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fiiR— (BAIFEIREFRBIGE) &
IEEE P3652.1 (BXFZSIZEMIFIMAAGEY (Guide for Architectural Framework and Application

of Federated Machine Learning) t#EXEEMUT.

1. B#x (Purpose)
ARER BRI IAIT I AR AT TAVRRR
HE, BEMERIEMATEERRENE. EiefhA
MEIRFRIP ARG REEENER N, ~UeE
ERHIME, BREAIHERS HRERRER
Al, MASEREZNHEREE.

of this guide is to provide a feasible solution for

(The purpose

industrial application of Al -- using data
collectively without exchanging data directly.
This guide is expected to promote and facilitate
collaborations  where privacy and data
protection issues have become increasingly
important. This guide will promote and enable
to use of distributed data sources for the
purpose of developing Al without violating
regulations or ethical considerations. )

2.58El (Scope)

BREFIENT T IER, ZIERR
TF\DHEEIEEE ZIBREEE — N EMREL,
G ERA T S RRAEEE AR RV,

FEIRSHE T FMERRIEFA, REMEMER. BEX

TERENBRF IR REIERMN BEREN, 8
& 1) REFINMAMEN, 2) BREFEIRIE
EMSFREERNNARSR, 3) BREFIRMRE
G, AR 4) BXEREX.

learning defines a machine learning framework

( Federated

that allows a collective model to be constructed
from data that is distributed across data owners.
This guide provides a blueprint for data usage

and model building across organizations while

meeting applicable privacy, security and
regulatory requirements. It defines the
architectural  framework and  application

guidelines for federated machine learning,

including: 1) description and definition of
federated learning, 2) the types of federated
learning and the application scenarios to which
each type applies, 3) performance evaluation of

federated learning, and 4) associated regulatory

requirements. )
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