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Abstract

Personalized Federated Learning (PFL) aims to train
customized models for clients with highly heterogeneous
data distributions while preserving data privacy. Exist-
ing approaches often rely on heuristics like clustering or
model interpolation, which lack principled mechanisms for
balancing heterogeneous client objectives. Serving M
clients with distinct data distributions is inherently a multi-
objective optimization problem, where achieving optimal
personalization ideally requires M distinct models on the
Pareto front. However, maintaining M separate models
poses significant scalability challenges in federated settings
with hundreds or thousands of clients. To address this chal-
lenge, we reformulate PFL as a few-for-many optimiza-
tion problem that maintains only K shared server mod-
els (K ≪ M ) to collectively serve all M clients. We
prove that this framework achieves near-optimal personal-
ization: the approximation error diminishes as K increases
and each client’s model converges to each client’s opti-
mum as data grows. Building on this reformulation, we
propose FedFew, a practical algorithm that jointly opti-
mizes the K server models through efficient gradient-based
updates. Unlike clustering-based approaches that require
manual client partitioning or interpolation-based methods
that demand careful hyperparameter tuning, FedFew au-
tomatically discovers the optimal model diversity through
its optimization process. Experiments across vision, NLP,
and real-world medical imaging datasets demonstrate that
FedFew, with just 3 models, consistently outperforms other
state-of-the-art approaches. Code is available at https:
//github.com/pgg3/FedFew .

1. Introduction

Personalized Federated Learning (PFL) [37] aims to train
client-specific models that best fit each client’s local data
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distribution by leveraging aggregated knowledge from col-
laborative learning across the federation. This paradigm
overcomes a fundamental limitation of traditional Federated
Learning (FL) [29], where a single global model struggles
to effectively serve all clients when their data are drawn
from vastly different distributions Pi under the non-IID set-
ting. The benefit of personalized collaborative learning has
made PFL particularly valuable in domains such as health-
care [28] and finance [3], where heterogeneous data dis-
tributions necessitate client-specific models while privacy
constraints require decentralized training.

The heterogeneity of client data changes the nature of the
optimization landscape in PFL [19, 39]. When clients have
distinct data distributions Pi ̸= Pj , a model update that
benefits one client may harm another due to their inherent
conflicting objectives [45]. For instance, in a healthcare fed-
eration where hospitals in urban and rural areas have vastly
different patient demographics, optimizing model accuracy
for urban hospitals might learn feature representations that
poorly capture rural patient characteristics [11, 24].

This inherent conflict naturally leads to a multi-objective
optimization perspective [14, 37]. Rather than seeking
a single consensus model, PFL must navigate trade-offs
among M distinct client loss functions {L1, L2, . . . , LM},
where each client i requires a model tailored to its local data
distribution Pi. While achieving optimal personalization
would ideally require learning M distinct models, main-
taining and training such a large number of separate mod-
els introduces prohibitive scalability challenges in federated
settings involving hundreds or thousands of clients.

Given this scalability challenge, existing PFL methods
struggle to effectively balance personalization and com-
putational efficiency. Methods that explicitly adopt the
multi-objective perspective, such as FedMGDA [14] and
FedMTL [37], only obtain a single model on the Pareto
front [30], which is the set of all optimal trade-off solu-
tions. Consequently, they cannot provide individual optima
for each client. Meanwhile, most PFL methods resort to
heuristics without theoretical Pareto optimality guarantees:
clustering-based methods like IFCA [10] and CFL [35]
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Figure 1. Paradigms of Personalized Federated Learning. Left: Centralized methods maintain a single global model for all M clients,
failing to capture client heterogeneity. Center: Per-client methods train M independent models, sacrificing collaborative learning benefits
and suffering from data scarcity. Right: Our proposed few-for-many approach maintains K server models (K ≪ M ) that collectively
serve all clients. Each client selects the best-fitting model, achieving strong personalization while preserving collaboration.

train one model per group; interpolation-based methods like
APFL [6] and Ditto [20] mix global and local models us-
ing ad-hoc weights; and per-client methods like FedRep [4]
train M independent models, thereby sacrificing collabora-
tion benefits. In summary, existing approaches face a sig-
nificant limitation: multi-objective methods produce only a
single Pareto-optimal model without personalization, while
heuristic methods generate M personalized models without
Pareto optimality guarantee.

To address this challenge, we reformulate PFL as a
few-for-many optimization problem that maintains only K
server models that collectively serve all M clients (where
K ≪ M ) as illustrated in Figure 1, where each client
selects the model that best fits its local data distribution.
We rigorously prove that the K-for-M framework achieves
near-optimal personalization through a precise error decom-
position. Our analysis establishes two vanishing error com-
ponents: the Pareto coverage gap from using K < M
models diminishes as K increases, and the statistical error
between empirical and population losses vanishes as client
dataset sizes grow. These dual convergence guarantees dis-
tinguish our approach from existing heuristic PFL methods.

Building upon this theoretical foundation, we propose
FedFew (Federated Learning with Few Models), a novel
algorithm that enables efficient gradient-based optimization
in federated settings. The core challenge lies in jointly
optimizing the K server models alongside discrete client-
model assignments, which is incompatible with standard
gradient-based methods. We address this through a two-
level smoothing technique that transforms the discrete se-
lection problem into a fully differentiable objective. This
formulation enables clients to perform soft model selection
via gradient descent, while the server jointly updates all
K models to collaboratively cover all client needs. Unlike
clustering-based approaches that require manual client par-
titioning or interpolation-based methods that demand care-
ful hyperparameter tuning, FedFew can automatically dis-

cover the optimal model diversity through its optimization
process. The algorithm seamlessly integrates with standard
federated learning protocols, incurring only minimal com-
munication overhead compared to single-model training.

Our contributions are three-fold:
• We introduce the few-for-many optimization framework

that reformulates PFL as maintaining K shared models
(K ≪ M ) to serve M clients, addressing the scalability
challenge with rigorous convergence guarantees through
Pareto coverage gap and statistical error decomposition.

• We develop FedFew, a practical federated algorithm
that solves the few-for-many problem via two-level
smoothing, enabling automatic model diversity discov-
ery through gradient-based optimization without manual
client clustering or delicate hyperparameter tuning.

• We demonstrate through extensive experiments on seven
datasets, including real-world medical imaging applica-
tion, that FedFew consistently outperforms existing meth-
ods while utilizing only 3 models.

2. Related Work
2.1. Standard and Personalized Federated Learning

Standard Federated Learning. Traditional approaches in
federated learning aim to learn a single global model by ag-
gregating local updates from distributed clients. Starting
with FedAvg [29], which introduced weighted averaging,
subsequent methods like FedProx [19], SCAFFOLD [16],
and FedDyn [1] have brought improvements in training con-
vergence and stability.

While FL methods perform well under the IID data as-
sumption, real-world FL problems often exhibit significant
data heterogeneity across clients. This mismatch can lead
to degraded performance and slow convergence [18, 45].
Therefore, personalized federated learning approaches have
been proposed to address this challenge by tailoring models
to individual client distributions while still leveraging col-
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laborative learning benefits.
Personalized Federated Learning. Existing PFL methods
can be roughly grouped into three categories: centralized
methods with a single global model, personalized methods
with one model per client, and personalized methods with
multiple server models.
Centralized Methods (Single Global Model). While the
standard FL methods mentioned above (FedAvg [29], Fed-
Prox [19], etc.) maintain a single global model, they
serve as important baselines for evaluating personalized ap-
proaches. Their limitation in handling heterogeneous data
motivates the development of personalized methods.
Personalized Methods (Single Model per Client). These
methods maintain a unique personalized model for each
client while leveraging knowledge from other clients.
Representation-based approaches like FedRep [4] and Fed-
BABU [32] decouple the model into shared and personal-
ized components. Bi-level optimization methods such as
Ditto [20], pFedMe [7], and Per-FedAvg [9] formulate per-
sonalization as a nested optimization problem. Model in-
terpolation approaches blend global and local models to
achieve personalization. For example, FedBN [21] per-
sonalizes only batch normalization layers, while APFL [6]
learns explicit weights to mix global and local models.
More recent methods like FedFomo [42] and FedAMP [15]
investigate adaptive mixing strategies.
Personalized Methods (Multiple Server Models). These
methods learn a small set of specialized models on the
server by grouping clients with similar data distributions.
IFCA [10] and CFL [35] employ explicit hard cluster-
ing algorithms to assign each client to one model cluster.
More recent approaches like FedSoft [34], FeSEM [27],
and PACFL [38] leverage soft clustering or expectation-
maximization techniques for more flexible client-model as-
sociations. However, these methods lack theoretical guar-
antees on the quality of the learned model set and rely on
heuristic clustering objectives.

2.2. Multi-Objective Optimization in FL
Multi-Objective Optimization. Classical multi-objective
optimization (MOO) approaches, such as weighted sum,
Tchebycheff scalarization, and Normal Boundary Intersec-
tion [43], aim to identify a set of Pareto-optimal solutions
with various trade-offs among objectives. Recent gradient-
based methods like MGDA [8], PCGrad [40], and Pare-
toMTL [22] address multi-objective optimization by bal-
ancing conflicting gradients across objectives during the op-
timization process. Most recently, set scalarization meth-
ods [23, 25, 26] have emerged, which propose to approxi-
mate the Pareto front with a small solution set.
MOO in Federated Learning. Several PFL approaches
have recognized the multi-objective nature of federated
learning and attempted to address it through multi-task

learning frameworks. FedMTL [37] leverages task rela-
tionship matrices to enable knowledge transfer between
clients. More recently, FedMGDA [14] adopts Multiple
Gradient Descent Algorithm (MGDA) to balance conflict-
ing client objectives by finding a common gradient direc-
tion that benefits all clients. While theoretically princi-
pled, these approaches involve complex bi-level optimiza-
tion procedures and incur significant communication over-
head, making them computationally prohibitive for large-
scale federated settings. Moreover, these methods target a
single trade-off solution, limiting their ability to handle het-
erogeneous client preferences.

3. PFL as Multi-Objective Optimization
3.1. Problem Setup and Client Objectives
Consider a federated learning system with M clients, where
each client i possesses a local dataset Di drawn from a dis-
tinct distribution Pi. The goal of each client is to find a
model that minimizes its expected loss:

θ∗i = argmin
θ

Li(θ),

where Li(θ) = E(x,y)∼Pi
[ℓ(f(x; θ), y)]

(1)

where ℓ : Rd × Y → R is the loss function and f(·; θ)
denotes the model parameterized by θ.

In practice, clients work with empirical risk minimiza-
tion over their finite local datasets:

L̂i(θ) =
1

|Di|
∑

(x,y)∈Di

ℓ(f(x; θ), y). (2)

This setting reveals two key challenges of the PFL prob-
lem: Collaboration and Multi-Objective Trade-offs.
Collaboration. Independent local training often leads
to severe overfitting due to limited data availability
at each client, with generalization error scaling as
O(1/

√
|Di|) [36]. This limitation motivates collaborative

learning that leverages data from other clients.
Multi-Objective Trade-Offs. However, collaboration in-
troduces a challenge: when client data distributions are het-
erogeneous (i.e., Pi ̸= Pj , ∀i ̸= j), optimizing for one
client may degrade performance on others. This inherent
conflict reveals that PFL is intrinsically an M -objective op-
timization problem:

min
θ

L(θ) = [L1(θ), L2(θ), . . . , LM (θ)]T (3)

where no single model θ can simultaneously minimize all
objectives. To characterize optimal solutions, we introduce
the concept of Pareto optimality:

Definition 3.1 (Pareto Optimality [30]). A model θ∗ is
Pareto optimal if there exists no other model θ such that
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Li(θ) ≤ Li(θ
∗) for all i ∈ [M ] with strict inequality for at

least one client. The Pareto set contains all Pareto optimal
models, and the Pareto front is the set of objective vectors
{[L1(θ

∗), . . . , LM (θ∗)]T : θ∗ is Pareto optimal}.

While the Pareto front contains all optimal trade-off
models, directly approximating it with high precision be-
comes computationally prohibitive. Specifically, achieving
ε-accuracy, where every Pareto optimal point has its rep-
resentative within ε distance, requires O((1/ε)M−1) mod-
els [5]. This exponential dependence on M renders di-
rect approximation infeasible: even with M = 10 clients,
achieving ε = 0.01 requires 1018 models, which is far be-
yond any practical system’s capacity.
A Key Insight. While the Pareto front is continuous and re-
quires exponential models to fully approximate, achieving
optimal personalization does not require approximating the
entire front. Instead, we only need to find M distinct mod-
els on the Pareto front, with one tailored for each client’s
distribution. However, maintaining M separate models re-
mains impractical: the communication and computation
costs grow linearly with M , becoming prohibitive when
serving hundreds or thousands of clients.

This motivates our practical K-for-M framework: we
maintain only K models (where K ≪ M ) that collec-
tively serve all clients. Each client selects the best-fitting
model from this set, achieving effective personalization
with tractable overhead.

3.2. Set-based Optimization: K-for-M Framework
K-for-M Reformulation. Let Θ = {θ1, . . . , θK} denote
the set of K models maintained by the server. Each client
i will be served by the model θki

that minimizes its local
loss Li(θki

). This transforms the original multi-objective
problem (3) into1:

min
Θ

F(Θ) =


min

k1∈{1,...,K}
L1(θk1)

...

min
kM∈{1,...,K}

LM (θkM
)

 . (4)

The framework provides a natural mechanism for qual-
ity control: by adjusting K, system designers can systemat-
ically trade off between personalization quality and compu-
tational cost.
Impact of K. The choice of K determines the trade-off
between personalization capacity and system efficiency:
• K = 1: Degenerates to a single model, where global

model training (e.g., FedAvg) can find one Pareto optimal
solution but fails to provide personalization;

1Several existing PFL methods (e.g., IFCA [10]) implicitly tackle this
same K-for-M optimization problem, though with different solution ap-
proaches.

• K = M : Each client could potentially have its own per-
sonalized model;

• 1 < K < M : Our operating regime, balancing personal-
ization quality with communication efficiency.

Convergence Analysis. The following theorem character-
izes the convergence rate in terms of two error components:
the Pareto coverage gap and the statistical error.

Theorem 3.1 (Convergence of K-for-M Framework). Let
Θ(K) = {θ1, . . . , θK} be the optimal solution with K mod-
els for M clients. Define ∆het = maxi,j∈[M ][Li(θ

∗
j ) −

Li(θ
∗
i )] as the maximum pairwise heterogeneity. Then the

average error across clients is bounded by:

1

M

M∑
i=1

{
E
[
min
k∈[K]

Li(θk)

]
− Li(θ

∗
i )

}

≤ M −K

M
·∆het︸ ︷︷ ︸

Pareto coverage gap

+O

(√
Kd

n

)
︸ ︷︷ ︸

statistical error

(5)

where θ∗i = argminθ Li(θ) is client i’s optimal personal-
ized model, d is the model complexity, and n is the average
sample size per client. The complete proof is provided in
the supplementary material.

Remark 3.1 (Convergence to Optimal Solution). The
bound decomposes the approximation error into two inde-
pendent dimensions: (i) when K = M , the Pareto cover-
age gap vanishes, recovering individual personalized mod-
els for each client; (ii) as the local dataset size n → ∞,
the statistical error vanishes, ensuring the empirical solu-
tion converges to the population optimum. Achieving zero
error requires both conditions simultaneously.

4. FedFew Algorithm
4.1. Smooth Tchebycheff Set Scalarization
The K-for-M formulation (4) is an M -objective optimiza-
tion problem, where each objective involves selecting the
best model from a set Θ. To solve this problem while ensur-
ing Pareto optimality, we adopt the Tchebycheff set scalar-
ization (TCH-Set) approach, which transforms the multi-
objective problem into a single scalar objective [23, 43]:

gTCH-Set(Θ|λ) = max
1≤i≤M

{
λi

(
min

1≤k≤K
Li(θk)− z∗i

)}
(6)

where λ = (λ1, . . . , λM ) are client preference weights and
z∗i is the ideal loss value for client i.

This scalarization is particularly suited for personalized
federated settings because: (i) it guarantees Pareto optimal-
ity of the solutions and (ii) it naturally handles heteroge-
neous client objectives without requiring explicit aggrega-
tion. However, the nested max and min operators make (6)
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non-differentiable, preventing gradient-based optimization
required for federated training.
Two-Level Smoothing. Since both max and min operators
are non-differentiable, we employ log-sum-exp smoothing
to enable gradient-based optimization [12, 23]:

max
i
{xi} ≈ µ log

(∑
i

exp(xi/µ)

)
(7)

min
i
{xi} ≈ −µ log

(∑
i

exp(−xi/µ)

)
(8)

where µ > 0 controls the approximation quality.
Final Formulation. For simplicity, we set λi = 1 and
z∗i = 0. Applying the two-level smoothing (7) and (8)
to (6), we obtain the smooth Tchebycheff set scalarization
(STCH-Set):

gSTCH-Set(Θ) = µ log

M∑
i=1

(
K∑

k=1

exp

(
−Li(θk)

µ

))−1

(9)

where µ > 0 is the smoothing parameter.2

4.2. Decomposed Gradient Computation
Taking the gradient of gSTCH-Set in (9) with respect to θk:

∇θkg
STCH-Set =

M∑
i=1

αi · wik · ∇θkLi(θk) (10)

where the weights decompose into two components. Define
Si =

∑K
k=1 exp(−Li(θk)/µ). Then:

(Outer weight) αi =
S−1
i∑M

j=1 S
−1
j

, (11)

(Inner weight) wik =
exp(−Li(θk)/µ)

Si
. (12)

The outer weight αi assigns higher importance to clients
with larger S−1

i (i.e., clients that perform poorly across all
models), thereby implementing a hard-sample mining ef-
fect. The inner weight wik performs soft model selection
by assigning higher weights to models with lower loss for
each client i, thus smoothly identifying the best-matching
model for that client.

4.3. Federated Implementation
FedFew alternates between client gradient computation
and server model updates through smooth Tchebycheff set
scalarization. The federated optimization proceeds in com-
munication rounds as outlined in Algorithm 1.

2In implementation, we weight each client’s loss Li(θk) by its normal-
ized sample size to account for varying local dataset sizes like FedAvg [29]
before aggregation, i.e., Li(θk)← ni∑M

j=1 nj
· Li(θk).

Algorithm 1 FedFew: Few-for-Many PFL with Smooth
Tchebycheff Set Scalarization

Input: M clients with datasets {Di}Mi=1, K initial mod-
els Θ(0), smoothing parameter µ, learning rate η, local
epochs E, communication rounds T

Output: Optimized model set Θ(T )

1: for t = 1, 2, . . . , T do
2: Server broadcasts Θ(t−1) to all clients
3: for each client i = 1, 2, . . . ,M in parallel do
4: for each model k = 1, 2, . . . ,K do
5: for e = 1, 2, . . . , E do
6: Update local model: θk ← θk − η∇θkLi(θk)
7: end for
8: Compute gradient g(t)ik = ∇θkLi(θk) and loss

L
(t)
i (θk)

9: end for
10: Send {(g(t)ik , L

(t)
i (θk))}Kk=1 to server

11: end for
12: for each model k = 1, 2, . . . ,K do
13: Compute STCH-Set weights {αi, wik} from

losses {L(t)
i (θk)} using Eqs. (11) and (12)

14: ∇θkg
STCH-Set =

∑M
i=1 αi · wik · g(t)ik

15: θ
(t)
k = θ

(t−1)
k − η · ∇θkg

STCH-Set

16: end for
17: end for
18: Model Selection (post-training):
19: Server broadcasts trained models Θ(T ) to all clients
20: for each client i = 1, 2, . . . ,M in parallel do
21: Client i evaluates all K models on local valida-

tion/training data
22: Compute losses: {Li(θ

(T )
1 ), Li(θ

(T )
2 ), . . . , Li(θ

(T )
K )}

23: Select best model: k∗i = argmink∈{1,...,K} Li(θ
(T )
k )

24: end for

Client Side: Each client i computes local gradients gik =
∇θkLi(θk) for all K models and sends them to the server.
Server Side: The server computes weights {αi, wik} from
current losses {Li(θk)} and aggregates:

∇θkg
STCH-Set =

M∑
i=1

αi · wik · gik. (13)

Model Selection Mechanism. After training, each client
identifies the most suitable model from the K available can-
didates through a simple local evaluation procedure. This
process involves performing forward passes with all K
models on the client’s local validation or training set, com-
puting the corresponding losses, and selecting the model
that achieves the minimum loss.
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Communication Efficiency. In each communication
round, every client performs E local epochs of training and
sends K gradients along with K scalar loss values to the
server. The per-client communication cost isO(Kd) where
d is the model dimension. Since K is typically small (rang-
ing from 3 to 10 in practice) and remains fixed regardless of
the total number of clients M , the resulting communication
overhead factor of K is modest. More importantly, by using
local epochs E > 1, the number of required communication
rounds T can be reduced proportionally (See § 5.3.2).

4.4. Convergence Guarantees
We establish two key theoretical properties: uniform ap-
proximation quality and Pareto optimality guarantees.

Theorem 4.1 (Uniform Smooth Approximation [23]). The
smooth Tchebycheff set scalarization gSTCH-Set(Θ) uni-
formly approximates the non-smooth version gTCH-Set(Θ).
As the smoothing parameter µ→ 0:

lim
µ→0

gSTCH-Set(Θ) = gTCH-Set(Θ) (14)

uniformly over all model sets Θ, with approximation error
bounded by O(µ logM + µ logK).

The smoothing parameter µ controls the degree of
smoothness in the approximation: smaller µ yields a tighter
approximation to the original min-max objective, but results
in sharper gradients that may hinder optimization.

Theorem 4.2 (Pareto Properties of STCH-Set [23]). The
smooth Tchebycheff set scalarization provides strong
Pareto guarantees:
1. Pareto Optimality: All solutions in the optimal set Θ∗

K

are weakly Pareto optimal. Moreover, they are Pareto
optimal if either the optimal set is unique or all prefer-
ence coefficients are positive.

2. Pareto Stationarity: If gradient descent converges to
Θ̂ = {θ̂1, . . . , θ̂K} where ∇θ̂k

gSTCH-Set(Θ̂) = 0 for all
k, then all solutions in Θ̂ are Pareto stationary for the
original multi-objective problem (3).

Combined with standard SGD convergence analysis,
gradient descent on the smooth objective drives the ex-
pected squared gradient norm to O(1/

√
T ) after T itera-

tions. The overall approximation quality is controlled by
both the optimization error (∼ 1/

√
T ) and the smoothing

error (∼ µ logM + µ logK). Detailed proofs are provided
in the supplementary material.
Comparison with Clustering. Interestingly, clustering-
based methods like IFCA [10] attempt to solve the same K-
for-M optimization problem (4). However, its hard client-
to-cluster assignment creates a non-convex, discontinuous
optimization landscape that lacks convergence guarantees.
In contrast, our smooth Tchebycheff formulation ensures

convergence to Pareto stationary points (Theorem 4.2),
demonstrating that the optimization strategy is crucial for
both theoretical guarantees and practical performance.

5. Experiments

5.1. Experimental Setup
Datasets. We evaluate our method on benchmark datasets
with controlled heterogeneity and real-world medical imag-
ing datasets under two distinct settings: pathological (ex-
treme label imbalance) and practical (realistic label skew
via Dirichlet distribution or natural partitions).

In benchmark datasets, under the pathological setting,
we use CIFAR-100 [17] partitioned by assigning 2 classes
per client (M ∈ {10, 20}), creating extreme label imbal-
ance. Under the practical setting, we partition data using
Dirichlet (α = 0.5) distribution [45], where smaller α in-
duces stronger label skew. Specifically, we evaluate on
CIFAR-10 [17] and CIFAR-100 (M ∈ {10, 20} clients),
TinyImageNet (M = 10), and AG News [44] (M = 20).
We also include FEMNIST [2] (M = 20) with natural user-
based partitioning.

We further validate our method on real-world medical
datasets, where data heterogeneity arises from natural do-
main shifts across medical institutions. Kvasir [33] is a
gastrointestinal disease detection dataset containing endo-
scopic images across 8 classes (polyps, ulcerative colitis,
etc.), which we partition among M = 5 clients using
Dirichlet (α = 0.5) to simulate hospitals with different dis-
ease prevalence. FedISIC2019 [31] is a skin lesion classi-
fication dataset from the ISIC 2019 challenge with 8 diag-
nostic categories, where the data naturally originates from
M = 6 different medical centers, each with distinct imag-
ing equipment and patient demographics, creating realistic
cross-institutional heterogeneity.
Baselines. We compare FedFew against nine baseline ap-
proaches spanning different personalization strategies. For
centralized methods, we include FedAvg [29] and Fed-
Prox [19], which train a single global model shared by all
clients. We also include FedMTL [37], a multi-task learning
approach that learns task relationships to enable model per-
sonalization. For personalized methods with single model
per client, we evaluate APFL [6], Ditto [20], FedRep [4],
and FedAMP [15], which maintain separate personalized
models for each client. For personalized methods with mul-
tiple server models, we compare against IFCA [10], our
core competitor that also uses K shared models but relies
on hard clustering. For medical datasets, we further include
a local-only baseline trained solely on local data without
federation to assess the benefit of collaborative learning.
Implementation. We employ a 4-layer CNN [29]
for CIFAR-10/100, FEMNIST, and TinyImageNet,
TextCNN [41] for AG News, and ResNet-18 [13] for
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Table 1. Overall performance comparison across CIFAR-10, CIFAR-100, TINY (TinyImageNet), AG News, and FEMNIST datasets under
pathological and practical heterogeneous settings. Results are reported as mean accuracy (%) ± standard deviation. Best results are
highlighted and bolded, second-best results are underlined.

Method Pathological heterogeneous setting Practical heterogeneous setting

CIFAR-100 FEMNIST CIFAR-10 CIFAR-100 TINY AG News

M = 10 M = 20 M = 20 M = 10 M = 20 M = 10 M = 20 M = 10 M = 20

Centralized Methods (Single Global Model)
FedAvg [29] 29.00± 3.94 28.57± 4.37 96.65± 1.81 61.36± 8.54 61.26± 8.64 30.84± 2.26 31.10± 4.21 13.49± 1.55 88.90± 7.15
FedProx [19] 28.56± 4.50 28.11± 3.86 96.51± 2.32 60.87± 7.87 61.38± 9.35 30.74± 2.25 30.90± 4.03 13.64± 1.56 83.42± 11.34
FedMTL [37] 65.33± 3.64 59.65± 3.70 100.00 ± 0.00 85.92± 11.18 85.75± 11.62 46.28± 3.82 44.79± 5.25 23.49± 2.43 94.10± 7.56

Personalized Methods (Single Model per Client)
APFL [6] 64.69± 4.01 59.97± 3.91 99.93± 0.20 88.38 ± 7.83 87.36± 10.92 48.30± 3.44 46.67± 5.11 24.26± 2.71 94.26± 7.41
Ditto [20] 65.32± 3.63 59.61± 3.66 100.00 ± 0.00 85.97± 10.95 85.72± 11.77 46.19± 3.50 44.89± 5.16 23.45± 2.70 94.06± 7.69
FedRep [4] 66.50 ± 3.41 61.46± 3.82 100.00 ± 0.00 87.36± 8.92 86.94± 10.76 48.26± 3.31 46.46± 4.52 27.24± 2.77 94.68± 12.69
FedAMP [15] 65.41± 3.67 59.66± 3.59 100.00 ± 0.00 85.96± 10.92 85.93± 11.53 46.13± 3.62 45.00± 5.08 23.32± 2.62 94.17± 7.48

Personalized Methods (Multiple Server Models)
IFCA [10] 42.34± 5.18 43.89± 3.58 99.46± 0.78 77.27± 7.14 73.35± 12.00 34.09± 5.69 29.80± 3.75 15.24± 1.90 90.63± 11.79
FedFew (Ours) 65.47± 3.90 64.98 ± 3.32 100.00 ± 0.00 88.17± 7.74 88.26 ± 9.06 50.44 ± 3.14 53.69 ± 4.79 30.31 ± 3.06 96.07 ± 4.82

Table 2. Performance comparison on medical imaging datasets (Kvasir and Fe-
dISIC). For each dataset, we report three metrics: (1) Avg: average accuracy across
all clients with standard deviation; (2) Min: worst-case client accuracy; (3) Max:
best-case client accuracy. Best results are highlighted and bolded, second-best
results are underlined.

Method Kvasir FedISIC

Avg. ± Std. Min. Max. Avg. ± Std. Min. Max.

Local-only Baseline
Local-only 92.16± 7.22 80.49 100.00 65.37± 17.23 41.08 94.54

Centralized Methods (Single Global Model)
FedAvg [29] 85.96± 2.30 82.20 89.20 64.71± 15.66 48.50 95.15
FedProx [19] 79.91± 11.24 57.51 86.58 65.46± 18.77 42.93 96.06
FedMTL [37] 92.46± 6.75 82.20 100.00 69.20± 15.29 54.19 96.46

Personalized Methods (Single Model per Client)
APFL [6] 91.97± 7.00 82.20 99.77 67.83± 15.63 52.92 95.45
Ditto [20] 92.37± 7.17 80.73 100.00 69.51± 15.72 52.20 96.66
FedRep [4] 92.71± 6.47 82.93 100.00 64.38± 16.51 47.96 94.54
FedAMP [15] 92.76± 6.72 82.20 100.00 67.41± 17.12 45.84 96.76

Personalized Methods (Multiple Server Models)
IFCA [10] 82.05± 21.88 40.24 100.00 53.61± 20.45 23.23 85.74
FedFew (Ours) 92.84 ± 6.08 83.90 99.77 69.57 ± 14.59 55.40 95.35
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Figure 2. Sensitivity Studies. (a) Test accuracy vs K
on CIFAR-10. FedAvg baselines (dashed) shown for
comparison. (b) Evolution over training rounds (log
scale) for different K values.

medical datasets. Our method utilizes K = 3 server
models across all experiments. Training proceeds for
2000 communication rounds on benchmark datasets and
1000 rounds on medical datasets to mitigate overfitting on
smaller-scale medical data, with 1 local epoch per round.
Batch sizes are configured based on dataset characteristics:
100 for datasets with lower overfitting tendency and 50
for those more susceptible to overfitting. Learning rates
are selected according to dataset complexity, ranging from
0.0005 to 0.005. Full client participation is enforced in each
communication round. Comprehensive hyperparameter
configurations are in the supplementary material.

5.2. Main Results

Benchmark Datasets. Table 1 presents the performance
comparison on benchmark datasets under both pathological
and practical heterogeneity settings.

Our FedFew method demonstrates superior performance
across diverse data distributions and client configurations.
In pathological heterogeneous settings with CIFAR-100,
FedFew achieves 64.98% accuracy with M = 20 clients,
outperforming the best personalized baseline (FedRep at
61.46%). Under practical heterogeneous settings, Fed-
Few consistently ranks first or second across all datasets.
Notably, on CIFAR-100 with M = 20 clients, FedFew
achieves 53.69% accuracy, surpassing the best baseline
by 7.02%. On TinyImageNet, FedFew improves over the
strongest baseline (FedRep) by 3.07%, demonstrating its
effectiveness on large-scale image classification. For AG
News text classification, FedFew achieves 96.07% accu-
racy, outperforming FedRep by 1.39%.

Real-world Medical Dataset. Table 2 presents results on
medical imaging datasets with naturally heterogeneous dis-
tributions. On the Kvasir gastrointestinal dataset, FedFew
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Figure 3. Mean client accuracy comparison across communica-
tion configurations. All configurations achieve comparable mean
client accuracy (87.8–88.3%), demonstrating that our method is
robust to different communication-computation trade-offs.

achieves the highest average accuracy (92.84%) and best
worst-case performance, demonstrating robustness across
diverse medical institutions. For FedISIC skin lesion clas-
sification, FedFew attains 69.57% average accuracy with
55.40% minimum accuracy, significantly outperforming
IFCA which suffers from severe performance degradation.

Notably, methods adopting multi-objective perspectives
(FedFew and FedMTL) both achieve significantly higher
minimum accuracies compared to other baselines (at least
+1.2% improvement over other baselines, +13.0% over
local-only on FedISIC), showcasing the advantage of multi-
objective optimization in balancing performance across het-
erogeneous clients.

5.3. Sensitivity Analysis and Convergence
We conduct sensitivity analysis and convergence studies
on CIFAR-10 with Dirichlet-α = 0.5 heterogeneity across
M = 20 clients. Throughout this section, we use K = 3
server models by default, except when explicitly varying K
to study its impact on performance.

5.3.1. Effect of Number of Server Models

Robust Test Accuracy. Figure 2a presents test accuracy for
K ∈ {1, 2, . . . , 10}. Our method achieves weighted accu-
racy ranging from 89.4 to 91.3% across all K values, con-
sistently demonstrating substantial improvement over Fe-
dAvg’s 61.2% baseline. Notably, the single-model configu-
ration (K = 1) attains the highest accuracy of 91.3%. This
non-monotonic relationship between K and performance
can be attributed to two factors: (1) Underlying data ho-
mogeneity: CIFAR-10 is sampled from a single distribu-
tion, a single well-optimized model can perform well across
clients; (2) Optimization complexity: larger K expands the
parameter space, leading to slower convergence within the
fixed training rounds.
Convergence of STCH-Set Objective. To validate this
optimization complexity hypothesis, we examine conver-
gence behavior in Figure 2b, which tracks the evolution
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Figure 4. Communication-computation trade-off. Conver-
gence of gSTCH-Set vs total local updates for different (local epochs,
communication rounds) configurations. Local epochs (LE) ∈
{1, 2, 4, 8, 16} with corresponding communication rounds (GR)
to maintain 2000 total updates.

of gSTCH-Set(Θ) over 2,000 training rounds (log scale). We
observe consistent monotonic decrease across all K values,
confirming the stability of our gradient-based optimization.
However, with increasing K, the convergence speed de-
creases significantly, corroborating that larger model sets
indeed create more challenging optimization landscapes
that hinder both convergence rate and final performance.

5.3.2. Communication Efficiency

We examine the trade-off between communication fre-
quency and local computation by varying the number of lo-
cal epochs per round while maintaining constant total local
updates (communication rounds × local epochs = 2000).

Figure 4 shows the convergence of gSTCH-Set(Θ) across
five configurations. Configurations with more local epochs
(LE=16) exhibit faster convergence and lower variance
compared to frequent communication (LE=1). Specifically,
LE=16 achieves the steepest descent and most stable opti-
mization trajectory, demonstrating that our method main-
tains or even improves performance while drastically re-
ducing communication overhead. All configurations reach
comparable mean client accuracies as shown in Figure 3.

6. Conclusion

In this paper, we propose FedFew, a novel personalized fed-
erated learning algorithm that tackles the scalability chal-
lenge in PFL through a Few-for-Many framework, where
a small set of K server models collaboratively serve M
clients with K ≪ M . Our approach reformulates PFL
as a multi-objective optimization problem and leverages the
smooth Tchebycheff set scalarization for effective gradient
optimization. Extensive experiments on multiple bench-
marks, including healthcare collaborations and edge com-
puting scenarios, demonstrate that FedFew achieves supe-
rior personalization performance while maintaining compu-
tational efficiency and scalability.
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