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Abstract Deep learning has recently demonstrated conspicuous efficacy across diverse domains than
traditional machine learning techniques, as the most popular approach for pattern recognition. The
classification problems for tabular data, however, are remain for the area of traditional machine
learning. This paper introduces a novel network module designed to tabular data into high-dimensional
tensors. The module is integrated into conventional deep learning networks and subsequently applied
to the classification of structured data. The proposed method undergoes training and validation on four
datasets, culminating in an average accuracy of 90.22%. Notably, this performance surpasses that of the
contemporary deep learning model, TabNet, by 2.55%p. The proposed approach acquires significance
by virtue of its capacity to harness diverse network architectures, renowned for their superior

performance in the domain of computer vision, for the analysis of tabular data.
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o]&JAlQl Vehicle(UCI Vehicle silhouettes), Landsat
(uct Satellite), Segment(UCI
Segmentation), CovType(Forest Cover Type)2] 47}

Landsat Image

(Table 1) Specification of datasets

Vehicle Landsat Segment | CovType
No. Features 18 36 19 54
No. Categories 4 6 7 7
No. Instances 946 6435 2310 581012
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[Fig. 1] Proposed network structure with
Mapping Block.

I 59 g 7= 12 23519 Mapping Block?]
Zdo] 22349 ]”];q FEHE HER st ol F
5l Mapping Block®] &2 FEE o]u|A|9] FE|Z A|
215kek 4= Qlth

Mapping Block?] &8 24 wid P
Mapping BlockZ ©Jm|A] &7 5ol AM&EE 245 U
EQF welnt A AT 4= At} £ AHolA= ol
A 50 g AR8EE FH(sequential) ‘7‘—-4 g
< Agsto] APE FPoiqltt. 234 FEF 5 271
MaxPooling & 17§12 3% BlockS 27§ ARESIAL,
X A4 SZ AHESte] HlolEE ERSHESE ol

o
fal
i

T r[o

2.3 H|OJH Hx2(et HEUH
ddoll $HM 72+ 54 dl°olE= min-max 88} 71
WS Agsiol ARSI XF 549 g X, 7
X7t 212t S 54 vlolelo) gt AT
glole Asks A 42 o2t 2k
_ X— Xmin
)(n,()rmalization - m (1)
4 EE=(fold) n% 7¥o]
Hlo]EAlS 1O7H—4 E2Eg 24% %,
2as ymA 1719 E=5 /\PQBM
103] ¥HEsto] HLE tlo]E7}
Sk ol Add2 7
e ol diste] EH2 oz o]RoHH. dE =
Vehicle BloJE|Al] 73, 47 21 HloE o] tisf 242}
9:12 HlolHE Zsto] ARSI

014

2



122 AEQIEUISEs=2X H9H 65, 2023

(Table 2) Classification accuracy for each dataset

(Table 3) Training time according to datasets
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[Fig. 2] Visualization of Mapping Block layers
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MLP 79.3 84.9 93.8 81.08 84.77+6.46
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[Fig. 3] Confusion matrix for each dataset
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