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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.

Key Words : Deep Learning: Tabular data, Machine Learning, CNN, Pattern Classification

2 T W SHHEAS U HEENT| I XIHK|SEHHMIMNY A (Grand ICTHTHIES Af@) (ITP-2023-2016-0-00318)1k
TP |SHBENRO| HUOR AT HTHLETRISTHE7ISARIS AU AjRlo] KIS W0t 23E H7Y (No. 2023-BS-RD-0061
/ RIS HOb ZA AAY DTSt U MRS IS Y

WAXK} A= (chang@pknu.ac.kr)
e 20234 108 262 £HY 20239 118 22 AMAttE 202349 118 249



120 AM=EQENg=E=EX H9H H6S, 2023

1. ME

ofz] 7jo] HEIZOoR 49 geld YEYI+=
QIFAIETe] Al RHERN Tl Hofol|lA] &-§
= glek "deEd2 olwAUll] 53 22 Al IH
dlolElAlE Bl 1 Ad5ol BlEA FYEIeH(2],
ARIA13,41, AIAIE dHleolel £A[5], Aol AF(6,7]
S Zo] v F HoleE &&= HA ATAE 2
452 JEdS &8ote A9t "ﬂE}TE}
ole} x o2, HPdolE 9] H-oll= o7 AEH
Q1 WAz 7HEe] geld HEYI| Bl v gol
ARG T ITHE]. AR dlolE = Ft Fo & FHE T
A=lE HlolEEZA 9], A2 o2 Z79] HlolErt g
#o] Q1= 97 WrH10]. o]& QIsh B]HF dlo]gd]
Hs 54 719] o] Ay or won[10], FAHY
gurelE} 22 AFHQ wAled 7IHEe] "edel
Hsto] 2 45 Y= 397 B9, 111
SHA|TE 2], TabNet[8], SAINT[12] 53 Zo] H¥
tlolelo] BA3 B 52 91t 92d WEYA Al
Qt=|lor, doje wat AEAQl HHE sl o
E2 45 Hole 97t Alsol d—o‘ﬂ At} TabNet
HAA 22D
= £ Ao o
52 sttt Forest Cover Type, Poker Hand 59
djo]E|Alof| 4] ‘ﬂ Aed 71HER ¥laske] 96.99%9F
99.2% 5 =2 FTE HIYrH8]. SAINT+= FFdlo]
B 9] P} %C’ﬂ tisto] ojRlAdE ot WHo R Y
3} Hof| tiste] B ofdld H4=E Aiksh, Akt
+5 %3}04 "’Eﬁ} EAE 245t 14 JRE F
o z= oRE 55l Blastchar, AFEH fFE
st O}rﬂolﬂ(outlier)g} lgte]of(inlien) & E5
Sl Arrhythmia S & 167119] HolEAloA] SAINT7}
7P¢ &2 HHFAUROC (93.13%) 7155k%cH12].
Agdole 9] B4 HEd VEYAE &8s ¢
3 F@dolElE oln|A] P4 o R Wkoto] Lfoh= A
T itk dHolEE 2/3 AHd B FHE HTkeitt
A olu|R] A 5 flof i E A 5E0] SRR
oorst geld UERT BEE 8% 4 qloug o
A A vt mdo] A48 7hssiths Aol Qi
Buturovic” ¥ D. Miljkovic’ 2 FddolgE Y499
ou|z|e} g/dsto] HlolElE onAR WA= W
AlRbstlom, wre|ejol = HiolE|A 7] At EH
BER BAlOA 90%9] F=E 71=619tH13]. Igbal

2 BIHelHE 22 % ol A= wiAIsh=
. BAA 7IHE g5t
g 7HEAIE 7Iite s
01‘3’17\ il -_L:%‘ZL% Q“jﬁ}% o] AREE A=,
FErE Bt Zhu
< 5479 TI‘A]'EE 7]H]'—E AT =2 EAE
o] 7i7to] HiAlE 4 L= o|uAE Adoke WS
ArstTH15). o] ®Ale Fdl ke AEF HlolHAl
oA R2=0.856°2% 7V &2 452 HA

g, AgHEolEol it 92d 71MEe] sl d
s]wh o] 3] thdet =0lE50] A8ttt Shwartz-Ziv
° TabNetol o & 4%g Hole Hoje: e
16&140111] XGBoost[16]19} 22 #E29] 7|HEo| ¢
E2 e Hole A7 Wk FstETol.
B A7e F3HolEE 2 vid R Hdshs vE
A2 BE2 AL, AtE HEYZE AREst @
2] &7l HoleEe 25 AY=E vlu H B4t
Rt AlRbE W2 FFTolHE olnA] FAo=E ¥
th= HollA Zhu 59 AF1519F FABHARE Zhu
o RS Ao R ALSiRE vHE, 2 Aqe
HERZS] sk IS S5l A9 14 dAE
Eol Witk HollM 71E 3 Ha=nh

o] =29 T2 thadt At 28l Aol A

fijo

5

89 dlojEet ohy AIAHY] 1, deld HESYAY
T2l tetel Z15teich, 39Ol Ake e 4
=7 ]—L’] LﬂE 43——“"} H]—U—OI'O:] o%_' Ezg ]’Bﬂ'é‘]-

Stk BAlgo R 4gelAE FE % G Ao us
of 71sigint

N
HI
1z
0
I%

2.1 H|0]g
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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.
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(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

Accuracy(%) according to Datasets Vehicle Landsat Segment | CovType
Model
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[Fig. 3] Confusion matrix for each dataset
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