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Abstract With the rise of machine learning,the number of operators increases rapidly,the solution space of composition opera-
tors to search increases,and the process composition time exponentially increases. How to reduce the search solution space,thus
reducing the assembly time,and realizing the machine learning process composition to meet the functional needs of users has be-
come the current research hotspot. This paper proposes a process composition method based on hierarchical tagging to support
machine learning. Firstly, the label is extracted from the operator semantics,and the hierarchical label model is determined accor-
ding to the semantic scope of the label. Secondly,according to the machine learning domain discovery label relationship, the do-
main composition model is established, and the final domain label model is determined according to the functional requirements
determined by users. Finally,the domain operators are bound with tag semantics,the domain operator relationship model is deter-
mined,and the operators are composed according to the assembly rules to form all operator processes that meet the functional re-
quirements of users. At the end of this paper,an example is given to show the feasibility of the method,and the result verification
standard is proposed to show the correctness and integrity of the result.
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sion_Test

Isomap — > SVR _ Linear — >
Regression_Test

Isomap — > SVR _ Linear — >

Regression_Test
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Table 4 Performance comparison of two methods

FkFE 1 2 3
AT 24 % /h 2.04 3.18 4.30

AF ks 180. 70 198. 43 200. 37
WEEEE/ % 100 100 100
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