.54 63.64 88.16 49.04 62.88

FedAvg(1) 13.74 66.88 25.00 5.86 32.07 78.65 35.60 38.05
DAFL [Chen et al., 2019] 7.13 66.43 25.00 7.63 11.55 50.55 22.63 14.51
DENSE [Zhang et al., 2022] 39.37 66.93 33.80 21.89 21.35 55.06 23.51 13.69
FedISCA [Kang et al., 2025] 87.99 70.12 70.20 84.18 61.90 85.34 40.08 48.39
E-FedISCA [Kang et al., 2025] 87.31 71.47 71.30 79.48 57.96 85.46 41.32 51.17
FBPFT-VI [Orang et al., 2025] 88.86 67.38 81.20 88.34 57.64 84.49 49.54 68.99

VCL-FPFT 90.59 64.44 78.10 91.81 59.92 84.13 57.80 67.27

Table 3: Comparative IID Performance (%) on Eight Datasets. The best results for each dataset are highlighted in bold, and the second-best
results are underlined.

Dataset α N. Tasks Overall Acc. Task 0 Task 1 Task 2 Task 3 Avg. Acc.
TissueMNIST 0.3 4 59.63 85.82 82.86 76.22 73.14 79.51
TissueMNIST 0.6 4 60.48 82.80 81.89 80.04 78.35 80.77
TissueMNIST IID 4 64.22 86.03 85.98 82.25 80.44 83.68
PathMNIST 0.3 3 92.05 99.21 99.51 92.23 – 96.98
PathMNIST 0.6 3 92.12 99.41 99.47 93.07 – 97.32
PathMNIST IID 3 92.90 99.17 97.79 93.65 – 96.87
DermaMNIST 0.3 4 67.13 68.05 93.42 84.72 100.00 86.55
DermaMNIST 0.6 4 62.34 68.64 90.53 77.75 100.00 84.23
DermaMNIST IID 4 75.16 74.56 91.77 87.66 100.00 88.50
BloodMNIST 0.3 4 92.96 99.65 96.63 97.72 100.00 98.50
BloodMNIST 0.6 4 93.51 99.54 97.08 98.10 100.00 98.68
BloodMNIST IID 4 95.24 99.77 98.20 98.67 100.00 99.16
OCTMNIST 0.3 2 76.50 90.20 86.20 – – 88.20
OCTMNIST 0.6 2 77.80 91.20 80.80 – – 86.00
OCTMNIST IID 2 77.00 90.00 82.40 – – 86.20

Table 4: Class-incremental classification accuracy of VCL-FPFT on
MedMNIST datasets under non-IID (α) and IID partitions and model
heterogeneity.

class-conditional VI parameters.This setting captures realis-
tic FL environments with device variability and non-uniform
model configurations.

For model heterogeneity experiments, we followed the setup
used in [Kang et al., 2025], where clients used ResNet34,
WRN-16-2, VGG16 (BN), and VGG8 (BN). We replaced
ResNet18 with our MobileNet-Attention model for one client
to represent architectural diversity better.

Table 4 reports the class-incremental performance of VCL-
FPFT under heterogeneity. Across all datasets and partitions,
VCL-FPFT preserves stable task-wise accuracy and improves
both overall and average accuracy compared to the homoge-
neous setting in Table 1. Table 5 provides a detailed compari-
son to competing one-shot FL baselines under the same hetero-
geneous setting. Under IID partitions, VCL-FPFT achieves the
best performance on BloodMNIST, DermaMNIST, and Tis-
sueMNIST, and remains highly competitive on OCTMNIST

and PathMNIST.
Discussion. These results indicate that VCL-FPFT can

effectively leverage heterogeneous client representations
through a shared probabilistic feature model. In particular,
the VI parameters received from clients enables the server
to learn a global class-conditional feature distribution that is
robust to client-side architectural heterogeneity.

Scenario III: Comparison with Continual Learning Meth-
ods. Finally, we evaluate the post-deployment CL stage by
comparing VCL-FPFT with representative CL methods fol-
lowing prior CL protocols. We consider baselines spanning
regularization-based, expansion-based, and generative/replay-
based approaches, as well as FCL methods where applica-
ble. We further extend evaluation to additional MedMNIST
datasets under a four-task setting using baselines from [De-
rakhshani et al., 2022]. Table 6 reports Avg. Acc. and
Forgetting averaged over five seeds. VCL-FPFT achieved
best Avg. Acc. and near-zero forgetting across BloodMNIST,
PathMNIST, OrganaMNIST, and TissueMNIST. Moreover,
the low variance across runs indicates stable behavior under
class-incremental updates.

Table 7 reports Avg. Acc. and Forgetting on OCTMNIST
and PathMNIST (three-task setting). Regularization-based
approaches (e.g., EWC, MAS, LwF) exhibit substantial forget-
ting, and generative approaches only partially mitigate forget-
ting at a cost in accuracy. In contrast, VCL-FPFT achieves the
highest Avg. Acc. while maintaining near-zero forgetting on
both datasets. Table 8 further shows task-wise accuracies after
the final task, where VCL-FPFT preserves strong performance
on earlier tasks without the abrupt degradation observed in
competing methods.
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IID Dirichlet (α = 0.6) Dirichlet (α = 0.3)

Method Blood Derma Oct Path Tissue Blood Derma Oct Path Tissue Blood Derma Oct Path Tissue

DAFL [Chen et al., 2019] 7.13 65.69 25.00 15.72 35.66 7.13 67.21 37.10 28.15 39.54 7.13 13.47 45.30 29.68 19.54
DENSE [Zhang et al., 2022] 46.86 66.88 44.00 33.08 38.28 23.47 67.93 40.70 28.68 36.70 34.67 13.42 44.00 39.37 38.37
FedISCA [Kang et al., 2025] 87.96 71.17 70.00 83.02 61.74 73.43 69.23 64.80 82.73 51.95 44.20 16.61 62.00 72.26 43.80
E-FedISCA [Kang et al., 2025] 88.31 71.72 71.00 80.04 58.96 72.76 69.23 64.60 80.84 52.04 47.18 16.01 58.90 72.17 43.19
FBPFT-VI [Orang et al., 2025] 94.12 66.58 81.10 93.65 60.81 89.54 57.66 79.50 92.84 55.23 89.74 65.74 78.00 91.34 56.30

VCL-FPFT 95.24 75.16 77.00 92.90 64.22 93.51 62.34 77.80 92.12 60.48 92.96 67.13 76.50 92.05 59.63

Table 5: Classification performance (%) across five datasets under Dirichlet-based non-IID (α) and IID partitions and model heterogeneity.
Best and second-best results are shown in bold and underlined, respectively.

Method BloodMNIST PathMNIST OrganaMNIST TissueMNIST
Accuracy ↑ Forgetting ↓ Accuracy ↑ Forgetting ↓ Accuracy ↑ Forgetting ↓ Accuracy ↑ Forgetting ↓

LB 46.59±6.46 68.26±8.13 32.29±6.74 77.54±16.40 41.21±7.39 54.20±23.97 21.63±2.55 90.69±1.77
EWC 47.60±7.30 66.22±14.36 33.34±4.77 76.39±15.53 37.88±7.97 67.92±27.40 21.56±2.51 90.48±1.76
MAS 43.94±6.96 69.43±12.90 34.22±6.17 74.98±15.79 44.99±5.61 55.13±24.43 21.11±2.56 89.38±1.72
LwF 43.68±6.55 66.30±8.70 35.36±5.99 67.37±15.76 41.36±6.36 51.47±24.53 21.49±2.58 90.79±1.22
iCaRL 67.70±8.67 14.52±6.93 58.46±8.79 -0.70±6.41 63.02±7.53 7.75±4.49 32.00±3.01 14.42±10.21
EEIL 42.17±7.05 71.25±12.90 28.42±5.43 79.39±15.79 41.03±11.53 62.47±24.43 21.69±2.43 91.35±1.72
VCL-FPFT 90.92 ± 0.19 0.05 ± 0.11 91.55 ± 0.61 0.01 ± 0.01 92.24 ± 0.56 -0.01 ± 0.05 60.21 ± 0.27 0.09 ± 0.13

Table 6: Comparison of average accuracy and forgetting for class-incremental learning on MedMNIST datasets between our proposed method
and baseline CL methods in [Derakhshani et al., 2022] .

Cat. Method OCTMNIST PathMNIST
Avg. Acc. Forgetting Avg. Acc. Forgetting

B Finetune 33.33 100.00 28.89 99.18
B Joint 90.76 – 89.28 –
R LwF 44.80 80.23 25.20 81.33
R LwM 41.75 41.58 23.02 35.43
R EWC 31.54 76.83 29.16 95.82
R SI 43.60 21.27 32.40 28.94
R MAS 31.73 83.69 29.97 74.54
R MUC-MAS 39.32 76.87 33.49 52.19
R GPM 41.16 26.41 39.51 24.96
R OWM 38.93 83.10 52.42 16.34
R RWalk 33.33 100.00 27.05 85.13
E EFT 43.20 38.13 66.82 29.39
G GR 35.83 66.05 21.95 90.88
G BIR 62.00 51.31 35.17 88.17

F VCL-FPFT 97.13 0.10 97.32 0.02

Table 7: Average accuracy and forgetting on OCTMNIST and PathM-
NIST compared with the methods in [Verma et al., 2023]. Categories:
B = Baseline, R = Regularization, E = Expansion, G = Generative, F
= Federated Continual Learning.

Discussion. Overall, VCL-FPFT offers a trade-off in the
post-deployment setting: synthetic feature replay from the
aggregated VI model provides plasticity for new classes while
distillation-based constraints preserve earlier decision bound-
aries. This is particularly important in our setting, where the
server cannot revisit historical client data and must rely on a
compact representation for replay.

6 Conclusion and Future Directions
We addressed a practical post-deployment FL setting where
(i) clients participate in only a single communication round,
(ii) raw samples remain strictly local, and (iii) the label space
expands over time after deployment. Unlike prior FCL ap-
proaches that assume repeated client participation, VCL-FPFT
introduces class-conditional probabilistic feature summaries
as a unifying abstraction that supports one-shot participation
and post-deployment class expansion. Extensive experiments
on medical benchmarks under IID and Dirichlet non-IID parti-
tions, including model heterogeneity, demonstrate that VCL-
FPFT achieves strong performance while maintaining near-

Category Method OCTMNIST PathMNIST
Task 1 Task 2 Task 3 Task 1 Task 2 Task 3

B Finetune 0.00 0.00 100.00 0.00 0.00 86.67
B Joint 99.47 97.47 75.33 95.99 85.93 85.92
R LwF 0.53 39.33 94.53 0.63 15.09 59.83
R LwM 63.13 0.93 61.20 28.97 26.69 13.38
R EWC 0.01 0.13 94.47 1.01 5.20 81.27
R SI 63.33 14.53 52.93 49.36 24.84 22.99
R MAS 0.13 10.37 84.68 2.04 6.07 81.78
R MUC-MAS 9.28 20.99 87.69 18.81 4.14 77.51
R GPM 90.66 1.73 31.07 79.77 2.23 36.53
R OWM 14.40 13.60 88.80 77.72 73.18 6.35
R RWalk 0.00 0.00 100.00 0.22 0.06 80.88
E EFT 61.47 38.40 29.73 59.60 73.63 67.24
G GR 2.57 16.81 88.11 0.26 1.82 63.77
G BIR 10.53 78.40 97.07 17.33 3.38 84.82

F VCL-FPFT 91.60 100.00 100.00 99.17 100.00 92.82

Table 8: Comparison of task-wise classification accuracy (%) under
on OCTMNIST and PathMNIST compared with the methods in
[Verma et al., 2023]. Categories: B = Baseline, R = Regularization,
E = Expansion, G = Generative, F = Federated Continual Learning.

zero forgetting during post-deployment class expansion. These
results highlight probabilistic feature aggregation as a practical
interface between one-shot FL and CL.

Future work will focus on two directions: First, we aim
to provide a theoretical characterization of mixture-based ag-
gregation and synthetic replay, including stability and gen-
eralization guaranties under client-level distribution shifts
and finite variational capacity, clarifying the trade-off be-
tween replay budget, approximation error, and forgetting.
Second, we plan to extend the framework beyond closed-
world class-incremental settings to handle open-set recogni-
tion and concept drift, where variational summaries must sup-
port uncertainty-aware novelty detection and adaptive mixture
reweighting.
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