
Understanding the Stability-based Generalization of 
Personalized Federated Learning

Yingqi Liu, Qinglun Li, Tan Jie, Yifan shi, Li Shen*, Xiaochun Cao

April, 2025



Outline

• Background

• Contributions

• Problem Setup

• Assumptions

• Theoretical Analysis

• Experiments

• Future Works



Generalization
 Analysis？

Background

 Federated Learning                        Personalized Federated Learning

• The figures are cited from Towards Personalized Federated Learning. 



Background

Generalization Analysis for PFL

• high-probability generalization bounds with concentration inequalities based on the 
PAC hypothesis complexity ( VC dimension complexity, Rademacher complexity)

• information-theoretical distances between the output hypothesis and the prior from 
PAC-Bayes generalization

• the upper privacy-preserving ability of the change in output hypothesis when the 
algorithm is exposed to attacks

can not apply to the commonly used nonconvex functions such as neural networks
weak at evaluating the effectiveness of algorithm design and hyperparameter selection
can not reflect the personalized iteration performance



Ø New framework of generalization analysis for PFL under non-convex conditions. 
• We build up the first algorithm-dependent generalization analysis framework for PFL with the biased gradient 

from multi-local updates. 
• It is consistent with the personalized training progress and bridges PFL, FL and Pure Local Training with the 

clever heterogeneity analysis, which reveals the effective-ness of PFL for personalized aims. 
• We also extend it to the decentralized scenarios with different communication topologies.

Ø New results for upper generalization bounds and excess risks for PFL. 
• Our algorithm-dependent results achieve comparable bounds and reflect the iteration nature, effectiveness of 

algorithm design as well as the hyperparameters selection of PFL. 
• Then combined with the optimization errors, we obtain the excess risk analysis and find that the better 

performance is the trade-off between optimization and generalization.

Ø Massive experiments verify theoretical findings. 
• Our experiments on CIFAR datasets with different models under non-convex conditions strongly support our 

theoretical insights. 

Contributions



Problem Setup

Personalized Federated Learning. C-PFL and D-PFL.



Problem Setup

Excess Risk. Considering (u∗ , V ∗ ) as the optimal model that can be achieved by the algorithm A on
the dataset S, the real test performance E[F(A(S))] can be measured by the excess risk as follows:

Uniform Stability.   The ε-uniformly stability for algorithm  is defined as below:

Generalization Stability.  The generalization error between the population risk in (1) and empirical
risk in (2) can be defined as:



Assumptions
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Theoretical Analysis

Ø Remark 1 (Influencal factors of PFL). The stability of PFL is impacted by the number of samples S, 
total clients m, total iterations TKu and TKv , data heterogeneity δu in both C-PFL and D-PFL, and the 
number of the selected clients n in C-PFL and communication topologies κλ in D-PFL.

    Specially, for D-PFL, the impact of  communication topologies  κλ   is as follows:



Theoretical Analysis

Ø Remark 2 (Special cases of PFL). The degradation analysis of the shared variables u is as the same 
with vanilla SGD. The degradation analysis of personalized variables v is as the same with FedAvg and 
DFedAvg.

Specially, Personalization performs better than no personalization and Pure Local Training. 

FL

PFL



Theoretical Analysis

Corollary 1 (Excess risk of C-PFL.)

Corollary 2 (Excess risk of D-PFL.)

Ø Remark 3 (Comparisions between the C-PFL and D-PFL).
C-PFL always converges and generalizes better than D-PFL in theoretical analysis. C-PFL largely reduces the 
generalization error with the regular averaging on a global server, which leads to better consensus of the shared 
variables and better generalization. 



Theoretical Analysis

• Compared with the current stability-based analysis, our work is the first to propose a personalized 
federated learning algorithm analysis with multiple local updates and hyperparameter analysis.

Core Comparisons



• As the first algorithm-dependent personalized generalization analysis, we introduce the discussion of 
data heterogeneity and for the first time explain the performance advantage of personalized algorithms 
over non-personalized algorithms from the perspective of generalization theory.

Theoretical Analysis

Core Comparisons



Theoretical Analysis

• It is the first work to analyze the generalization impact from personalized variables to shared variables, 
which uncovers the interaction mechanism between these two updating processes and provides 
valuable guidance for alternating personalized optimization.

Core Comparisons



C
IFAR

10   R
esN

et18

To verify the impacts of the key hyperparameters, 
we explore the impact of the four factors: 
l Local Learning Epochs,  
l Local Learning Rates, 
l Client Fraction / Communication topology, 
l Total Client Number. 

We conduct the experiments on C-PFL and D-PFL:
l CIFAR-10 datasets in the Dirichlet distribution 

(Non-  IID α = 0.3) with ResNet-18,
l CIFAR-100 datasets in the Pathological 

distribution (Non-IID c = 20) with VGG-11 for 

Experiments
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• Both less local learning epochs and lower learning 
rates lead to better generalization performance, but 
they affect the convergence speed more seriously.

• More client participation and denser network 
connection in each communication round enlarge 
the generalization gap, but they speed up the 
convergence rate to the same extent.

• A larger total participation of clients and a smaller 
number of local training samples increase the 
generalization error and reduce the convergence 
speed simultaneously.

• C-PFL outperforms D-PFL in both generalization 
and convergence when their upper communication 
bandwidths are at the same level.

Experiments



Future Works

• Improve the generalization bounds or less assumptions for PFL with the more 
advanced stability methods under convex, strongly-convex and non-convex 
conditions; 

• Discuss the lower bound and tightness of the generalization of PFL to obtain the 
optimal training strategies for personalized training.
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