J. Internet Comput. Serv.

ISSN 1598-0170 (Print) / ISSN 2287-1136 (Online)
http://www._jics.or kr

Copyright (© 2024 KSlI

Tabular Data 35 $13 733+ 2432 GAN Mode
Reinforced Generator GAN Model for Tabular Data Learning

gz A QA
Chan-sik Sung Joon-sik Lim
2 o

Tabular Data'= X &3} U HoJE Q] 3 w|o|E{ &, ©] 3t Tabular DataS ©]-8-3F 5-& Tl 9o, F2 Hleid Edo)
AE Bduc T 5ot Attt HrtE o] it ogi st Hrhe AAE Edo| Tabular Data®] 53¢ FXF 9] thg-Tx e} HEH
o] NIk 543 o FatA wiNHFt GolA AV shxe] WS 22 Zake wA7F A7) WEelth 22y sl olEl 7k Hak
HlgolE 3} H 7 AAZSE o]Fo] AWA 7]Ee] HAYy RIEL 1 HLo IFAE Ko git) B =Fol| A= Tabular Datadl]
ARY Bdg AL s AHECR, AYAAREE o] 83 25 AEYH /AT A ARFo R EAFSFE NS
A2 7r8ls] Ao A 217 %82 RGGAN(Reinforced Generator GAN)S A QFetT}, 2 =F-0] |93t RGGANS. 2 81453t HHEAER o]y
YA 71E F+243}4, IEEE-CIS Fraud Detection Dataset®l]| A19] A1 AZ)E @A 8le] AUCE SA & & A3, 712 Y ZdE B} 1~7%2)
AS AR a2 BYoM, A¢td Rdlo] Tabular Data SHFoll FESEY 3 A7) AY &x]o] o RdeS =933ich

= FAC] ;A AAR, M A% 4E AR, Fesdy 4E, E 349 dolg 3%

ABSTRACT

Tabular Data is a mixture of numerical and categorical data, and machine learning models have been evaluated to be more
suitable than generative models in performing leaming using such fabular data. This evaluation is because the generative model had
a problem of excessively increasing parameters or not finding the direction of learning due to the numerical multimodal distribution and
categorical frequency imbalance, which are characteristics of Tabular Data. However, as data gradually becomes big data and
becomes real-time, existing machine learning models have shown limitations in their application. In this paper, as a methodology for
applying generative models to fabular data, we propose RGGAN (Reinforced Generator GAN), a reinforced generator adversarial
neural network that Clustering sampling that leverages conjugate prior distributions and the loss function improved with Gower
coefficients and mutual information. As a result of measuring the AUC by detfecting fraudulent fransactions in the IEEE-CIS Fraud
Detection Dataset by constructing an anomaly detector with the discriminators leamed from the RGGAN proposed in this paper, it
showed a performance improvement effect of 1-7% over the existing generative models, proving that the proposed model is effective
for learning fabular data and also effective in detecting fraudulent fransactions.
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