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Personalized Federated Learning with Parameter Propagation
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Conclusion

q Problem: Analyze personalized federated learning from a transfer 
learning perspective

q Algorithm: Propose federated parameter propagation (FEDORA) 
with adaptive parameter propagation and selective regularization

q Evaluation: Demonstrate the effectiveness and efficiency of 
FEDORA in mitigating negative transfer

Problem Definition

q Personalized Federated Learning

Federated Parameter Propagation (FEDORA)

q Overall Objective Function

q Overall Training Procedures

Evaluation

q Performance Evaluation

q Efficiency & Communication Cost

o Input: (i) a set of private clients ; (ii) a learning algorithm 𝑓 ⋅
o Goal: Learn a personalized model for each client
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A Transfer Learning Perspective

q Knowledge Transfer across Clients

q Negative Transfer

⋮ Parameter
Knowledge

Source Domains Target Domain
Transferred Knowledge

Central Server

Client 1
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Transfer

Client 3 Client 4

(a) Heterogeneous clients with imbalanced training samples
Client 2Client 1

Train: 20 samples
Test: 200 samples

Train: 20 samples
Test: 200 samples

Train: 20 samples
Test: 200 samples

Train: 200 samples
Test: 200 samples

Model
Accuracy Average 

AccuracyClient 1 Client 2 Client 3 Client 4
LOCAL 0.5270 0.4840 0.4980 0.8110 0.5800
FedAvg 0.3755 0.4420 0.6455 0.7965 0.5649
LG-FedAvg 0.5440 0.5115 0.5430 0.8095 0.6020
Ditto 0.4095 0.4810 0.6465 0.8095 0.5866
FedAMP 0.5300 0.5210 0.5415 0.8105 0.6008

(b) Results of personalized federated learning 
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Class Membership: Each client updates its local parameters 𝜃! w.r.t. private data

Consistency: Each client approximates the received auxiliary parameters &𝜃!

Parameter Smoothness: Two clients share similar auxiliary parameters, if they are 
distributionally similar
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§ Step 0 (Pre-processing): Estimate distribution similarity 𝒘𝒌𝒌!

§ Step 1 (Client Update): Update personalized parameters 𝜽𝒌

§ Step 2 (Communication): Upload personalized parameters 𝜽𝒌 to the central server

§ Step 3 (Server Update): Update auxiliary parameters )𝜽𝒌 𝒌#𝟏
𝑲

§ Step 4 (Communication): Sent auxiliary parameters )𝜽𝒌 back to client 𝒌

𝑋! = 𝑈!Σ!𝑉!&(i) Truncated SVD: (Client Update)
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(ii) Principal Angles:
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⋮ (Server Update)
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!(iii) Similarity: (Server Update)
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Ø Selective regularization: 𝜆$ = max 𝜖, ℓ$ 𝜃$; 𝐷$+,- − ℓ$ 0𝜃$; 𝐷$+,-
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Ø Adaptive parameter propagation:
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Acc: accuracy, R-Acc: Relative accuracy, PTR: positive transferability ratio

Model Cost # params
FedAvg 2𝐾𝑅𝑑! 118,282,000
FEDORA 2𝐾𝑅𝑑! + 𝐾𝑝𝑑"# 118,282,784

Communication costs on 
Rotated MNIST

mailto:junwu3@illinois.edu
mailto:wbao3@Illinois.eu
mailto:ainswort@illinois.edu
mailto:jingrui@illinois.edu

