&
=
iy
4%

EAPY

ETFEAM

N

%

s
FH,

BMEE, LVDFEE =2 -2y P72 D L) BEMRET AR AE T 2581w T, KRE» DL
BYET -2 BNETLZER3EETH L, ZNICHNL GHAYE X, BfEry V-2 I N4 7 7
AT v b atEES e — AN ISR T 2 T - 2 2R AN T 2 2 it X o T, MERICREE Sl 2 RIS
3770 —FTH5, HAYEHIIEWT, 27747V roTF—23—MTIcENEI N 3w, Z2ofbYic,
IIAT VIR E R =T 42—+ T2 —A"DBEMALEETAEHEDOT —XICX o THEL, Z0¥EHKA
ETAEY—NCHETE, ZLTH—NBINELZ2 IA TV FOETARZKE T2 LI 5T, X0 ElkEE
BRETARMET 2, ARTRH IO L) HESPEHICETIEFR—v a veEARNAET Tn—F, ZLTn<D
2 ORFEHRFFZICOWTRNT B,

Introduction to Federated Learning
YONETANI Ryo

Collecting a large-scale and diverse data collection is critical for machine learning especially when one needs to
train a complex model like deep neural networks. Federated learning is an approach to enable a large-scale
training by leveraging decentralized data stored locally by a population of client machines connected to the
coordination server. Importantly, federated learning does not require clients to share their own data. Instead,
clients will train a global model distributed from the coordination server using their own data and share the
trained model with the server. A collection of the trained models is then aggregated to produce a higher-
performance model. This article introduces the motivation, typical approaches, as well as some popular studies of

the federated learning.
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