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Reinforcement learning representation method for
continuous—categorical mixed data classification

WANG Cong, YANG Haigen

(School of Communications and Information Engineering, Nanjing University of Posts and Telecommunications,
Nanjing 210000, China)

Abstract; The rapid development of artificial intelligence technology has detonated the era of big data, resulting in various types of
data, data drives the development of machine learning, and the performance of machine learning also depends on the representation
of such data by the representation model, while the traditional representation algorithm can not make the best distinction of such
data. In order to solve the above problems, this paper introduces reinforcement learning on the basis of the representation algorithm,
takes the clustering evaluation index as the reward, obtains the best distinguishing representation data, and applies it to the
classification task. Experimental results show that the proposed reinforcement learning representation method can achieve better
results in machine learning classification tasks than traditional representation methods.
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Fig. 1 Representation algorithm framework diagram
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Table 1 Description of experimental data sets

Bk HEARCE  RRAEECEE  BOTCRRAE  SEZRHIE
Glass Identification 214 9 0 9
Soybean ( Large ) 307 35 35 0
Steel Plates Faults 1 941 27 15 12
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Table 2 Raw data accuracy %
- HRA
et
SVM RF RBF
Glass Identification 70.2 82.4 73.6
Soybean ( Large ) 88. 1 76.4 80.3
Steel Plates Faults 67.4 74.8 80.6
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Table 3 MAI model representation data accuracy %

‘ A
Iy AR

SVM RF RBF

Glass Identification 72.3 83.5 73.9

Soybean ( Large ) 89.5 78.1 81.3

Steel Plates Faults 71.2 78.8 82.6
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Table 4 Our method representation data accuracy %

‘ IR
SRR

SVM RF RBF

Glass Identification 73.2 84.3 75.1

Soybean ( Large ) 90.1 78.3 81.8

Steel Plates Faults 86.3 85.5 86.6
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Fig. 2 Glass Identification control test diagram
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Fig. 4 Steel Plates Faults control test diagram
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