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Abstract: Cross-silo federated learning (FL), which benefits from relatively abundant data and rich computing
power, is drawing increasing focus due to the significant transformations that foundation models (FMs) are instigating
in the artificial intelligence field. The intensified data heterogeneity issue of this area, unlike that in cross-device
FL, is caused mainly by substantial data volumes and distribution shifts across clients, which requires algorithms
to comprehensively consider the personalization and generalization balance. In this paper, we aim to address the
objective of generalized and personalized federated learning (GPFL) by enhancing the global model’s cross-domain
generalization capabilities and simultaneously improving the personalization performance of local training clients.
By investigating the fairness of performance distribution within the federation system, we explore a new connection
between generalization gap and aggregation weights established in previous studies, culminating in the fairness-guided
federated training for generalization and personalization (FFT-GP) approach. FFT-GP integrates a fairness-aware
aggregation (FAA) approach to minimize the generalization gap variance among training clients and a meta-learning
strategy that aligns local training with the global model’s feature distribution, thereby balancing generalization and
personalization. Our extensive experimental results demonstrate FFT-GP’s superior efficacy compared to existing
models, showcasing its potential to enhance FL systems across a variety of practical scenarios.
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1 Introduction

Federated learning (FL) has recently emerged
as a prominent privacy-preserving paradigm for col-
laborative learning on distributed data (McMahan
et al., 2017) in data-sensitive domains such as health-
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care (Haque et al., 2020; Rieke et al., 2020; Xu A
et al., 2022) and finance (Kairouz et al., 2021; Zhu
et al., 2021). However, existing FL (Zhao et al.,
2018; Karimireddy et al., 2020; Li T et al., 2020c;
Li X et al., 2020; Wang et al., 2020) predominantly
focuses on the cross-device scenario, characterized
by numerous clients each possessing limited data,
computing power, and communication capabilities.
Consequently, data heterogeneity issues are often ob-
served in data across all clients whose distributions
follow a uniform meta simplex (Zhao et al., 2018; Li
X et al., 2020). Algorithms targeting data hetero-
geneity have solely concentrated on convergence on
the global distribution (Karimireddy et al., 2020; Li
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T et al., 2020c) or personalization on the training
clients (Smith et al., 2017; Arivazhagan et al., 2019;
Oh et al., 2022), not both.

In recent years, the cross-silo scenario (Huang
YT et al., 2021; Huang C et al., 2022) has gar-
nered increased attention, with notable applications
in medical image analysis (Xu A et al., 2022) and
autonomous driving (Chu et al., 2021; Liu KZ et al.,
2022), among others (du Terrail et al., 2022). Unlike
the cross-device scenario, the cross-silo framework
involves significant data volumes at each client, with
each one possessing independent data distributions
and sufficient computational and communication re-
sources, as illustrated in Fig. 1. Here, the primary
form of data heterogeneity transitions to domain or
distribution shifts (Khosla et al., 2012; Cohen et al.,
2020; Zhang HR et al., 2021) among clients, necessi-
tating a dual focus on enhancing the generalization
of the global model and the personalization of local
models. This paradigm is thus also called generalized
and personalized federated learning (GPFL) (Jiang
et al., 2023; Lu et al., 2023; Zhang RP et al., 2023b).

Meanwhile, the substantial computational
power and data abundance in the cross-silo setting
pave the way for adapting foundation models (FMs)
within the FL framework. FMs like GPT-4 (Achiam
et al., 2023) and contrastive language-image pre-
training (CLIP) (Radford et al., 2021) have marked

significant advancements, revolutionizing artificial
intelligence (AI) research and applications. How-
ever, FMs are trained solely with large-scale open-
source data available on the Internet (Schuhmann
et al., 2022). Given that a significant portion of task-
relevant data cannot be incorporated into the FM
pre-training process due to privacy concerns (Lyu
et al., 2023), the importance of FL becomes particu-
larly apparent (Zhuang et al., 2023). FedCLIP and
PromptFL have integrated the parameter-efficient
fine-tuning (PEFT) (Ding et al., 2023) on top of
CLIP into FL. Subsequently, Fed-DPT (Wei et al.,
2023) and FedAPT (Su et al., 2024) enhance per-
sonalized performance of PromptFL under domain
shifts among training clients for domain adapta-
tion. Nevertheless, no CLIP-based FL algorithms
have been specifically designed to address the do-
main shift challenge in the cross-silo scenario for the
GPFL objective.

In this paper, we aim to achieve the GPFL ob-
jective under both traditional and CLIP-based feder-
ated training by promoting fairness and employing a
meta-learning framework to personalize local train-
ing. In generalization adjustment (GA) (Zhang RP
et al., 2023a), altering the aggregation weights for a
single client can impact the global model’s data dis-
tribution performance. Inspired by GA, we discover
correlation between the local model’s weights and the

Each client possesses substantial data and rich computing power.

...

Client side

Server side

Global model

Cross-silo federated learning

Server improves the global

  generalization with local 

  personalization to encourage 

  federated learning.

Clients require a high local 

  personalization performance 

  within the federated system.

Fig. 1 Illustration of cross-silo FL. It has fewer clients than the cross-device FL, but each client has substantial
data and computational resources. From the client perspective, FL needs to enhance each client’s person-
alization performance while maintaining fairness among clients. On the server side, advancing FL requires
improving the generalization capability of the global model to foster collaboration. FL: federated learning
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performance of the aggregated global model for its
client, uncovering an explicit linear relationship be-
tween changes in weights and the corresponding loss
value. Leveraging this relationship, we introduce an
optimal aggregation weight calculation formula to
minimize the variance of generalization gaps among
training clients, thereby improving performance dis-
tribution fairness (Shi et al., 2024). Based on the
above observation, we propose fairness-guided fed-
erated training for generalization and personaliza-
tion (FFT-GP). We initially devise a fairness-aware
aggregation (FAA) method for updating the global
model on the server side, inspired by the linear re-
lationship. Furthermore, we align the feature distri-
bution between the global and local models during
local training, employing a meta-learning strategy
to balance personalization and generalization. Our
main contributions are as follows:

1. We first address the FL problem that balances
generalization and personalization in the cross-silo
scenario from the fairness perspective. By identi-
fying an explicit linear relationship between aggre-
gation weights and the corresponding client perfor-
mance, we propose a new method of deriving aggre-
gation weights that maximizes performance distribu-
tion fairness at each round.

2. We introduce the FFT-GP, featuring FAA on
the server side, where optimal weights for each round
are determined by estimating linear correlation coef-
ficients on each client. We constrain the alignment
between the global model and local models through
meta-learning to achieve balanced generalization and
personalization (BGP) in local training.

3. Extensive experiments are conducted under
both traditional and CLIP-based federated train-
ing. The results show that our FFT-GP algorithm
exceeds current state-of-the-art methods on both
global model generalization and local model person-
alization performances. Moreover, through fairness
analysis and visualization, we further substantiate
the algorithm’s effectiveness.

2 Related works

2.1 FL with non-IID data

FL has emerged as a compelling paradigm for
multi-site data collaboration, offering significant ad-
vantages in communication efficiency and privacy

preservation (McMahan et al., 2017; Li T et al.,
2020b; Kairouz et al., 2021; Fan et al., 2022).
FedAvg (McMahan et al., 2017), the pioneering FL
algorithm, adeptly balances privacy preservation and
collaborative training by transmitting models rather
than data. However, FedAvg presupposes that data
are independent and identically distributed (IID). In
real scenarios, data across clients are frequently non-
independent and non-identically distributed (non-
IID), a phenomenon referred to as data heterogene-
ity (Zhao et al., 2018; Li X et al., 2020; Huang YT
et al., 2021; Zhu et al., 2021).

Existing studies tackle the data heterogeneity
challenge via two principal strategies. The first strat-
egy enhances the generalizability of the global model,
termed generalized federated learning (GFL), aiming
at rapid and consistent convergence. FedProx (Li T
et al., 2020c) and SCAFFOLD (Karimireddy et al.,
2020) enhance global model convergence by incorpo-
rating consistency constraints during local training.
In contrast, FedNova (Wang et al., 2020) and Fed-
CSA (Ma et al., 2021) improve the global model’s
generalizability by adjusting weights to reflect varia-
tions in dataset sizes or client category distributions
during aggregation. The second strategy deviates
from the global model, and focuses on personalized
local model training aligned with each client’s data
distribution, referred to as personalized federated
learning (PFL). Algorithms like FedMTL (Smith
et al., 2017) and Ditto (Li T et al., 2021) view per-
sonalization for each client as a distinct task in multi-
task learning, with federation aggregation imposing
commonality constraints across tasks. Conversely,
FedPer (Arivazhagan et al., 2019), FedRep (Collins
et al., 2021), and FedBABU (Oh et al., 2022) share
certain network layer parameters while others remain
personalized.

2.2 Cross-silo FL

Early research focused primarily on the cross-
device scenarios (McMahan et al., 2017; Wang et al.,
2020; Kairouz et al., 2021; Zhu et al., 2021), where
clients possess limited data and computational re-
sources and face connectivity challenges (Zhao et al.,
2018; Li X et al., 2020). Despite the vast number
of clients, algorithmic designs often addressed only a
single facet of generalized or personalized FL.

However, in this paper, we focus on the cross-
silo scenario (Huang YT et al., 2021; Huang C et al.,
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2022), characterized by fewer clients but with suffi-
cient data and computational capabilities per client.
Cross-silo FL is particularly advantageous for appli-
cations in sectors like healthcare (Rieke et al., 2020;
Xu A et al., 2022) and finance (Huang C et al., 2022),
where it aligns well with the inherent requirements
of these domains. In this case, data heterogeneity
presents a more complex challenge, particularly in
domain or distribution shifts (Yuan HL et al., 2022).

Federated domain generalization (FedDG) (Liu
QD et al., 2021) was proposed to handle the domain
shift problem and aims to improve the generalization
of the global model to new unseen clients in the pres-
ence of domain shifts across clients. ELCFS (Liu QD
et al., 2021) first defines the FedDG and proposes a
cross-domain data augmentation method during lo-
cal training for FL on medical imaging. FADH (Xu
QW et al., 2024) introduces a novel algorithm that
leverages adversarial sample generation, drawing in-
spiration from the ELCFS concept. Concurrently,
FedSR (Nguyen et al., 2022) incorporates domain-
invariant feature constraints into local training, and
GA (Zhang RP et al., 2023a) reevaluates the global
aggregation for FedDG. CSAC (Yuan JK et al., 2023)
unifies multi-source semantic learning and alignment
collaboratively by repeatedly alternating semantic
aggregation and calibration.

In the cross-silo FL, GRACE (Zhang RP et al.,
2023b) and IOP-FL (Jiang et al., 2023) introduce
the GPFL framework. This initiative is driven by
two key factors: first, the data and computational
resources of each client facilitate the simultaneous
training of global and personalized local models; sec-
ond, to effectively establish a federation, it is es-
sential to concurrently optimize the global model’s
generalization and achieve high performance on indi-
vidual training clients. Notably, GRACE (Zhang RP
et al., 2023b) proposes to correct the updated gra-
dients on both global and local models during feder-
ated training, while IOP-FL (Jiang et al., 2023) pro-
poses adaptive model aggregation to accommodate
new client integration and facilitate test-time adjust-
ment. In this paper, we endeavor to achieve the ob-
jectives of GPFL more effectively, emphasizing the
importance of fairness on performance distribution.

2.3 FL with FMs

AI is undergoing a significant paradigm shift
with the emergence of FMs like GPT-4 (Achiam

et al., 2023), CLIP (Radford et al., 2021), and seg-
ment anything model (SAM) (Kirillov et al., 2023).
These models are trained on extensive datasets us-
ing self-supervision at scale, enabling adaptation to
a multitude of downstream tasks. Recent advance-
ments in large-scale vision-language pre-training
have spurred the development of CLIP-based FL
methods. Given that the FL application scenar-
ios typically impose stringent privacy protection re-
quirements, using FL during the pre-training of FMs
proves challenging. Consequently, there is a greater
emphasis on the downstream adaptation leveraging
pre-trained FM models.

The core idea is to create a federated version
of PEFT (Ding et al., 2023), which can fully use
the powerful capabilities of FMs (Zhuang et al.,
2023). FedCLIP (Lu et al., 2023) pioneers the
use of a pre-trained CLIP model for each client,
implementing federated training on an additional
adapter layer following the image encoder. Similarly,
PromptFL (Guo et al., 2024) introduces an innova-
tive approach by incorporating a prompt learning
technique (Zhou et al., 2022) into the CLIP text en-
coder. Expanding on this, FedAPT (Su et al., 2024)
and Fed-DPT (Wei et al., 2023) further enhance the
prompt learning strategy, focusing on domain adap-
tation to refine its effectiveness.

2.4 Fairness in FL

During federated model training, variations in
data quality, quantity, and local client resources lead
to differing contributions to the final FL model.
This diversity introduces fairness as a critical re-
search challenge within FL (Zeng et al., 2021; Shi
et al., 2024). Fairness concerns arise at various
stages of FL, including model optimization, con-
tribution evaluation, client selection, and incentive
mechanisms. In this study, we specifically examine
how enhancing model optimization fairness affects
the global model’s generalizability in the cross-silo
scenario. AFL (Mohri et al., 2019), an early work in
this area, sought to establish fairness by preventing
model overfitting to any single client to the detri-
ment of others. Following this, q-FFL (Li T et al.,
2020a) was proposed, drawing inspiration from fair
resource allocation strategies to ensure more uni-
form accuracy across FL devices. Additionally, Ada-
FFL (Cong et al., 2023) introduces a dynamic adjust-
ment of q-FFL’s fairness coefficient based on local
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model updates. Similarly, Cui et al. (2021) proposed
a gradient-based procedure to enforce both algorith-
mic fairness and performance consistency, aiming to
achieve a Pareto-optimal solution. Moreover, Zhang
FD et al. (2024) introduced a unified framework,
FedUFO, which uses distributional robust optimiza-
tion and a unified uncertainty set to enhance perfor-
mance consistency and training efficacy for digital
healthcare tasks.

Although these methods evaluate fairness in
terms of accuracy variance, the presence of domain
shifts suggests that the generalization gap (a concept
introduced in GA (Zhang RP et al., 2023a)) serves
as a more appropriate fairness metric. Our proposed
approach focuses on improving performance distri-
bution fairness to enhance generalization within the
GPFL framework.

3 FFT-GP

In this section, we will first delineate the opti-
mization objective of GPFL. Subsequently, we will
elaborate on the motivation behind and the imple-
mentation details of our proposed algorithm.

3.1 Preliminaries

Denote the set of datasets of all clients as
D = {D1, D2, · · · } and the sampled counterpart for
training as S = {D1, D2, · · · , DM}, where M is the
number of training clients (or domains, with each
client representing one domain). A sample pair from
Di is denoted as (xi, yi), and the loss function L
measures the distance between the model’s predic-
tion f(x;w), parameterized by w, and label y. The
notations used throughout this paper are summa-
rized in Table 1 for clarity. Furthermore, given a
sampled counterpart Di = {xi

j, y
i
j}Ni

j=1, Ni = |Di|,
the empirical risk on client (or domain) i is defined
as

EDi(w) =
1

Ni

Ni∑

j=1

L (
f(xi

j;w), y
i
j

)
. (1)

GPFL has two ideal objectives: from the per-
spective of global generalization, the resulting global
model is expected to exhibit excellent performance
on D despite domain shifts; from the viewpoint of
training clients, each client aims to minimize the
expected loss on their local data distribution. In
practice, we typically have sampled domains and

Table 1 Notations used in this paper

Notation Description

Di = {xi
j , y

i
j}Ni

j=1 Dataset of client i with data x and label y

S = {Di}M
i=1 Overall training set with M clients

pi =
Ni∑M

m=1
Nm

Weight for client i of FedAvg

ai Learnable weight for client i

f(x;w) Model f with parameter w and input x

wg Parameter of the global model
wi, w∗

i Local model parameters and
the optimal values

L(f(xi;w), yi) Performance on client i with loss L
EDi

(w) Empirical risk on client i

GDi
(wg), Gi Generalization gap on client i (abbr. Gi)

t ∈ {1, 2, · · · , T} The index of FL round
Kt

i Linear slope on client i at round t

η Learning rate
λ Weight of alignment constraint in BGP

FL: federated learning; BGP: balanced generalization and
personalization

their corresponding data points {xi
j, y

i
j}Ni

j=1 in each
domain i. Thus, FedAvg optimizes the following
objective:

min
w

ES(w) =
M∑

i=1

piEDi(w)

=
M∑

i=1

pi
Ni

⎛

⎝
Ni∑

j=1

L (
f(xi

j ;w), y
i
j

)
⎞

⎠ ,

(2)

where pi = Ni∑
M
m=1 Nm

and we denote wg =

argminw ES(w) as the parameter of global model.
In federated training, because the data are stored on
each client, obtaining the optimized global model wg

directly from the overall training set S is not feasi-
ble. Actually, in FedAvg wg is derived by aggregat-
ing the local models’ parameters {wi}Mi=1, which are
uploaded after local training at each training client,
using weights pi: wg =

∑M
i=1 piwi.

Therefore, GPFL aims to minimize both the
global model wg with respect to S and the local mod-
els wi with respect to Di, where i = 1, 2, · · · ,M :

Global : min
wg

ES(wg); Local :

⎧
⎪⎪⎨

⎪⎪⎩

minw1 ED1(w1),

minw2 ED2(w2),

· · ·
minwM EDM (wM ).

(3)

3.2 Motivation

Numerous studies to address the data hetero-
geneity issue in FL have highlighted that FedAvg
operates by assuming the IID hypothesis for all
data from a global training perspective (Zhao et al.,
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2018; Li X et al., 2020; Ma et al., 2021; Zhang
RP et al., 2023a, 2023b). Consequently, employing
fixed aggregation weights is effective mainly in class-
imbalance experiments on datasets such as CIFAR-
10/100 and Tiny-ImageNet (Fan et al., 2022, 2023a,
2023b; Zhang FD et al., 2023).

However, the use of fixed weights results in a
static relationship between the global objective and
the local objectives on each client. In the cross-
silo scenario, where domain shifts occur across dif-
ferent clients, FedAvg’s fixed weights prevent it from
achieving an optimal balance between global gener-
alization and local personalization in GPFL.

Building on the GA algorithm (Zhang RP et al.,
2023a), our goal remains to enhance out-of-domain
generalization by improving the fairness of the global
model’s performance distribution, taking into ac-
count the generalization gap post-aggregation. Un-
like GA, our study identifies an explicit linear rela-
tionship between changes in weights and shifts in the
generalization gap during the aggregation process.

In GA, the generalization gap GDi(wg) is em-
ployed to assess the bias of the global model
wg towards distinct clients, using its variance
Var{GDi(wg)}Mi=1 as an indicator of performance dis-
tribution fairness. A lower variance signifies that
the global model demonstrates more uniform gener-
alization performance across various training clients,
suggesting enhanced generalization. Formally, the
definition of GDi(wg) is as follows:

GDi(wg) = GDi

⎛

⎝
M∑

j=1

ajw
∗
j

⎞

⎠ = EDi (wg)−EDi(w
∗
i ),

(4)
where w∗

i represents the local optimum on domain
Di, aj denotes the aggregation weight for w∗

j , and
wg =

∑M
j=1 ajw

∗
j . In practice, wi acquired at the

conclusion of each local training round is regarded
as an approximation of w∗

i , having converged on the
local data distribution.

The former definition of performance distribu-
tion was proposed by Li T et al. (2020a), which uses
the variance of the performance distribution as a
measure of uniformity:

Var{EDi(wg)}Mi=1 =

M∑

i=1

M∑

j=1

(EDi (wg)− EDj (wg))
2.

(5)

We propose that using the absolute value of per-
formance to estimate fairness is not accurate enough
when the data distribution is inconsistent across dif-
ferent clients and the task difficulty is not uniform.
Forcibly constraining the performance to be the same
will suppress the performance of clients with rela-
tively fast convergence, which is not conducive to
the formation of the federation. Therefore, in this
paper, we use the variance of generalization gaps as
the metric for estimating fairness:

Var{GDi(wg)}Mi=1

=

M∑

i=1

M∑

j=1

(GDi(wg)−GDj (wg))
2

=
M∑

i=1

M∑

j=1

((EDi(wg)− EDi(w
∗
i ))

− (EDj (wg)− EDj (w
∗
j )))

2.

(6)

Here, Eq. (5) can be considered a special case of
Eq. (6) when the local optimal performance is the
same among clients.

Building on the aforementioned GDi(wg) defini-
tion, the fairness-aware global objective Efairness

S (wg)

is formulated as

min
w1,w2,··· ,wM ,a

E
fairness
S (wg)

=
M∑

i=1

aiEDi(wi) + βVar{GDi(wg)}Mi=1

s.t.

M∑

i=1

ai = 1, wg =

M∑

i=1

aiwi, ∀i, ai ≥ 0.

(7)

Here, we denote the learnable client/domain weights
by a = (a1, a2, · · · , aM ), and β ∈ [0,∞) modulates
the equilibrium between minimizing global risk and
promoting fairness among generalization gaps, with
β = 0 reverting to the FedAvg algorithm and β →
∞ equating the generalization gaps exclusively. To
simplify the notation, we abbreviate GDi(wg) as Gi,
and GDi(w

t
g) in the tth round is represented as Gt

i.
GA proposes adjusting the magnitude of ai

to influence Gi, aiming to reduce the variance in
{Gi}Mi=1 through a weight adjustment strategy based
on a predetermined step size. However, this ap-
proach necessitates the prior specification of a step
size hyper-parameter, whose excessive or insufficient
magnitude can impact the aggregation outcome and
fails to guarantee the minimization of Gi’s variance
through adjusted weights.
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We further explore the relationship between ai
and Gi. As depicted in Fig. 2, we examine the
linearity between Δa and ΔG for each training client
across various benchmarks. We specifically adjust
the aggregation weights to influence the proportion
of the local model on an individual client and then
calculate the generalization gap of the aggregated
global model for that client. Our empirical analy-
sis across multiple benchmarks shows a distinct lin-
ear correlation between Δa and ΔG for the training
clients.

Additionally, we note that the slope of the lin-
ear relationship between Δa and ΔG differs among
clients due to the domain shifts, which results in con-
siderable variability among the trained local mod-
els. These findings, as presented in Fig. 2, high-
light the importance of identifying optimal aggrega-
tion weights during the aggregation phase. Based on
these observations, we introduce an optimal aggre-

gation weight formula aimed at maximizing fairness
within the linear relationship.

3.3 FFT-GP algorithm

Here, we introduce in detail our method: FFT-
GP, which encompasses FAA for global generaliza-
tion and BGP for personalizing local training (as
shown in the left side of Fig. 3). Then, we will dis-
cuss the application of foundation models in feder-
ated learning (as shown in the right part of Fig. 3).

3.3.1 FAA

On the cloud server side, the optimization of
the global objective in FL is achieved by aggregat-
ing the local models uploaded by each client. To
realize the global optimization objective (7) of en-
hanced fairness, we must calculate appropriate ag-
gregation weights to minimize the variance of the
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Fig. 2 Relationship between the change in aggregation weights Δa and the change in generalization gaps ΔG

across various benchmarks: (a) PACS; (b) VLCS; (c) OfficeHome; (d) TerraInc. The legend in each subplot
denotes the linear correlation slope K and the Pearson linear correlation coefficient ρ for Δa and ΔG on each
training client (Details of the experimental settings are presented in Section 4.1). References to color refer to
the online version of this figure



Zhang et al. / Front Inform Technol Electron Eng 2025 26(1):42-61 49

Balanced generalization and
personalization for local training

Update with
global align
constraint

Train local model

with only task loss

Align
lossGlobal

LocalLocal

Task
loss

Task
loss

Meta-train Meta-update

Client 2 Client MClient 1

…

Cloud server

Global

Broadcast to clients

Gt: fairness metric of global modeli

Cloud server

Cloud server

Trainable
parameters

Fixed

CLIP

Client 1 Client 2

Fixed

CLIP

Trainable
parameters

Gt Gt’i i

at at
i i

iKt  Gt* at*i

1 2Upload generalization gap
by client i

Obtain the global model 

for the next round

Federated learning with foundation models

New global

model

1at* Mat*

Use optimal weights at*

for global model aggregation

PromptFL
Text

Image

Trainable prompt

XCosine similarity

Trainable
adapter

I
1

… IN

T
1

… TM

Text
encoder

FedCLIP

Image
encoder

…

…

Aggregation

…

′

′

Weight computing of fairness-aware aggregation

Local model

on client 1

Local model 

on client M

Fig. 3 Left: the training framework of our method, which unfolds in a cyclical sequence of four pivotal
steps: (1) broadcasting the global model to each client; (2) executing meta-learning on each training client to
enhance both generalization and personalization; (3) adjusting weights in a fairness-aware manner based on
the generalization gap reported by each client; (4) aggregating the local models using the revised weights to
formulate a new global model. This iterative process continues until the predetermined number of training
cycles is reached. Right: illustrations of FL with FMs. The pink rectangles denote the portions of trainable
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trainable parameters are integrated with the pre-trained CLIP model in both FedCLIP and PromptFL. CLIP:
contrastive language-image pre-training; FL: federated learning; FMs: foundation models. References to color
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generalization gap.

In Section 3.2, we identified a new insight into
the relationship between the changes in aggregation
weights ai and the changes in generalization gaps
Gi, specifically, a linear relationship between Δai
and ΔGi. It is crucial to acknowledge that the
slope of the change curve between Δa and ΔG varies
across different domains, highlighting the domain
shift problem among training clients. Under the
hypothesis of linear correlation, for the local model
wt

i that has completed its local training in the tth

round, if the slope Kt
i of ati and Gt

i for each do-
main is known, we can calculate the weight vec-
tor at = (at1, a

t
2, · · · , atM ) that minimizes the vari-

ance of {Gi}Mi=1. This principle is the cornerstone of
our FAA. The specific calculation process is detailed
below:

At the tth round, for the set of all local models
{wt

1, w
t
2, · · · , wt

M}, we denote the optimal aggrega-
tion weight vector as at∗ = (at∗1 , at∗2 , · · · , at∗M ) and
the adjusted fair global model as wt∗

g =
∑M

i=1 a
t∗
i wt

i ,
where for wt∗

g , GD1(w
t∗
g ) = GD2(w

t∗
g ) = · · · =

GDM (wt∗
g ) = Gt∗. For the remaining weight vec-

tors at �= at∗, the corresponding globally aggregated
model is wt

g, and the generalization gap of wt
g on

each client i is Gt
i. Leveraging the linear correlation

and the correlation slope Ki for each domain, we can
derive the following nonlinear equations:

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

at∗1 − at1 = Kt
1(G

t
1 −Gt∗),

at∗2 − at2 = Kt
2(G

t
2 −Gt∗),

· · ·
at∗M − atM = Kt

M (Gt
M −Gt∗),

∑M
i=1 a

t
i = 1,

∑M
i=1 a

t∗
i = 1.

(8)

Here we also incorporate the constraint that the
sum of all aggregation weights ai equals 1. It is cru-
cial to observe that for any client i, as the weight ati
increases, the corresponding Gt

i decreases, and hence
the slope Kt

i in Eq. (8) is consistently ≥ 0, namely
∀i ∈ {1, 2, · · · ,M} and t ∈ {1, 2, · · · , T }, Kt

i ≥ 0.
In Eq. (8), we can use a random aggregation weight
vector at to obtain the corresponding {Gt

i}Mi=1. We
now know {ati}Mi=1, {Gt

i}Mi=1, and {Kt
i}Mi=1. Then,

the value of the minimized generalization gap can be
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calculated as

Gt∗ =

∑M
i=1 K

t
iG

t
i∑M

i=1 K
t
i

. (9)

The corresponding aggregation weights are

at∗i = Kt
i (G

t
i −Gt∗) + ati. (10)

Practically, because the relationship between
the aggregation weight ai and the generalization gap
Gi is linearly constrained by Ki on client i, Ki can be
determined by solving Eq. (11) for a after perturbing
at

′
i :

Kt
i =

at
′
i − ati

Gt
i −Gt′

i

. (11)

In our FAA, we initially compute Gi through ag-
gregation using the weight vector from the previous
round at = at−1, and then apply the GA (Zhang
RP et al., 2023a) algorithm for a weight perturba-
tion to acquire at

′
i and the corresponding Gt′

i . Then,
we calculate the slope Ki for each client i. Subse-
quently, we input these results into Eq. (9) to obtain
Gt∗, and then incorporate Gt∗ into Eq. (10) to de-
termine the optimal aggregation weight at∗ for the
tth round. The overall aggregation process is shown
in Algorithm 1.

Algorithm 1 FAA
Input: Set of all local models {wt

1, w
t
2, · · · , wt

M} at round t

and the previous weight vector at−1

Output: Global model wt+1
g for the next round t+ 1

1: Initialize at = at−1

2: for each client i = 1 to M do
3: Compute Gi through aggregation using at

4: Apply the GA algorithm to perturb weights to obtain
at

′
i and the corresponding Gt′

i

5: Calculate the slope Kt
i =

at′
i −at

i

Gt
i−Gt′

i

6: end for
7: Compute Gt∗ =

∑M
i=1 Kt

iG
t
i∑

M
i=1 Kt

i

8: for each client i = 1 to M do
9: Update weight at∗i = Kt

i (G
t
i −Gt∗) + ati

10: end for
11: Global model: wt+1

g =
∑M

i=1 a
t∗
i wt

i

12: return wt+1
g

3.3.2 BGP for local training

As illustrated in Fig. 3, a round of federated
training commences with the cloud server broadcast-
ing the initial training parameters. In addressing the
requisites for GPFL within the cross-silo scenario, we

design a meta-learning framework that harmonizes
generalization and personalization in the training of
local models. PerFedAvg (Fallah et al., 2020) ini-
tially introduces meta-learning to local training, aim-
ing to enhance local personalization beyond what is
achievable with FedAvg, without focusing on the gen-
eralization of the global model. Our meta-learning
framework integrates alignment constraints with the
global model during local personalization, ensur-
ing that the personalized local models do not com-
promise the generalization of the aggregated global
model. Its fundamental concept is that a more gen-
eralizable global model aids local models in bet-
ter adapting to their respective local distributions,
which in turn can offer constructive feedback to
the global model through enhanced gradients. The
meta-learning framework for local training executes
two procedures during each gradient update.

1. Meta-train
Meta-train comprises one step of gradient de-

scent, targeting the task-related loss (cross-entropy
loss for classification tasks), thereby personalizing to
the local data distribution for each client. We rep-
resent wt,k

i as the personalized model parameter at
the local update step k for client i in round t, and η

as the local learning rate. The initial personalization
step is guided only by the task loss:

(wt,k
i )′ = wt,k

i − η∇Ltask
i (wt,k

i )

= wt,k
i − η∇L(f(xi

tr;w
t,k
i ), yitr),

(12)

where (xi
tr, y

i
tr) ∈ Di denotes the sampled data and

(wt,k
i )′ is the updated parameter that will be used in

the subsequent step.
2. Meta-update
After optimizing the local task objective, a

meta-update is performed to virtually assess the up-
dated parameters (wt,k

i )′ using the held-out meta-
test data (xi

te, y
i
te) ∈ Di with a meta-objectiveLmeta.

This involves recalculating the task loss based on the
parameters refined in the first step, while integrating
a feature alignment constraint with the global model.
In the meta-update’s loss function, we incorporate a
feature alignment regularizer:

Lmeta
i (xi

te, y
i
te; (w

t,k
i )′)

=L(f(xi
te; (w

t,k
i )′), yite)

+ λLalign(h(xi
te;φ

t
g), h(x

i
te; (φ

t,k
i )′)),

(13)

where h(·;φ) is the feature extractor part of model
f(·;w) with φ as the corresponding parameter, and
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λ is the weight for the alignment loss, typically
set to 1.0. The CORAL alignment loss (Sun and
Saenko, 2016), which has shown optimal results in
DomainBed (Gulrajani and Lopez-Paz, 2021) for do-
main generalization, is employed here. This process
guarantees that the local models, despite undergoing
personalization, maintain alignment with the global
model in terms of feature distribution. The overall
local training process is illustrated in Algorithm 2.

3.4 Using FMs for FL

CLIP is a weakly supervised learning paradigm
that integrates visual and language encoders to
tackle image recognition challenges. As depicted on
the right side of Fig. 3, the CLIP model maps the
input image and text through respective encoders
to a shared space, subsequently calculating the co-
sine similarity between the derived image and text
features. Image classification is accomplished based
on the relative magnitudes of similarity with various
texts.

Although the CLIP pre-trained model presents
impressive zero-shot generalization, its parameter
scale and computational demands have increased
significantly compared to prior supervised learning
models, thus posing challenges for full parameter
fine-tuning within an FL framework. FedCLIP first
introduces a GPFL-based approach that necessitates
only PEFT of the CLIP model during the local train-
ing phase, which reduces the parameter scale being
updated and, consequently, diminishes the overall
communication and computational burdens of fed-
erated training. Specifically, FedCLIP employs the

Algorithm 2 BGP for local training
Input: Initial global model wt

g at round t

Output: Updated local models {wt
i}Mi=1

1: for client i = 1, 2, · · · ,M do
2: Initialize wt,0

i ← wt
g

3: for local step k = 0, 1, · · · ,K − 1 do
4: /* meta-train */
5: Sample mini-batch (xi

tr, y
i
tr) ∈ Di

6: Calculate task-related loss Ltask

7: Update (wt,k
i )′ ← wt,k

i − η∇Ltask
i (wt,k

i )

8: /* meta-update */
9: Sample (xi

te, y
i
te) for meta-test

10: Calculate meta-objective loss
11: Lmeta

i = Ltask + λLalign

12: Update wt,k+1
i ← (wt,k

i )′ − η∇Lmeta
i ((wt,k

i )′)
13: end for
14: Obtain local model wt

i = wt,K
i

15: end for

CLIP-Adapter method, depicted in the lower right
corner of Fig. 3, integrating a residual module with
two linear layers after the CLIP image encoder to
tailor the image features. Likewise, PromptFL lever-
ages prompt learning from PEFT, appending train-
able prompt vectors before the text encoder to en-
hance the alignment of image and text features via
text feature adaptation. These two types of CLIP-
based FL frameworks are illustrated in Fig. 3. No-
tably, in the PromptFL framework, feature align-
ment of FFT-GP targets text features instead of im-
age features, because the image encoder component
is fixed.

In this study, we implement the traditional fed-
erated training framework along with several CLIP-
based federated frameworks to verify the effective-
ness of the FFT-GP algorithm.

3.5 Cost by FFT-GP

Here we present the additional overhead intro-
duced by using our FFT-GP algorithm. Compared
to the baseline method FedAvg, FFT-GP’s meta-
learning framework in the local training phase dou-
bles the local computational overhead. Addition-
ally, employing the FAA global aggregation method,
which necessitates estimating the slope Ki of the lin-
ear relationship, results in two extra global model
broadcasts, increasing communication overhead and
computational costs for client-side evaluations.

It is crucial to recognize that the introduction
of the CLIP-based federated training framework sig-
nificantly reduces the overall transmission and local
training update parameters. In the cross-silo sce-
nario, the emphasis of the federated system shifts
towards balancing the generalization of the global
model and the personalization of local models, rather
than merely focusing on computational and commu-
nication costs.

If FFT-GP is reduced to the GA’s progressive
adjustment method, a substantial reduction in over-
head can be achieved. In practice, the choice be-
tween GA and FAA methods can be adjusted based
on real-world conditions, allowing for trade-off be-
tween performance and costs.

4 Experiments

In this section, we demonstrate the in-domain
personalization and out-of-domain generalization
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performances of the FFT-GP algorithm compared
with state-of-the-art methods on multiple bench-
mark datasets. In addition, we compare the fairness
of the global model achieved by different aggrega-
tion strategies and visualize the feature distribution
to show the differences caused by domain shift during
training.

4.1 Experiment setups

Here we introduce the datasets and baselines
used in the experiments, followed by the implemen-
tation details.

4.1.1 Datasets

We first evaluate our proposed method on five
widely used FedDG benchmarks for the image clas-
sification task, namely, PACS (Li D et al., 2017)
(9991 images across four domains), VLCS (Fang
et al., 2013), OfficeHome (Venkateswara et al., 2017)
(15 588 images across four domains), TerraInc (Beery
et al., 2018) (24 788 images across four domains),
and DomainNet (Peng et al., 2019) (569 010 im-
ages across six domains). We implement a leave-
one-domain-out splitting and evaluation strategy (Li
D et al., 2017; Gulrajani and Lopez-Paz, 2021; Liu
QD et al., 2021; Zhang RP et al., 2023a) for all
benchmarks. Specifically, we iteratively select one
domain as the unseen client, while using the remain-
ing domains as the source clients for training, with
each domain representing one client. The splitting
of training and validation sets within each source
domain follows the DomainBed benchmark (Gul-
rajani and Lopez-Paz, 2021; Xu QW et al., 2021;
Lu et al., 2023; Zhang RP et al., 2023a) for PACS,
VLCS, OfficeHome, TerraInc, and DomainNet, with
the entire target domain used for testing. We fol-
low the same divided subsets with 10 popular classes
of DomainNet on FedBN (Li XX et al., 2021) and
GA (Zhang RP et al., 2023a). As for evalua-
tion, personalization performance is calculated as
the mean classification accuracy of local models on
each training client’s validation set, while general-
ization performance is defined as the classification
accuracy of the global model on the overall left-out
unseen domain. The reported results for each bench-
mark represent the averaged accuracy across all split
configurations.

Additionally, we conduct extensive validation on

federated benchmarks involving multiple modalities,
including the Fed-Prostate segmentation task (Liu
QD et al., 2021) for medical magnetic resonance
imaging (MRI) images and the Shakespeare (Cal-
das et al., 2018) prediction task for text data. The
Fed-Prostate benchmark is a prostate MRI segmen-
tation task (Liu QD et al., 2021; Jiang et al., 2023)
comprising T2-weighted MRI images across six dif-
ferent domains (Litjens et al., 2014; Bloch et al.,
2015; Lemaître et al., 2015; Liu QD et al., 2020).
The Shakespeare benchmark is derived from The
Complete Works of William Shakespeare (McMahan
et al., 2017), with each speaking role associated with
a device. We follow all training and evaluation set-
tings described in Liu QD et al. (2021) for the Fed-
Prostate and Li T et al. (2020a) for the Shakespeare.

4.1.2 Baselines

We select several advanced algorithms to de-
ploy in both traditional supervised learning-based
federated training, such as FedAvg (McMahan et al.,
2017), and CLIP-based federated training frame-
works, such as FedCLIP (Lu et al., 2023) and
PromptFL (Guo et al., 2024). Here, FedCLIP
and PromptFL differ solely in the locations of the
trainable parameters, with the parameter training
method for both being FedAvg. We select state-
of-the-art algorithms from various perspectives and
conduct experiments within the three aforemen-
tioned frameworks. For the personalization of local
models, we choose Ditto (Li T et al., 2021); for the
generalization of the global model, we compare Fed-
Prox (Li T et al., 2020c) and GA (Zhang RP et al.,
2023a); for GPFL, we select PerFedAvg (Fallah et al.,
2020) and GRACE (Zhang RP et al., 2023b) for com-
parison. We also compare the personalization and
generalization performances under a fully supervised
framework with classical fairness-aware FL methods,
including AFL (Mohri et al., 2019) and q-FFL (Li T
et al., 2020a).

4.1.3 Implementation details

For the five image classification benchmarks,
we follow the protocols used in GA (Zhang RP
et al., 2023a) and FedCLIP (Lu et al., 2023) dur-
ing the local training stage. Specifically, we em-
ploy the ImageNet pre-trained ResNet50 (He et al.,
2016) for traditional federated training and the
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pre-trained CLIP model with ViT-B/16 (Dosovit-
skiy et al., 2021) image backbone for FedCLIP
and PromptFL. To ensure local model convergence
within each round’s local training phase, we set the
number of local epochs E to 5 for ResNet50 and
1 for ViT-B/16, and the number of total commu-
nication rounds R to 40 for ResNet50 and 100 for
ViT-B/16. For consistency, we maintain a batch size
of 16 and a learning rate of 1e-3 during local training
in supervised federated training with ResNet50. For
FedCLIP and PromptFL, we follow the settings from
the original papers (Lu et al., 2023; Guo et al., 2024):
the batch size is set to 32, the learning rate for Fed-
CLIP is 5e-5 with a learnable two-layer adapter mod-
ule (512 × 512 × 2 ≈ 0.5M, where “M” denotes mil-
lion), and for PromptFL, it is 1e-3, with the length
of the learnable prompt vector on the text side being
16× 512 ≈ 0.008M.

For the Fed-Prostate benchmark, all data are
pre-processed to standardize the field of view for
the prostate region and resized to 384 × 384 in the
axial plane. We follow the settings from FedDG-
ELCFS (Liu QD et al., 2021), using the U-Net (Ron-
neberger et al., 2015) model with a learning rate of
1e-3, the Adam optimizer, a batch size of 5, a local
epoch count of E = 1, and a total of 100 rounds.
For evaluation, the Dice coefficient is used to quanti-
tatively assess segmentation results across the entire
object region.

For the Shakespeare benchmark, following the
data split from q-FFL (Li T et al., 2020a), we sam-
ple 31 speaking roles to train a deep language model
for next-character prediction. The model takes an
80-character sequence as input, embeds each charac-
ter in an eight-dimensional learned space, and out-
puts a single character after passing through two long
short-term memory (LSTM) layers and a densely
connected layer. The learning rate is set to 0.8 with
the stochastic gradient descent (SGD) optimizer, a
batch size of 10, a local epoch count of E = 1, and a
total of 80 epochs.

4.2 Main results

We present the results of using a fully-
parameterized ResNet50 as the backbone in Tables 2
and 3. The federated training results, leveraging
the pre-trained CLIP model through the FedCLIP
and PromptFL training frameworks, are detailed in
Tables 4–7.

Table 2 In-domain personalization result comparison
for local models across five DomainBed benchmarks
with state-of-the-art methods using the fully super-
vised ResNet50

Method Accuracy (%)

PACS VLCS OfficeHome TerraInc DomainNet Avg.

FedAvg 96.52 85.04 85.51 93.46 89.12 89.93
Ditto 97.69 86.14 86.88 95.52 90.88 91.42
AFL 96.56 86.36 86.26 95.21 90.94 91.07

q-FFL 97.50 86.35 85.20 91.88 90.88 90.36
PerFedAvg 97.23 86.87 85.76 94.81 90.27 90.99
GRACE 97.88 86.18 85.79 94.93 89.83 90.92
FFT-GP 97.98 87.12 86.26 95.63 91.18 91.63

Bold values indicate the maximum values, while underlined
values represent the second-highest values

Table 3 Out-of-domain generalization result com-
parison for the global model across five DomainBed
benchmarks with state-of-the-art methods using the
fully supervised ResNet50

Method Accuracy (%)

PACS VLCS OfficeHome TerraInc DomainNet Avg.

FedAvg 86.16 78.21 70.64 44.55 77.27 71.37
FedProx 85.01 77.29 71.19 45.34 77.95 71.36

AFL 85.95 77.19 70.17 44.53 76.85 70.94
q-FFL 85.57 77.95 71.82 44.32 78.03 71.54

PerFedAvg 83.89 77.89 68.95 45.28 78.62 70.93
GA 86.62 79.29 69.98 48.67 80.98 73.11

GRACE 86.75 79.46 68.94 45.96 77.78 71.78
FFT-GP 87.59 80.65 71.43 50.63 81.82 74.42

Bold values indicate the maximum values, while underlined
values represent the second-highest values

4.2.1 Overall results

It is apparent that FFT-GP consistently en-
hances performance in both local model personaliza-
tion and global model generalization. Specifically,
in the realm of in-domain personalization, FFT-GP
surpasses methods such as PerFedAvg and Ditto,
which primarily focus on local personalization. Fur-
thermore, FFT-GP, by adopting FAA, initiates per-
sonalization from a global model with broader appli-
cability. This aligns with the GPFL principle that
personalization and generalization can reciprocally
reinforce one another. For out-of-domain generaliza-
tion, FFT-GP, compared with GA, determines ag-
gregation weights with a stronger emphasis on fair-
ness, thus substantially improving the global model’s
generalizability. In contrast, the global aggrega-
tion strategy of GRACE, which prioritizes consistent
convergence amid domain shifts without considering
fairness, results in poorer performance than both our
approach and GA.
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Table 4 In-domain personalization result compari-
son for local models across five DomainBed bench-
marks with state-of-the-art methods using the Fed-
CLIP training framework with a ViT-B/16 backbone

Method
Accuracy (%)

PACS VLCS OfficeHome TerraInc DomainNet Avg.

FedCLIP 97.72 86.81 84.82 70.92 91.62 86.38
Ditto 98.55 90.15 88.43 73.51 92.76 88.68

PerFedAvg 98.27 89.49 88.53 74.07 91.68 88.41
GRACE 98.27 89.45 88.51 73.42 91.75 88.28
FFT-GP 98.37 89.59 88.76 74.03 91.95 88.54

Bold values indicate the maximum values, while underlined
values represent the second-highest values

Table 5 Out-of-domain generalization comparison
of the global model across five DomainBed bench-
marks with state-of-the-art methods using the Fed-
CLIP training framework with a ViT-B/16 backbone

Method
Accuracy (%)

PACS VLCS OfficeHome TerraInc DomainNet Avg.

FedCLIP 97.38 83.88 84.81 48.24 85.02 79.87
FedProx 97.21 83.51 84.86 50.49 84.68 80.15

PerFedAvg 97.38 83.97 85.03 50.80 84.51 80.34
GA 97.23 84.42 85.14 51.45 86.03 80.85

GRACE 97.38 84.28 84.77 50.88 85.19 80.50
FFT-GP 97.50 84.75 86.17 51.81 86.70 81.39

Zero-shot 96.15 81.74 82.19 33.41 88.18 76.33

Bold values indicate the maximum values, while underlined
values represent the second-highest values

4.2.2 Supervised vs. CLIP-based

When comparing the fully-parameterized train-
ing detailed in Tables 2 and 3 with the pre-trained
CLIP-based training presented in Tables 4–7, we no-
tice significant differences. Specifically, for datasets
such as PACS, VLCS, OfficeHome, and DomainNet,
which are sourced from the Internet, aligning the
training data distribution with the pre-trained large
model enables impressive personalization and gen-
eralization results. This is evident even when fine-
tuning a minimal number of parameters (0.5M for
FedCLIP and 0.008M for PromptFL). Conversely,
for TerraInc, characterized by images from outdoor
cameras across diverse locations, a substantial do-
main shift is observed. Here, using fewer fine-tuning
parameters leads to a reduced personalization per-
formance compared with the full-parameter train-
ing with ResNet50. However, the robust general-
ization capability inherent in CLIP-based models al-
lows their global generalization to outperform that
of ResNet50.

Table 6 In-domain personalization result comparison
for local models across five DomainBed benchmarks
with state-of-the-art methods using the PromptFL
training framework with a ViT-B/16 backbone

Method
Accuracy (%)

PACS VLCS OfficeHome TerraInc DomainNet Avg.

PromptFL 98.10 88.63 87.98 71.56 90.98 87.45
Ditto 98.13 90.09 88.34 70.32 92.22 87.82

PerFedAvg 98.52 89.06 88.26 70.19 92.49 87.70
GRACE 98.66 89.92 88.88 70.79 92.26 88.10
FFT-GP 98.68 90.27 88.82 71.10 92.32 88.24

Bold values indicate the maximum values, while underlined
values represent the second-highest values

Table 7 Out-of-domain generalization comparison of
the global model across five DomainBed benchmarks
with state-of-the-art methods using the PromptFL
training framework with a ViT-B/16 backbone

Method
Accuracy (%)

PACS VLCS OfficeHome TerraInc DomainNet Avg.

PromptFL 97.40 82.03 83.71 48.52 85.86 79.50
FedProx 97.69 82.27 83.74 47.28 85.02 79.20

PerFedAvg 97.44 82.39 83.24 44.64 86.03 78.75
GA 97.61 83.49 84.24 50.90 88.38 80.92

GRACE 98.03 84.55 85.25 47.16 85.86 80.17
FFT-GP 98.17 86.43 86.42 51.16 88.38 82.11

Zero-shot 96.15 81.74 82.19 33.41 88.18 76.33

Bold values indicate the maximum values, while underlined
values represent the second-highest values

4.2.3 FedCLIP vs. PromptFL

Comparing the results of two distinct federated
training frameworks using CLIP, we find that Fed-
CLIP outperforms PromptFL in terms of personal-
ization performance with its larger number of fine-
tuning parameters (see Tables 4 and 6). However,
FedCLIP is more susceptible to overfitting the train-
ing data, leading to only marginal improvements
on the out-of-domain data compared to PromptFL
which uses fewer parameters (see Tables 5 and 7).
Additionally, we showcase the averaged zero-shot
testing results employing the original CLIP model,
illustrating that federated learning can markedly
boost the model’s generalization ability across dif-
ferent domains. Further insights are offered in the
ablation study depicted in Fig. 4, which clarifies the
relationship between the number of fine-tuning pa-
rameters and the effectiveness of federated training.

4.2.4 Results on more modalities

Tables 8–10 present the experimental results for
Fed-Prostate and Shakespeare. On the Fed-Prostate
benchmark, methods employing a meta-learning
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Table 8 In-domain personalization result comparison
for local models with state-of-the-art methods for the
Fed-Prostate benchmark

Method
Dice (%)

Domain=A B C D E F Avg.

FedAvg 90.71 90.29 89.65 91.36 89.50 89.30 90.14
Ditto 91.09 90.83 90.91 91.55 91.23 89.87 90.91
AFL 86.38 87.46 85.92 89.15 86.02 86.02 86.83

q-FFL 88.39 85.81 87.18 90.20 87.23 86.21 87.50
PerFedAvg 93.54 93.93 93.75 94.22 93.89 93.40 93.79
GRACE 93.56 93.72 94.08 94.23 93.91 93.44 93.82
FFT-GP 93.55 93.74 93.67 94.04 93.64 93.37 93.67

Bold values indicate the maximum values, while underlined
values represent the second-highest values

strategy (PerFedAvg, GRACE, and our FFT-GP)
achieve the highest levels of in-domain personaliza-
tion. However, due to the differences in global ag-
gregation and local training strategies, FFT-GP de-
livers the best out-of-domain generalization with the
global model. On the Shakespeare benchmark, FFT-
GP also achieves the best average result. Its fairness-
guided aggregation strategy significantly reduces the
performance variance across different clients, lead-
ing to a marked improvement in the “worst 10%” of
clients.

4.3 Ablation studies

In this subsection, we describe our analysis of
the impact of the FFT-GP algorithm’s components
on personalization and generalization. We then
present the results concerning the reduction of the
overall communication cost by alternating between
GA and FAA for aggregation. Additionally, we ex-
plore the effects of using various sizes of fine-tuning
parameters on the personalization and generaliza-

Table 9 Out-of-domain generalization comparison of
the global model with state-of-the-art methods for
the Fed-Prostate benchmark

Method
Dice (%)

Domain=A B C D E F Avg.

FedAvg 89.57 88.63 82.69 85.39 79.21 89.74 85.87
FedProx 90.55 87.69 83.27 85.42 79.05 90.18 86.03

AFL 82.91 85.19 80.83 81.77 80.69 87.39 83.13
q-FFL 84.30 82.64 81.01 84.33 80.73 87.96 83.50

PerFedAvg 92.08 89.63 84.94 87.11 78.17 89.35 86.88
GA 91.82 89.63 85.23 87.81 81.19 90.23 87.65

GRACE 91.53 90.15 84.28 87.55 81.39 92.37 87.88
FFT-GP 92.43 90.77 87.55 88.49 83.09 91.18 88.92

Bold values indicate the maximum values, while underlined
values represent the second-highest values

Table 10 Accuracy comparison with state-of-the-art
methods for the Shakespeare benchmark

Method Average Worst 10% Best 10% Variance

FedAvg 46.3 36.5 71.7 74
Ditto 50.9 41.5 69.3 46
AFL 35.8 23.5 57.3 58

q-FFL 52.1 42.1 69.0 54
PerFedAvg 47.9 39.0 71.7 64

GA 52.1 42.9 69.5 48
GRACE 48.1 39.1 67.5 49
FFT-GP 53.5 46.4 69.3 35

Bold values indicate the maximum values, while underlined
values represent the second-highest values

tion performances in FedCLIP. Finally, we conduct
a visual comparison to assess the generalization ca-
pabilities of the global model, including an analysis
of the distribution differences between training and
test data, as well as the distribution variances of the
global model on the loss function surface in the test
domain.

4.3.1 Impact of BGP and FAA

As illustrated in Tables 11 and 12, solely
employing FAA aggregation enhances the out-of-
domain generalization performance of the global
model, which in turn benefits the training of local
models. As detailed in the ablation study specific
to the BGP framework in Tables 13 and 14, employ-
ing only meta-learning (“only ML”) yields a notable
improvement in in-domain personalization perfor-
mance. However, this approach tends to compromise
the generalization of the global model. Conversely,
using only domain alignment (“only DA”) results in
an in-domain performance similar to that of FedAvg,
yet it enhances out-of-domain generalization due to
the alignment of feature distributions during local
training. The exclusive use of BGP, which combines
ML and DA during the local training phase, signifi-
cantly enhances the personalization performance and
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also contributes to the global model’s generalization.
Finally, the combination of FAA for global aggrega-
tion and BGP for local training is complementary,
and yields the best results.

Table 11 Ablation study of in-domain personaliza-
tion results on different components of FFT-GP, en-
compassing BGP for local models and FAA for the
global model, using supervised ResNet50 across five
benchmarks

Method
Accuracy (%)

PACS VLCS OfficeHome TerraInc DomainNet Avg.

FedAvg 96.52 85.04 85.51 93.46 89.12 89.93
BGP 97.93 86.48 86.00 95.08 90.34 91.17
FAA 96.82 85.58 85.40 95.20 89.93 90.59

FFT-GP 97.98 87.12 86.26 95.63 91.18 91.63

Bold values indicate the maximum values, while underlined
values represent the second-highest values

Table 12 Ablation study of out-of-domain gener-
alization on different components of FFT-GP, en-
compassing BGP for local models and FAA for the
global model, using supervised ResNet50 across five
benchmarks

Method Accuracy (%)

PACS VLCS OfficeHome TerraInc DomainNet Avg.

FedAvg 86.16 78.21 70.64 44.55 77.27 71.37
BGP 86.65 79.54 70.44 46.09 79.97 72.54
FAA 87.23 80.53 70.48 49.78 81.32 73.87

FFT-GP 87.59 80.65 71.43 50.63 81.82 74.42

Bold values indicate the maximum values, while underlined
values represent the second-highest values

4.3.2 Different levels of communication cost

Table 15 illustrates the effects of alternating be-
tween GA and FAA aggregation strategies on the
generalizability of the TerraInc dataset. In the table,
the fractions 1/2, 1/4, 1/8, and 1/20 indicate that
FAA is used in the last round of every 2, 4, 8, and
20 rounds, respectively, with GA being used in the
remaining rounds. Given that GA and FedAvg in-
cur identical communication overhead, this approach
effectively minimizes additional costs. The results
clearly show that an increase in the frequency of
FAA usage correlates with enhanced generalization
performance of the global model. This strategy of-
fers a pragmatic method to balance performance and
efficiency, allowing for optimization based on cost
constraints in real-world applications.

In Fig. 4, we illustrate how, within the Fed-
CLIP framework, increasing the width of the two-
layer multi-layer perceptron (MLP) network in the

Table 13 Ablation study of in-domain personalization
results for local models of BGP with the fully super-
vised ResNet-50 across five DomainBed benchmarks

Method
Accuracy (%)

PACS VLCS OfficeHome TerraInc DomainNet Avg.

FedAvg 96.52 85.04 85.51 93.46 89.12 89.93
Only ML 97.23 86.87 85.76 94.81 90.27 90.99
Only DA 95.96 86.37 85.54 92.73 88.72 89.86

BGP 97.93 86.48 86.00 95.08 90.34 91.17
FFT-GP 97.98 87.12 86.26 95.63 91.18 91.63

Only ML denotes using only meta-learning, whereas only DA
indicates using only domain alignment. Bold values indicate
the maximum values, while underlined values represent the
second-highest values

Table 14 Ablation study of out-of-domain generaliza-
tion results for the global model of BGP with the
fully supervised ResNet-50 across five DomainBed
benchmarks

Method
Accuracy (%)

PACS VLCS OfficeHome TerraInc DomainNet Avg.

FedAvg 86.16 78.21 70.64 44.55 77.27 71.37
Only ML 83.89 77.89 68.95 45.28 78.62 70.93
Only DA 85.33 78.11 69.50 46.67 78.79 71.68

BGP 86.65 79.54 70.44 46.09 79.97 72.54
FFT-GP 87.59 80.65 71.43 50.63 81.82 74.42

Only ML denotes using only meta-learning, whereas only DA
indicates using only domain alignment. Bold values indicate
the maximum values, while underlined values represent the
second-highest values

Table 15 The generalization results of using GA to
varying extents to replace FAA during the aggrega-
tion phase

Method Extra cost Accuracy (%)

L100 L38 L43 L46 Avg.

GA 0 62.59 45.53 46.73 39.85 48.68
FAA 1

20 +5% 61.54 42.92 49.50 43.16 49.28
FAA 1

8 +12.5% 61.85 43.99 50.38 42.82 49.76
FAA 1

4 +25% 61.96 43.63 49.24 44.94 49.94
FAA 1

2 +50% 62.80 45.79 51.64 43.84 51.02
FAA +100% 63.33 44.05 53.27 41.89 50.64

Experiments were conducted on the TerraInc benchmark using
ResNet50. Bold values indicate the maximum values, while
underlined values represent the second-highest values

extended Adapter results in a corresponding increase
in the number of fine-tuning parameters, with widths
expanded by factors of 2, 4, and 8, raising the num-
ber of fine-tuning parameters to 1M, 2M, and 4M,
respectively. It is observed that both personaliza-
tion and generalization performances enhance as the
number of trainable parameters increases. When the
number of parameters increases, the disparity in the
personalization performance between the two algo-
rithms diminishes; however, a notable difference in
the generalization performance of the global model
persists.
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4.3.3 Visualization of loss landscapes on the unseen
clients

We use the dimensionality reduction visualiza-
tion technique (van der Maaten and Hinton, 2008),
akin to the one used in GA, to depict the loss land-
scapes on the unseen client in Fig. 5. It illustrates the
distribution of global and local models obtained with
three methods: FedAvg, GA, and our FFT-GP. It is
apparent that by considering fairness among train-
ing nodes during the aggregation process, the global
models of GA and FAA tend to converge towards
flatter areas of the loss function surface, resulting in
enhanced generalization performance.

4.3.4 Curves of fairness

We evaluate the fairness in the performance dis-
tribution of the global model under various aggrega-
tion methods, as depicted in Fig. 6. The variance of
the generalization gap {Gi}Mi=1 is used to depict the
performance distribution fairness. It is evident that
FedAvg, with its constant weight aggregation, leads
to a higher variance in the performance of the global
model across different clients, signifying a reduced
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Fig. 5 Visualization of loss function surfaces for var-
ious algorithms, FedAvg (a), GA (b), and our FFT-
GP (c), with all experiments performed on the PACS
benchmark using ResNet50 as the backbone. The test
domain on the left is “photo,” while the test domain on
the right is “art painting.” FFT-GP: fairness-guided
federated training for generalization and personaliza-
tion; GA: generalization adjustment

fairness. Although GA demonstrates an improve-
ment over FedAvg, FAA exhibits a more substantial
reduction in variance, with the variance nearing zero
in most instances.

4.3.5 t-SNE visualization of in-domain and out-of-
domain features

We conduct a t-SNE dimensionality (van der
Maaten and Hinton, 2008) reduction visualization
to explore the feature distribution of global models
derived from various aggregation algorithms on in-
domain training data and out-of-domain test data.
It is clear in Fig. 7 that FedAvg, which overlooks
the domain shift issue, displays a marked disparity
in the feature distributions of training and test data.
Conversely, GA and FAA mitigate this disparity, as
evidenced by the greater convergence of feature dis-
tributions between the training and test data.

5 Conclusions

In this paper, we assert for the first time that
it is possible to achieve the GPFL objective under
both traditional and CLIP-based federated training,
simultaneously enhancing the cross-domain gener-
alization of the global model and the personaliza-
tion performance of local training clients. We ex-
plore this from the perspective of enhancing the per-
formance distribution fairness of the federated sys-
tem, conducting further observations on the relation-
ship between the generalization gap and aggregation
weights as proposed in the previous work, GA (Zhang
RP et al., 2023a), and discovering an explicit lin-
ear relationship. Based on these observations, we
propose the FFT-GP method. Our approach em-
ploys an FAA method that minimizes the variance
of the generalization gap on training clients and in-
troduces a meta-learning strategy that incorporates
constraints for aligning with the global model’s fea-
ture distribution during local training, thus achiev-
ing a balance between generalization and person-
alization. Through extensive experiments, FFT-
GP demonstrates superior performance over exist-
ing methods, showcasing its potential to enhance FL
systems in various real-world applications.
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