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Abstract ; Long tail recognition is one of the most popular research directions in the field of deep learning. The focus of
long tail recognition is to solve the computer vision recognition task of long-tail distributed data. The prominent feature of
the long-tail distribution is the 2—8 distribution, that is,20% of the classes account for 80% of the sample. We call a
class with a few classes that make up most of the data a header class. Classes where most classes occupy a small portion
of the data are called tail classes. Firstly, various methods are introduced to solve the problem of long tail recognition.
Then, they are divided into resampling, re-weighting , transfer learning, decoupling feature learning, classifier learning and
other methods. Finally, our understanding of the related methods are introduced.
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