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A survey of algorithms based on instance correlation label noise
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[ Abstract] Instance-related label noise widely exists in real—world datasets. Although instance —related label noise elimination
algorithms have been studied by many researchers at home and abroad in recent years, detailed analysis of this subject is laking.
Based on this, this paper searches for the elimination algorithms of case—-related label noise, reviews the main techniques in the
literatures in recent years, analyzes and summarizes their classification by explicit and implicit methods, selects some algorithms for

experimental comparison, and makes a prospect.
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Tab. 1 A summary of explicit processing algorithms defects
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