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Trends of Research Into Faimess in Machine Learning
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Since the 2016 ProPublica report "Machine Bias", there has been a growing awareness
of biased machine. In human society, fairness encompasses distributive, procedural and
interactive perspectives. However, it is difficult to mathematically define what fairness is for use
in machine learning. There is no single best definition of fairness and even some of the concepts
of statistical fairness from the distribution point of view are difficult to be satisfied at the same
time. We will have to encourage more research and investments in fairness of machine learning,
which has recently come into the spotlight as a general-purpose technology in a way that

narrows the gap with the concept of social fairness.
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