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⚫ Collaboration-based Personalized Federated Learning 

(Co-PFL)

Background & Motivation

𝑡0, 𝑡1, …

global

data

……

𝑡𝑖𝑚𝑒 = 0
initial

𝑡𝑖𝑚𝑒 = 10
accurate

Personal Voice Assistant

Smart Keyboards

Human Activity Recognition

Data is often heterogeneous 

yet exhibits natural similarity



⚫ Collaboration-based Personalized Federated Learning 

(Co-PFL)

⚫ Step 1: Collaboration Estimation

⚫ Step 2: Personalized Aggregation
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Background & Motivation

Data heterogeneity, however, Device heterogeneity

Can Co-PFL manage device heterogeneity?
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⚫ Exploring Asynchronous Update Scheme

Problem Statement

idle time

synchronous update asynchronous update

With asynchronous update, we don’t have to wait stragglers!



⚫ Sync Co-PFL v.s. Async Co-PFL

Problem Statement
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⚫ Workflow of asynchronous Co-PFL naïve adaptation

⚫ Preliminary: the server maintains 𝒏 buffered models 

{𝝓𝟏, … ,𝝓𝒏} for each client

⚫ Step 1: Client 𝒊 finishes training, and uploads 𝜽𝒊
⚫ Step 2: The server estimates collaboration relationship 𝑾𝒊 

with {𝝓𝟏, … ,𝝓𝒏} and 𝜽𝒊
⚫ Step 3: The server updates buffer 𝝓𝒊 with 𝜽𝒊, and 

aggregates 𝝓𝒊 ← σ𝒋=𝟏
𝒏 𝑾𝒊𝒋𝝓𝒋
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⚫ Challenges

⚫ Change 1: Inaccurate Collaboration Estimation

o Similarity estimation 𝒔(𝜽𝒊, 𝝓𝒋) applies models from different start 

point

⚫ Change 2: Biased Model Aggregation

o The buffers {𝝓𝟏, … , 𝝓𝒏} for aggregation are stale 

Problem Statement
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⚫ PACE 

⚫ Personalization under Asynchronous Collaboration Estimation

⚫ Overview

Our Solutions



⚫ Collaboration-Aware Buffer Update

⚫ Principle: Actively update the buffer models to keep freshness
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⚫ Collaboration-Aware Buffer Update

⚫ How to determine the weight of active update?

⚫ Collaboration-aware decay

Our Solutions

Collaboration Staleness



⚫ Collaboration-Aware Buffer Update

⚫ Proof sketch

o Suppose buffer 𝝓𝒋 is updated by a sequence of clients 𝝅𝒋 = {𝝅𝒋
𝟏, … , 𝝅𝒋

𝑳}, and 

corresponding models aggregated are 𝝍𝒋 = {𝝍𝒋
𝟏, … ,𝝍𝒋

𝑳}

Our Solutions

(1) Buffer 𝜙𝒋 is updated as: (2) For correct collaboration relationship:

(3) Solve the equality:



⚫ Staleness-Triggered Model Multicast

⚫ Understanding the impact of asynchrony on collaboration

Our Solutions

staleness impact collaboration



⚫ Staleness-Triggered Model Multicast

⚫ Our solution: Model Multicast to limit staleness

o Select a client set 𝓖𝒕 to actively multicast the buffered model

Our Solutions



Outline

⚫ Background & Motivation

⚫ Problem Statement

⚫ Our Solutions

⚫ Experiments

⚫ Conclusion



⚫ Setup

⚫ Task

o Image classification: EMNIST/CIFAR-10/CIFAR-100

o Human activity recognition: HARBox

o Text classification: AGNews

⚫ Baseline

o Sync FL: FedAvg/FedProx

o Async FL: FedAsync/FedBuff/PORT/FedAC/ASAFL

o Sync Co-PFL: FedAMP/pFedGraph/FedSaC

o Async Co-PFL: Async version of Sync Co-PFL baselines

Experiments 23



⚫ Accuracy

Experiments 24

PACE outperform existing Sync & Async Co-PFL algorithms



⚫ Convergence Time

Experiments 25

PACE converges faster than existing Sync & Async Co-PFL algorithms



⚫ Effective of PACE’s module

Experiments 26

PACE’s each module works well

Extending Co-PFL methods with PACE Impact of each modules
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⚫ We focus on Collaboration-based Personalized Federated 

Learning (Co-PFL), and explore its asynchronous variant 

⚫ We propose PACE, a new framework that solves the 

impact with Collaboration-Aware Buffer Update and 

Staleness-Triggered Model Multicast 

⚫ Extensive experiments on various datasets validate the 

performances on accuracy and efficiency

Conclusions 28
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