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Accuracy Improvement Method for Collaborative Machine Learning
with Individually Different Data and Consideration on Privacy

RyoHnrel Kacgawal®  TAKUMA NISHIMURA! MASAHIRO MATSUNAGA®!

Abstract: We aim to perform machine learning with considering privacy, when using life activity data from
home sensors . Therefore, we focused on collaborative machine learning. However, the data is biased because
it depends on lifestyle patterns,and in such a case the accuracy of the collaborative machine learning de-
creases. In this paper, we propose an accuracy inprovement method for collaborative machine larning using
life activity data. Furthermore, we consider the privacy protection of collaborative machine learning with
biased data.
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Algorithm 1 Federated Averaging
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for each client k € S; in parallel do

wf, | < ClientUpdate (k,w;)

end for
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end for
end function
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DFH
for epoch i=1,2:- do
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end for
return w
end function
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