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Abstract: In recent years, machine learning algorithms have caused many ethical risks in the process of
its social application, giving rise to issues of “algorithmic ethics”. It is a critical perspective from certain ethical
standpoints of the “non-ethical defects” of algorithmic technology, and advocates using ethical principles to
regulate technology in order to solve some moral problems caused by algorithms. However, by sorting out the
operational logic and functional characteristics of machine learning, I argue that the criticism of “ethical priority”
is an “harsh criticism” or “excessive demands” for algorithms. In other words, some ethical risks are caused by
“innate technical defects”, not the consequence of lack of ethical norms deliberately. There are three main types of
these “innate defects”, namely data dependence, algorithmic bias and algorithmic black box. They should first be
discussed as “pre-ethical” technical issues, rather than judging their right or wrong from ethical perspectives. It is
helpful for us to discuss algorithmic ethical risks within a reasonable range by clarifying this problem, and avoid
some “unrealistic” ideas and propose more feasible solutions when giving countermeasures and suggestions.
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