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Abstract

Federated Learning (FL) offers a decentralized approach to
model training, where data remains local and only model pa-
rameters are shared between the clients and the central server.
Traditional methods, such as Federated Averaging (FedAvg),
linearly aggregate these parameters which are usually trained
on heterogeneous data distributions, potentially overlooking
the complex, high-dimensional nature of the parameter space.
This can result in degraded performance of the aggregated
model. While personalized FL approaches can mitigate the
heterogeneous data issue to some extent, the limitation of lin-
ear aggregation remains unresolved. To alleviate this issue,
we investigate the generative approach of diffusion model
and propose a novel generative parameter aggregation frame-
work for personalized FL, pFedGPA. In this framework, we
deploy a diffusion model on the server to integrate the di-
verse parameter distributions and propose a parameter inver-
sion method to efficiently generate a set of personalized pa-
rameters for each client. This inversion method transforms the
uploaded parameters into a latent code, which is then aggre-
gated through denoising sampling to produce the final person-
alized parameters. By encoding the dependence of a client’s
model parameters on the specific data distribution using the
high-capacity diffusion model, pFedGPA can effectively de-
couple the complexity of the overall distribution of all clients’
model parameters from the complexity of each individual
client’s parameter distribution. Our experimental results con-
sistently demonstrate the superior performance of the pro-
posed method across multiple datasets, surpassing baseline
approaches.

Introduction

To meet with the increasing needs of privacy protection, fed-
erated learning (FL) has been a popular machine learning
paradigm and research topic for many years (McMahan et al.
2017a). Typically, multiple devices such as smartphones,
sensors, and [0Ts (Internet of Things) collaboratively train a
global model under the coordination of a central server. FL
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Parameter Space

Figure 1: Parameter collapse can occur when linearly av-
eraging the parameters from different clients. Bright col-
ors indicate high-probability regions of the parameter space,
where the parameters located at the peaks of the model dis-
tribution are well-optimized for specific tasks.

has been extended to various application domains, includ-
ing healthcare and finance (Nguyen et al. 2022). In health-
care, FL trains models on distributed patient data, enabling
cooperative research without compromising privacy (Yang
et al. 2019). In finance, FL helps developing fraud detection
models using data from multiple financial institutions while
ensuring confidentiality (Li et al. 2019).

One challenge in FL is handling the heterogeneity of
data distributions across various devices (Zhao et al. 2018;
Kairouz et al. 2021). For example, in healthcare applica-
tions, patient data collected from different hospitals can vary
greatly due to differences in patient demographics, medical
equipment, and local practices. In linear aggregation meth-
ods such as FedAvg (McMahan et al. 2017a), data in dif-
ferent clients are assumed to share the same distribution.
Non-IID data in local clients can lead to unstable results
(Zhao et al. 2018; Karimireddy et al. 2020b), as illustrated
in Fig. 1. In this case, the parameters ¢; and 65 from non-
IID datasets are aggregated to form 0 pedqng = (61 + 62)/2.
While 6, and 65 are located in the high-probability re-
gions of the parameter space and are well-optimized for
their respective tasks, their average 0 pedaqvg falls into a low-
probability region, causing a collapse. This example high-



lights the limitations of linear aggregators and the need of
more ingenious aggregation methods.

To handle Non-IID client data, various personalized FL
methods have been proposed. They aim to learn a cus-
tomized model for each individual client to fit its local data
distribution. Although many efforts have been devoted to de-
velop advanced model adaptation methods to obtain better
local models, the limitation of linear aggregation remains
since most of the advanced personalized FL methods still
highly rely on the linear aggregation (Collins et al. 2021;
Sattler, Miiller, and Samek 2020; Yang et al. 2023; Xu, Tong,
and Huang 2023). For instance, a simple but tough-to-beat
baseline is combining FedAvg with local fine-tuning, where
the quality of the global model by FedAvg may directly af-
fect the resulted local models.

To build better FL. models, a fundamental challenge is
to explicitly model the relationship between data distribu-
tions and model parameters within specific optimization
constraints. However, when considering the parameter space
where the model distribution resides, we recognize that the
intrinsic difficulty arises from modeling this distribution as a
low-dimensional manifold within a high-dimensional space
(Zhou et al. 2022, 2023). Simple network architectures like
multi-layer perceptrons (MLPs) or basic Transformers strug-
gle to effectively learn such complex distributions and scale
robustly. Moreover, they lack effective optimization objec-
tives and training algorithms.

Inspired by the remarkable success of diffusion mod-
els in achieving state-of-the-art results in image generation
(Dhariwal and Nichol 2021) and recent attempts in model
parameter generation (Wang et al. 2024), we propose to
leverage the diffusion models to capture the distribution of
model parameters in the parameter space. Diffusion mod-
els, which convert the complex data distribution to an ana-
Iytically tractable prior, estimate the score function at each
time step and iteratively refine samples through stochastic
processes (Song et al. 2020). Although initially applied to
image data, this versatile approach shows promise for mod-
eling high-dimensional parameter distributions (Zhang et al.
2024; Wang et al. 2024).

Building on above idea, we introduce our framework,
pFedGPA, which employs a diffusion model on the server
to handle the parameters of clients, enabling the server to
learn the distributions of all clients’ model parameters us-
ing a powerful generative model. Subsequently, we inves-
tigate the mechanisms of generative parameter aggregation
and personalized model updates within this framework. We
consider the generation process as an alternative to achieve
the better model aggregation. Our method effectively guides
the optimization direction for newly joined clients and sig-
nificantly accelerates the initialization. Furthermore, we de-
velop a novel parameter inversion method inspired by image
editing techniques applied within diffusion models, which
transforms the original parameters into a latent representa-
tion and then refines them to generate new parameters that
retain the implicit semantics of the original data while incor-
porating the learned patterns from the diverse parameter dis-
tributions. Furthermore, we explore the configuration of the
diffusion model architecture tailored for processing model
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parameter data. Our experimental results demonstrate the ef-
fectiveness of the proposed method, consistently achieving
superior performance across multiple datasets compared to
baseline approaches. The main contributions of our work are
concluded as follows:

* We present a novel FL framework that employs diffu-
sion models to generate personalized parameters with the
global guidance in heterogeneous settings. To the best of
our knowledge, we are the first to improve model aggre-
gation by applying diffusion models in FL.

We conducted experiments to evaluate the generation
quality by producing partial and full parameters for small
models, and partial parameters for large models.

We empirically verify the superiority of our proposed
method in terms of generalization performance on sev-
eral benchmark datasets under practical scenarios.

Related Work
FL with Data Heterogeneity

To address the non-IID data challenge, several strategies for
improving the global models have been proposed. FedProx
(Li et al. 2020) introduced a local regularization term to op-
timize each client’s model. SCAFFOLD (Karimireddy et al.
2020a) introduces control variates to correct the drift in lo-
cal updates. Clustering-based methods (Sattler, Miiller, and
Samek 2020; Li et al. 2020) cluster similar local models into
groups and assign each group a global model. Moreover,
self-supervised methods have been incorporated to define
the similarity between model representations for correct-
ing local training (Li, He, and Song 2021). Personalized FL.
(Smith et al. 2017) focuses on tailoring models for individual
clients by combining information across clients. Decentral-
ized MAML (Fallah, Mokhtari, and Ozdaglar 2020) adapts
the model-agnostic meta-learning framework to a federated
setting, allowing clients to learn models through local adap-
tation (Finn, Abbeel, and Levine 2017; Nichol, Achiam, and
Schulman 2018). Another category includes model mixing
and layer adaptation strategies, where clients learn a mixture
of global and local models (Hanzely and Richtarik 2020;
Zhang et al. 2023). Decoupling model layers is also a popu-
lar and effective approach (Arivazhagan et al. 2019; Collins
et al. 2021; Xu, Yan, and Huang 2022). For instance, Fe-
dRep (Collins et al. 2021) and FedBABU (Oh, Kim, and
Yun 2022) train base layers globally using FedAvg, with per-
sonalized layers fine-tuned locally. Personalized aggregation
based on model similarity has also been investigated (Zhang
et al. 2021; Ye et al. 2023).

Diffusion Models

Diffusion models have emerged as a powerful technique
of generative Al, particularly excelling in producing high-
quality images. Their superior properties have led to
widespread applications in various vision (Lugmayr et al.
2022) and multi-modal tasks (Rombach et al. 2022; Kawar
et al. 2023; Kumari et al. 2023). The foundational work by
(Sohl-Dickstein et al. 2015), studied non-equilibrium ther-
modynamics, highlighting its potential in generative model-



ing. (Ho, Jain, and Abbeel 2020) advanced this with Denois-
ing Diffusion Probabilistic Models (DDPMs), improving the
denoising process for better image synthesis. (Song and
Ermon 2019) proposed Score-Based Generative Modeling,
achieving remarkable results in diverse applications (Meng
etal. 2021; Xu et al. 2022). (Song et al. 2020) further unified
diffusion probabilistic modeling and score-based genera-
tive modeling using stochastic differential equations (SDEs),
demonstrating their equivalence.

Guided diffusion models (Dhariwal and Nichol 2021) in-
troduced mechanisms to steer the generative process. No-
table examples include DALL-E 2 (Ramesh et al. 2022). In
contrast, classifier-free guidance (Ho and Salimans 2022) in-
tegrates guidance directly into the model by conditioning on
input prompts, thus avoiding the need for a separate clas-
sifier. Examples of this approach include Imagen (Saharia
et al. 2022) and Stable Diffusion (Rombach et al. 2022).

Model Parameter Generation

Model parameter generation has progressed from gradient
optimization to advanced meta-learning and Bayesian meth-
ods. Early efforts primarily focused on optimizing param-
eters using gradient-based techniques like Stochastic Gra-
dient Descent (SGD) and its variants (Amari 1993). Meta-
learning emerged to enable models to adapt quickly to new
tasks with minimal data, exemplified by methods that use
hypernetworks as metaknowledge to dynamically generate
model parameters from input data (Zhmoginov, Sandler, and
Vladymyrov 2022). Bayesian deep learnig used Variational
Bayes to infer the distributions of model parameters, which
are assumed to be Gaussian (Wilson and Izmailov 2020).

Recently, diffusion models have emerged as a powerful
paradigm for model parameter generation. G.pt (Peebles
et al. 2022) trains conditional diffusion models using model
checkpoints as datasets. MetaDiff (Zhang et al. 2024) in-
troduces a diffusion-based meta-learning method for few-
shot tasks. HyperDiffusion (Erkog et al. 2023) uses diffu-
sion models to generate new neural implicit fields. Addi-
tionally, p-diff (Wang et al. 2024) examines the quality of
model parameters generated through diffusion. These works
provide preliminary experiments and analyses on using dif-
fusion models for model parameter generation.

Problem Definition and Preliminaries
Federated Learning Setting

FL aims to collectively train a centralized model for n edge-
distributed clients. Each chent 7 has access to m; data sam-

ples D; = (z g ), yj( )) __ from its own private data distri-
bution P; on X x Y and N is the total number of data sam-
ples overall clients. Generally, the data distributions for each
client are different, i.e., P; # P; forany pairi,j € 1,...,n
Let ¢; : Y x Y — R denote the loss function correspond-
ing to client 4, and F; : © x X — ) denote the local model
parameterized by 6. The goal of conventional FL is to opti-
mize the following objectives:

. AN
0" = argm;nggm,y)wpi [t(Fy(0,),9)], (D)
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where 0* represents the globally optimal parameters. The
representative method for solving Eq. (1) is FedAvg (McMa-
han et al. 2017b). In each round, clients perform several
epochs of SGD on their local loss functions and send the
updated models to the server. The server then aggregates

the models from all clients linearly by § = 7" | o 6 and

broadcasts the averaged model 6 back to the clients.
Moreover, due to data heterogeneity, the unified parame-

ters may not be locally optimal for each client. Therefore,

personalized FL adjusts the optimization objective to:

1 n .
ﬁ ZE(w,y)NPi [éL(FZ(G ;Jj), y)]

i=1

2)
where ©* denotes the collection of locally optimal param-
eters. The challenge lies in how to aggregate model param-
eters from heterogeneous clients on the server and produce
parameters that incorporate insights from all clients while
still adapting to specific data distributions. In this work, we
propose to train a diffusion model at the server to address
these challenges.

Diffusion Probabilistic Models

Here, we focus on the Denoising Diffusion Probabilistic
Models formulation, primarily because of its prevalence
and consistency with the Denoising Score Matching using
Langevin Dynamics. DDPMs gradually add noise to data,
transforming it into standard Gaussian noise, and then learn
to denoise step-by-step, generating new data. It involves a
forward process and a reverse process as described below.

min

0" = arg
0:={0"}7" |

Forward process. Given training data z, from a target dis-
tribution ¢(zg), the forward process gradually adds Gaus-
sian noise to diffuse zg into 21, 22, . . ., 2, where zp is ap-
proximately sampled from the standard Gaussian distribu-

tion q(27) & N (zr;0,I). This process can be formulated
as follows:
T
q(z1:7120) = [ [ a(zel2-1) 3)
t=1
q(ze|ze-1) = N (265 /1 = Brze—1, Bi]) 4)
where f31,...,08r € (0,1) is a variance schedule. The dif-

fusion model aims to approximate the noise added at each
time step ¢ using a neural estimator €, (2, t). The training
objective Lgapm is given by the Eq. (5) below:

depm = E’tN[l,T],zONqU,QNN(O,I)H|€t - €¢(Ztat)||§]a (5)
Vaizg + 4/ 1-— Qi€ and ap = szl(l — ﬁj)

Reverse process. During the reverse process, we itera-
tively reconstruct the target data zy from the random noise
27 ~ N(0,1). At each time step ¢, we sample z;_; from the
estimated reverse Markov chain pg(z;|2,—1) parameterized
by the noise estimator e¢(zt, ) That is,

where z; =

1
Zt—1 = @( \/1_—% o(2t,1)) + 02t (6)
11—y 1

where z; ~ N(0,1) and o7
rived variance.

T—— B¢ represents the de-



Local Model Initialization
—> with global guidance
—> without global guidance

Train with global guidance G
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Iteration S

Figure 2: [llustration of the training process for a new client
k with and without global guidance. The green arrows repre-
sent training starting from the initial parameters 6 solely on
local data Dy, gradually converging to the final optimized
parameters #* within S iterations. The purple arrows indi-
cate training with global guidance G alternated with local
data training, which accelerates initialization and converges
within I < S iterations.

Analysis. As demonstrated in (Song et al. 2020), DDPMs
can be viewed as discretizations to SDEs, coherently bridg-
ing diffusion probabilistic modeling and noise conditional
score networks into a unified framework. Thus, we can re-
formulate Lgq4p,,, equivalently as denoising score matching:
(N

Eq(Zo)Eq(Zt\ZO)[||S¢(zt> t) — V., log C](Zt|Zo)Hg],

—%. This allows us to use DDPMs

to effectively estimate the scores of data distributions.

where s4(2, )

Methodology

In this section, we present our framework pFedGPA in de-
tail. Given a collection of clients with their own specific
data distributions in a FL system, our goal is to integrate
the diverse parameter distributions captured by the diffu-
sion model on the server, which reflects the underlying data
distributions of the clients. Meanwhile, the diffusion model
aims to generate new, personalized model parameters for
each client by leveraging these learned parameter distribu-
tions. In the following subsections, we first illustrate the
parameter aggregation using the diffusion model. Next, we
explain the personalized parameter generation. Finally, we
delve into the architecture design of the diffusion model.
More details about the training procedure are presented in
Algorithm 1.

Generative Parameter Aggregation

In our framework, we deploy a diffusion model on the server,
where both input and output are the weights of the clients’
models. The core of this approach is to enable the server to
learn the distribution of all clients’ model parameters using
a powerful generative model, a distribution which resides on
a low-dimensional manifold in the parameter space.
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Let H : ® x © — O denotes the diffusion model
parametrized by ¢ and we modify the optimization objec-
tive in Eq. (2) based on the parameter generation to derive:

9", 0"

RS i
arg  min ;Q(fb, 0, ®
where Li(¢,0") = Euy)~p,[li(Fi(H(¢;0");2),y)] and
{0:}1_, are the stationary points of the system H under
well-fitted state ¢* that represent the optimal model param-
eters of each client. In each round, the server receives the
client parameters and treats them as training data for the
diffusion model, training it over a predefined number of
epochs. By performing parameter inversion, which will be
introduced in the next section, the server then generates per-
sonalized model parameters for each client.

Global Guidance. To quickly initialize a newly joined
client, we propose a global guidance approach to help the
client model adapt its parameters to the local data in just
a few iterations. In (Shamsian et al. 2021), a hypernetwork
is used to take a trainable vector descriptor as input to dif-
ferentiate each client. However, this approach has scala-
bility limitations. Specifically, when new clients join the
network, it often requires training new embedding vectors
from scratch, which becomes increasingly inefficient as the
network grows. Moreover, fine-tuning all clients’ embed-
ding vectors to achieve consistent representation is neces-
sary but complex. In diffusion models, if the input also in-
cludes client descriptors ejjent, it can be implemented as
a form of classifier-free guidance, utilizing a linear combi-
nation of conditional and unconditional score estimates to
provide client-specific guidance:

€¢(9, eclient) = (]- + w)€¢(9» eclient) - w£¢(9)7 (9)

where w controls the strength of the guidance. The advan-
tage is that there is no need to train a separate classifier.
However, in our approach, we adopt classifier-based guid-
ance because, in the FL setting, each client inherently serves
as a classifier relative to the diffusion model. In turn, the dif-
fusion model offers global guidance to the local client mod-
els. That is:

€(0) = — (1 +w)Vylog Py (x]0),

€s(0) (10)
——

global guidance

local update

where log P, (x|0) represents the training loss of the client
model in probabilistic form (e.g., cross-entropy loss). This
setup allows the diffusion model to share information across
clients while preserving the adaptability of personalized
models. Instead of fitting each client’s distribution individu-
ally, a unified model is used to estimate the overall score of
model distributions, thereby facilitating efficient knowledge
sharing.

For newly joined clients, this approach enables rapid ini-
tialization within just a few iterations. In each iteration, the
client sends its fine-tuned model parameters to the server,
where the diffusion model provides global guidance to up-
date these parameters. This process is illustrated in Fig. 2.
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Figure 3: Illustration of the Parameter Inversion. Starting
with the initial parameter 6, it is diffused through several
steps to reach 61, ..., 0p. During this process, the noise in-
troduced between consecutive time steps and the final state
O7 are recorded as the latent code for 6. In the denoising
sampling phase of the diffusion model, these elements are

gradually encoded to produce a new parameter 0. Notice

that it is challenging to obtain 6, directly from 6y using a
linear aggregator.

Parameter Inversion

Generating personalized parameters remains challenging
because a single diffusion model cannot directly control out-
puts for individual clients. In image generation, control is
often achieved through conditioning on labels, but in our
scenario, no such labels are available. To address this, we
propose a novel parameter inversion method inspired by un-
supervised inversion techniques (Wu and De la Torre 2023).
In our approach, the uploaded model parameters serve as im-
plicit ’labels’, which are decomposed into latent codes and
injected into the diffusion model to generate stable, person-
alized parameters for each client.

Detailed explanation is as follows. First, in the forward
process of the diffusion algorithm, Gaussian noises are
added at each time step, diffusing 0y to 61, .. ., 0. Next, we
concatenate all the added noises with the final 61 to define a
latent code of 6. The formulations are as follows:

917...,9'1" Np(Hl:T|90), (11)
gt = (975 Y 1- IBtet—l)/ ﬁh t= Ta RN} 1a (12)
V=01 Oér® - D& DE), (13)

where the latent code v encodes the implicit semantics of 6.
We can perfectly reconstruct 6y from ~:

Or 5 0p_y T B g, (14)
here 6, & 0;_1 means 0, 1 = (0; — \/Biér)//1 — ;. Fur-

thermore, we aim to encode the latent code +y into the gener-
ation process of the new parameter 6y. To achieve this, dur-
ing the denoising process of the diffusion model, we start
sampling from O, and at each time step, we substitute the
randomly sampled Gaussian noise z; in Eq. (6) with the de-
terministic €; to inject the implicit semantics of 6y:

0,1 = 116 (0e, ) - o€y ;o (15)
AN -~

denoising direction implicit semantics

Algorithm 1: pFedGPA

Input: Communication rounds 7', initialization rounds

Server executes:

1: foreachroundt =1,2,...,7 do

2:  if client i uploads its model #? then

3: Update diffusion model with §° according to the
loss dep’m

4: Update local model 0; using Inversion by Eq. (15)
5: 0" + LocalUpdate (i, 6%)
6: endif
7. if new client k joins the network then
8: Initialize local model as 65 = 0%
9: for eachround ! =1,2,..., I do
10 0F « LocalUpdate (k, él’il)
1 E(0F) = €s(07) — (1 +w)(0p_, — OF)
12: Update local model éf using denoising sampling
by Eq. (6) iteratively for s steps
13: end for .
14: 0% « LocalUpdate (k, 0%)
15:  endif
16: end for

LocalUpdate(i, 6%):

. Update local model: 6 < 6°.
: for each batch (z,y) € D; do
Update local model: % < 0° — AV o4, (F;(0%; z),y)
end for
return 0’

AR

where u¢(§t, t) is the mean estimator in Eq. (6):
_ Ll B
AVASZ \/ (1 - at)
This process is depicted in Fig. 3, which illustrates how
the generated parameters retain the implicit semantics of the
original parameters while effectively incorporating global

information. This approach ultimately enhances the gener-
alization performance of the model.

@

pi (01, 1) (04,1)). (16)

Diffusion Model Designs

We use the latent diffusion model (Rombach et al. 2022) as
the generative model and adopt the main architecture from
p-diff (Wang et al. 2024). The latent diffusion model con-
sists of an autoencoder and a diffusion model. The autoen-
coder is first trained using reconstruction loss to produce a
low-dimensional latent space. Then, the diffusion model op-
erates within this latent space, learning to progressively de-
noise samples from noise, thus approximating the distribu-
tion of the latent representations. This approach enables the
diffusion model to generate high-quality samples with re-
duced computational costs and memory usage compared to
operating directly in the original high-dimensional space.
We flatten the model parameters into one-dimensional
vectors and use 1-D convolution layers within both the en-
coder and decoder of the autoencoder, as well as the diffu-
sion model, instead of the traditional 2-D convolution layers.



Method EMNIST Fashion-MNIST CIFAR-10
10 clients 20 clients 100 clients 10 clients 20 clients 100 clients 10 clients 20 clients 100 clients

Local-only 70.85 70.45 73.73 85.11 84.89 85.48 63.83 64.38 65.41
FedAvg 71.10 72.89 74.60 81.90 82.96 83.93 64.13 68.51 69.87
FedAvg-FT 81.91 85.09 86.52 88.45 89.39 89.28 71.76 76.46 76.55
FedPer 74.56 76.61 77.08 87.13 87.20 88.65 63.20 63.68 69.43
FedRep 74.22 74.37 76.54 88.69 88.27 88.42 64.71 65.85 67.63
LG-FedAvg 71.23 70.90 76.25 85.28 85.25 85.96 64.20 64.94 65.41
FedBABU 80.28 83.92 84.39 87.44 88.86 89.43 69.42 74.25 75.32
pFedHN 77.33 81.79 77.23 87.69 86.84 86.25 71.43 75.41 77.12
pFedGPA 82.53 84.70 88.22 88.90 89.18 90.08 72.95 78.54 78.33

Table 1: The comparison of final round average test accuracy (%) across different datasets: full participation with 10 and 20
clients, and client sampling at 30% with 100 clients in the FL system. The best performance is in bold font and the second best

is marked with underline.

Additionally, we introduce noise augmentation into the in-
put and latent representations to improve the robustness and
generalization of the generated results. Experiments in p-diff
show that this augmentation is crucial for producing stable
models with high performance. Unlike generating model pa-
rameters trained on IID data in p-diff, our diffusion model is
designed to fit model parameters from different data distri-
butions in FL. For smaller models, we generate the entire
model, while for larger models, we generate specific lay-
ers due to hardware constraints. The complete details of the
model are provided in the Appendix.

Experiments

Setup

Datasets and Local Models. We conduct image classi-
fication tasks and evaluate our method on three widely-
used benchmark datasets: Fashion-MNIST (Xiao, Rasul,
and Vollgraf 2017), EMNIST (Cohen et al. 2017), and
CIFAR-10 (Krizhevsky and Hinton 2009). A small CNN
model for Fashion-MNIST and two larger CNN models for
EMNIST and CIFAR-10 are constructed, respectively. De-
tails of the datasets and model architectures are provided in
the Appendix.

Data Partitioning. For the heterogeneous data distribu-
tion setting, we adopt the approach proposed in (Karim-
ireddy et al. 2020b; Zhang et al. 2021), ensuring that all
clients have equal data sizes. A portion of the data (s%,
default 20%) is uniformly sampled from all classes, while
the remaining (100 - s)% is sampled from a set of dominant
classes specific to each client. Clients are grouped based on
their dominant classes, though this grouping is unknown to
the server. Additionally, the size of the local training data is
kept small, specifically at 600 samples per client, to empha-
size the necessity of FL. The testing data on each client is
drawn from the same distribution as the training data.

Compared Baselines. We evaluate the performance of
pFedGPA against the following baselines: Local-only,
where each client trains its model locally without communi-
cation; FedAvg (McMabhan et al. 2017a)and its locally fine-
tuned variant (FedAvg-FT); pFedHN (Shamsian et al. 2021),
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which leverages a server-side hypernetwork; and other per-
sonalized FL methods, including FedPer (Arivazhagan et al.
2019), FedRep (Collins et al. 2021), FedBABU (Oh, Kim,
and Yun 2022), and LG-FedAvg (Liang et al. 2020). Hy-
perparameters for all baselines were tuned to their optimal
values based on the settings reported in the original papers
or determined through grid search.

Training Details. All local models are trained using mini-
batch SGD as the optimizer, with 2 epochs per round and
a batch size of 50. The number of global communication
rounds is set to 200 for Fashion-MNIST and EMNIST, and
300 for CIFAR-10. For Fashion-MNIST, the entire model is
generated, while for EMNIST and CIFAR-10, only the final
two fully connected layers are generated. We report the av-
erage test accuracy across clients. For pFedGPA, we trained
the diffusion models using parameters collected from the last
20 rounds, generating new parameters in the final round.

Experimental Results

Performance Comparison. The results of average test ac-
curacy across clients are reported in Table 1, where our
pFedGPA is able to outperform other baselines in most
cases. The improvement by our method increases as the
learning task becomes harder. For example, our method
improve the accuracy by ~2% with 100 clients on the
CIFAR-10. The performance gaps between FedPer/FedRep
and FedAvg-FT/FedBABU on various cases indicate that
only sharing the feature extractor during the FL process
could have inverse affect, as diverse local classifier head
could make the feature learning sub-optimal. By contrast,
our framework leverages the powerful generation ability of
diffusion models to facilitate the personalized model aggre-
gation.

Parameter Initialization. The generative approach cap-
tures the distribution of model parameters across different
clients and can provide parameter initialization for subse-
quent networks. The diffusion model trained within one FL
network can subsequently serve as a pre-trained model for a
newly initialized FL network, thus avoiding a cold start and
accelerating the initialization process. To validate this idea,
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Figure 4: Comparison of test accuracies across 20 clients
on Fashion-MNIST and CIFAR-10 using the pFedGPA
method, before and after the fine-tuning (FT) operation, with
and without parameter inversion. Dashed lines indicate re-
sults before FT, and solid lines indicate results after FT.

w/o inversion w/ inversion

Dataset
before FT  after FT  before FT after FT
EMNIST (%) 69.38 81.09 83.54 84.70
Fashion-MNIST (%) 68.48 87.24 83.82 89.37
CIFAR-10 (%) 68.9 74.77 76.28 75.72

Table 2: Ablation study on the effect of the parameter in-
version mechanism in pFedGPA. before FT and after FT
refer to the accuracy before and after fine-tuning on local
data in the final round. w/o inversion denotes without the
inversion mechanism, and w/ inversion denotes with the in-
version mechanism applied.

we employed a diffusion model trained within one FL net-
work to generate parameters for a newly initialized network.
We then compared the number of communication rounds re-
quired by each method to reach 95% of its respective peak
performance, measured as the average test accuracy. Exper-
imental results, detailed in the appendix, demonstrate that
our approach significantly reduces the number of commu-
nication rounds required to achieve high performance, com-
pared to baseline methods.

Ablation Study. We conduct ablation studies to verify the
efficacy of the inversion mechanism in pFedGPA. Specifi-
cally, we compare the performance of using inversion ver-
sus direct generation on the three datasets. We report the
final round’s average accuracy on 20 clients, both before
and after fine-tuning. As demonstrated in Table 2, the in-
version mechanism significantly improve the average test
accuracy before and after fine-tuning. Beyond the advan-
tage of inversion in generating personalized parameters, we
found that direct generation is less stable, often resulting in
failed parameter generation. We compared the test accura-
cies across 20 clients on Fashion-MNIST and CIFAR-10 us-
ing the pFedGPA method, evaluating the performance both
before and after the fine-tuning (FT) operation, with and
without parameter inversion. In the results shown in Fig.
4, dashed lines represent the accuracies before fine-tuning,
while solid lines show the accuracies after fine-tuning. In
about 3 out of 20 cases, directly generated parameters had a
pre-finetune accuracy below 60%. While increasing the size
of the diffusion model reduced this failure rate, inversion re-
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mained the more robust design, with failures occurring in
only 1 out of 40 cases.

Discussion

Practical Considerations. In our experiments, training a
round of the diffusion model takes about an hour on a single
Nvidia 4090 24GB GPU, with the entire FL process com-
pleting in four hours. However, the diffusion model’s train-
ing time significantly exceeds the time between communi-
cation rounds, causing a bottleneck in the overall process. In
real-world applications, it is expected that the server would
have more hardware resources, thereby enabling the train-
ing of larger diffusion models, which can in turn generate
larger local models. Additionally, employing larger batch
sizes could further accelerate the training process. In con-
trast, the inference time remains relatively short, enabling
the trained diffusion model to quickly generate parameters
for clients.

Communication and Privacy Concerns. The trained pa-
rameters of the diffusion model, which are much larger than
those of the clients, are never transmitted. Consequently, we
do not introduce any additional communication costs com-
pared to other methods. Moreover, in our framework, only
the local model parameters are exchanged between clients
and the server, without transmitting additional local feature
statistics, thereby maintaining the same privacy levels as
other methods that exchange only parameters.

Future Work. Beyond the advantages demonstrated in
our experiments, generative aggregation methods have the
potential to be integrated with other FL approaches, such as
prototype-enhanced algorithms (Tan et al. 2022; Xu, Tong,
and Huang 2023). These methods can complement each
other effectively: generative models learn the distribution of
model parameters, while prototype learning focuses on the
distribution of data representations. This integration could
enable the development of novel inversion strategies that
may lead to the generation of more accurate personalized
parameters in the future.

Conclusion

In this paper, we introduce a novel diffusion-based param-
eter aggregation method for personalized FL. In our frame-
work, the server deploys a diffusion model to consolidate the
uploaded parameters and generates personalized parameters
for each client with the global guidance by using a newly de-
veloped inversion mechanism. Experimental results on three
datasets verify the effectiveness and further advantages of
our method.
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