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ABSTRACT

Federated Learning(FL) Network is a method in
which terminals lacking artificial intelligence learning
resources such as data are connected to a server that
supports federated learning to cooperatively complete

learning model parameters, and learning performance is

improved without directly sending data. an effective
way to do it. As federated learning is based on the
participation of multiple terminals, issues of fairness are
raised in the selection of participants and reflection of
weight among participants. In this study, research
trends and major algorithms for equity issues in
federated learning are introduced. In addition, a scheme
to apply the proportional equality equity algorithm is

presented.
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Table 1. case study related to fairness in federated
learning

Procedure Name Main Content
Weighted by amount of
Q FedAvg[8
% edAve[8] data
g G-FFL[9] Include paran?eters to
8 correct for fairness
2, Weighting for common and
§ FairFed[10] individual indicators of
5 equity approximation
9]
_z Definition of multi-variable
g objective function
(59 Ditto[11] considering the
g characteristics of each
terminal
Reputation considerations
RP[12] of radio channel conditions

and the impact of
malicious attack capabilities

Statistical channel
Communication- | characteristics related to

Efficient transmission deadline
Scheduling[13] | observance reliability are
reflected

Reliability-based selection
CS-UCB-Q[14] | and queuing to expand
opportunities guaranteed

S901AQp Sunedionied Jo uonod[es

Confidence-based Include
Minimum Engagement Rate
Constraint

RBCS-F[15]
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