More Data: Better or Worse

Zhiyi Chen Supervisors: Prof.dr. Marco Loog, Tom Viering

The learning curve of ERM, p(a) = 0.001

Why do the learning curves™ have unexpected behavior ?

e Using ERM’, Same distribution, but More data
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The learning curve of ERM with I1 loss, p(a) = 0.1000
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What is a learning curve?
e # training samples vs.
generalization performance

e More training data? Better and
worthy?
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