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Section 01 Federated Learning



p Privacy Protection

p Distributed Framework

p Data Shift of Isolated Sources

p Local Limited Calculations

p Communication Bottleneck

Preliminaries – Federated Learning



Preliminaries – Problem Setup

min  � � = Σ� ���� � ,

min  � � = Σ� ���� �� ,     �. �.  �� = �.

Where �� �� = � ��~�� � ��; ��  is the ERM loss.

Two main difficulties:

1. Equality constraints : �� obeys different 
distribution ��.

2. Resource constraints: limited capacity for 
computation and communication.



Preliminaries – FedAvg

[�]: selected active clients. [�]: total clients.
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FedSpeed – Perturbation 
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[1] Penalizing Gradient Norm for Efficiently Improving Generalization in 
Deep Learning



FedSpeed – ADMM 

min  � � = Σ� ���� �� ,     �. �.  �� = �.

Lagrangian 

� �, �� = Σ�   ���� �� + ⟨��, �� − �⟩ +
�
2
 �� − � 2 

(1)Minimize  � �� .
(2)Update dual �� = �� +

1
�
 �� − � 

(3)Minimize  � � .



FedSpeed – Algorithm 
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FedSpeed – Convergence 

Assumption 1. For the non-convex function ��, it is �-smooth when:

 ∇�� � − ∇�� �  ≤ � � − � .

Assumption 2. Stochastic gradients are zero-mean and bounded-
variance estimation:

� ��,�
� − ∇�� ��,�

�   = 0,     ��,�
� − ∇�� ��,�

�   ≤ ��
2.

Assumption 3. Heterogeneity is bounded:

� ∇�� � − ∇� �  ≤ ��
2



FedSpeed – Convergence 
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FedSpeed – Experiments 

Experiment Setup:
2%-500 clients, Dirichlet-0.6 split, 2 local epochs 

with batchsize=20 (25 iteration per round)



FedSpeed – Experiments 

Experiment Setup:
10%-100 clients, Dirichlet-0.6 split, batchsize=50 

of different local epochs (K*T=constant)



FedSpeed – Experiments 

Experiment Setup:
10%-100 clients, Dirichlet-0.6 split, batchsize=50 

of 5 local epochs



FedSpeed – Summary 

Main difficulties in the FL(horizontal):

(1)Local consistency (Equality constraint � = ��).

(2)Local over-fitting on the small dataset.

(3)Computational limitation (local devices are poor).

(4)Communication limitation (large scale).
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