Communication-Efficient Federated Learning with
Multiple Local Steps -

oM Eyq
P N

S - =
Karlo Palenzuela, PhD student, Umed University 7 4™ [z]
Department of Computing Science and Department of Mathematics A ~
Supervisors: Tommy Lofstedt and Alp Yurtsever PE R%/\

Motivation & Research Goals

Federated learning (FL) is a decentralized learning paradigm that relies on efficient network communications for model ag-
eregation when jointly training machine learning models. However, network communication in FLL may become a bottleneck
whenever there are many participating clients, the number of model parameters is high, or the network connections are poor.
To address this problem, we propose a FL algorithm with multiple local steps (denoted FedMLS). FedMLS reduces the fre-
quency of parameter ageregation, and hence the number of client-server communications, by increasing the number of local
updates between aggregations. For a solution with accuracy e, the proposed FedMLS algorithm achieves a communication
complexity of O(e7!) compared to conventional approaches with communication complexity of O(e72). Numerical experiments
confirm that FedMLS provides a substantial reduction in the communication time compared to existing algorithms, and does
this without relying on strong convexity nor on gradient similarity assumptions.

Methods Selected Results
The standard FL problem is usually stated with the problem template We have developed the FL version of MOPES, denoted Federated
N Learning with Multiple Local Steps (FedMLS) to solve Equation (1).
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where F : R? - R denotes joint loss function, f; : R - R denote the
1th client’s local loss function.
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ueX’ Theorem 1. Let X' be the Euclidean norm ball in R¢ with

radius R centered at the origin and X be the consensus con-
straint where X ¢ X'. Let the joint loss function F : X' - R
Bk = 55> Yk = 157 be a proper, lower semicontinuous, and convex function with

. , , bounded (sub)gradients, i.e., |VF(x)|| < G for all x € X'. As-
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server communication rounds, the FedMLS algorithm outputs
x € X satisfying

This leads to the following update steps, for k=1,..., K :
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By separability of F', the approx-prox proceeds as follows for ¢t = t[F (z K)] - F(x") < NE (K +1) + G2§
1,. .. ,Tk [2]:

for any choice of A\ >0 and D > 0.
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Ukt = (1 = 0¢)Ug -1 + Orup+ where 0 = 3((;:;)) Theor?m 2. Let A\ =¢/G* and l? = |zo — 2™ [*. Choosing K =
[6G . 2D 1 which is of order O (@) communication rounds, then

FedMLS achieves an e-suboptimal solution satisfying
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