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Figure 1 (Color online) The framework of hierarchical learning researches. The green node is the ground truth of a

sample, the red node is the wrong prediction, the yellow node represents that hierarchical feature selection and classifier
learning are done on this node, and the blue node is the right result produced by stopping strategy to avoid misclassification
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Figure 2 (Color online) Misclassification on the hierar-
chy. Assume green rectangle represents the ground truth of
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Figure 3 (Color online) The semantic gap. Sharks and
whales belong to the category Fish and Mammal, but it is

more reasonable to classify them into the same superclass.
This is the inconsistence between the semantic space and
the feature space

a certain sample, and red triangle represents the predictions
of the two classifiers. It is more severe for misclassifying a
car to a fish than a bus
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Table 1 Comparison between different kinds of feature selection methods
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Table 2 Comparison between different stopping strategies
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Review on hierarchical learning methods for large-scale classifi-
cation task
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2. School of Computer and Information Technology, Shanxi University, Taiyuan 030006, China
* Corresponding author. E-mail: huginghua@tju.edu.cn

Abstract Hierarchical classification is a task that uses hierarchy of categories in data. It can handle large-scale
data. In recent years, significant research has emerged in this field, which is receiving increasingly more attention.
In this paper, we first introduce the definition of hierarchical classification and thereafter review the important
studies on several basic issues in large-scale hierarchical classification tasks based on different problem-solving
strategies. First, we define the hierarchy formally and introduce some hierarchical evaluation metrics. Second, we
explain how to construct the hierarchy, how to learn classifiers and perform feature selection using the information
in the hierarchy, and how to design stopping strategies and introduce some representative studies on each issue.
Finally, we summarize the features of large-scale hierarchical classification task and discuss the possible future
work in this field.

Keywords hierarchical classification, hierarchy construction, hierarchical classifier learning, hierarchical stop-

ping strategy, hierarchical feature selection, classification
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