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Abstract

Feature selection is a feature engineering process that aims to select meaningful features from given structured data. As deep
learning technology shows remarkable performance in various fields, deep learning-based research is also actively studied in the
feature selection field. In particular, the concrete autoencoder method, which selects important features by applying a concrete
random variable to the autoencoder, presented excellent performance in the field of feature selection. However, the concrete
autoencoder allows overlap when selecting features and has the problem that data is not clustered by class within a
low-dimensional vector space. In this paper, we propose a new feature selection technique that is based on the concrete
autoencoder technique and can compensate for the shortcomings of the concrete autoencoder technique. The proposed method
considers the covariance of data features in a low-dimensional domain to prevent the redundant feature selection while improving
the clustering quality of samples within a low-dimensional space. The proposed technique showed superior feature selection
performance compared to existing techniques, and its superiority is especially evident for biological data containing genetic
information.
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Copyright © 2024 Korean Institute of Broadcast and Media Engineers. All rights reserved.
“This is an Open-Access article distributed under the terms of the Creative Commons BY-NC-ND (http://creativecommons.org/licenses/by-nc-nd/3.0) which
permits unrestricted non-commercial use, distribution, and reproduction in any medium, provided the original work is properly cited and not altered.”


https://crossmark.crossref.org/dialog/?doi=10.5909/JBE.2024.29.3.242&domain=https://ksbe-jbe.org/&uri_scheme=http:&cm_version=v1.5

ol@Al 9 2¢:

TS 4% ZAYE

QESY )k HAE 54 e g A7 243

(Hyunse Lee et al.: CoCoder : Concrete Autoencoder using Covariance for Unsupervised Feature Selection)

AT 71 F5E v wde wEba] iR
= SEabl A8 FREE delHe] ¢k w7

73] F7bstal Aok AT, o]l th&-F <5 HlolE e
3t Ho]E (labeling)o] L} HolE Z2]Yd (data clean-
ing)1& 3 =T} FH FHA 73w LR of e}
A1 71388 Begh 3474s] At whEka] oo 4] o
olEl & Heldol Ay st vlolBE HAste 54 ¥
g} (feature engineering) 2} 72 7|&E0] A ATH
vk 54 Fee dvrE O E A HolH (raw data)E
2 4y8" AY o]y (structured data)E FA = 71HS
At Tofolth 54 FtelAe HelHE AAlste
el whel 34 dloly Y, 54 A9 (feature se-
lection)’?, 57 A4 (feature generation) & EF3ic}
15 54 e Fo7 ZY dHolHEFH frov e
7 (feature, column)S XE3l= A& O =2 3t}

AEA 54 A8 7HL filter 7]

JllTl

7188 wrapper
719k 719082 22 rule-based 71 o) T2 Ao &
t}. Filter 71%F 714

o)
ol
By
2

N 12
N
I, o
rlo
N
N
1o,
[ O . OO

10, oX oX -
fe e =
o
lo,

o

rJ

rJ

X,

ﬂllﬂ]

fd

S

ol

o

N

2
k)

rir

o
i)

[

30,

o

o

49 o
N

)

o

o

l-'lj

il

=l
(-1
>

o B
ol

L
rlo
e

N,
(S
1o

W~

>,

{

a) s= gy AIAZEYo]-§ 33 (Division of Al Software Convergence,
Dongguk University)

¥ Corresponding Author : Z”39)(Sung In Cho)

E-mail: ¢si2267@dongguk.edu

Tel: +82-2-2260-3336

ORCID: https://orcid.org/0000—0003-4251-713l

#o] Adke AREHRPISAEEATY LR ddtATe] A
(No. RS2023-00208763), Few-shot learning= 13+ AAE wlXg] Zoj

A7 WENT 2 ¢ oEA N A (2022M3F3A2A0107

3944), #37)& Z*Ei*l‘ﬂ L ZﬁiA 71997149 AFATERFHA
AN A+ AAZ 35902 (IITP-2024-RS-2023-00254592).

+ Manuscript March 29, 2024; Revised April 23, 2024; Accepted April
23, 2024.

]: = ot

v‘i"olmﬂ*i ‘ﬁﬂi” Es 883 54 A9 7]

dsbA AE A vk Jeld 71nke] 54 A9

B ARE ool mat A& ﬂu (supervised)”),
(unsupervised)!'”, FA %= <5 (semi-supervised)!'"!

2 RREG 13 4 45 0 22 5 99
2!

£
_l_4

grol T e WS ASEA e HAE g 7w 5

A (o
4 A

o] &yt
5 i 52 Mg 7]H S 2 & autoencoder feature se-
lection (AEFS)!'! 71® o] ¢t} AEFSol| A& autoencoder9]

ATzt ke HA 2 1EA7E FgE 540

)

&7

a9

‘_:'_ b
AR dolge) PEA ARE B A F2F 5402
HggT g HolHE # 248 & JES re-

construct =42+ 574 €S 919 L
2L A A ABFSE 57} Bteld s
o] Fx2E & olsfiatA K3tal, L21-norme ARE-3H7] W<
o W 2oVsE W} AT E e NAE S
7IRE 54 AE 71O R E 7IE AEFSO QIS FE
concrete random variable'®2 223} concrete selector lay-
ers U}--—-q Ez] /\-]Eﬂ

{m HE

3= concrete autoencoder feature
selection (CAEFS)!”! 71%¢] it} 3kA|¥F CAEFSE 5%
A Al FES &85ty wo] A ke 54 A

Nerh A AFE 49T + qivke @dilo] Stk
wEhr] 2 = A= CAEFS 71| concrete selector
layer W 2] hidden units9] %% covarianceE & 0}04

A Y A FE AYE 8 F IS
AEFS, CAEFS$} Th27 Zii}ﬂl tma s LH ol A H
7FEHAEE #F3) e &
Ak e 2= AEFSQ} CAEFS% B
574 e 71E st 3= Algtehe

o v i

Z i

BN

-y
91 concrete covariance autoencoder (CoCoder)ll T3]
St 43I E 57 Aee] F2 2ol dlolEE A}
o] 71& HIAE 5 7|u EA Mg 7)|E 3 A oksls

EY
W
20

=
£



574 e 19 13} o] W Ee) wabA filter 717
£ g 719, wrapper 719 £ A8 717 em-

bedding 7]1;]]. _1_El_zo] )ﬂEﬂ 7]1:1—1[122021]—, Xj%]' E—]] ]H /\]__g_

L

ol Wt A= 85 (supervised)”, A= S

S} (semi- up-
ervised)!'”, ¥1A %= <5 (unsupervised)!'' 0.2 UE 4 Q)

[ Feature selection ]

[ Label information ] [ Searching method ]

Supervised | Filter method |
Semi-supervised | Wrapper method |
Unsupervised | Embedded method |
T2 1. S Me el P2
Fig. 1. Category of feature selection
1.1. Embedding 7|2} £ MEH 7|
Embedding 715} 7]% OJ% A7An 24 o g 34y
] l /ﬂEﬂ _,,}XJO _Lzﬂ-/\] Z 5} ]%

ﬁ
_rlt‘
o
k)
sl
oi)
2 to
o
i
RY

2]
el sl W olt)h. Embedding 7]13_} =
+ lasso method "), global and local structure preservation
(GLSP)"#7} <lth. Lasso method= Ll-norme A 7+3}
(regularization) term O 2 A}&-35le] RS skt &4

e oo 2ok
30)= |XW =Y [ 24X W[, ~ ()

o714 X 49 HeldH, We 7HA 3

2 Y A9

otk |l I ;2 Ll-norme €Wt A= Ll-norm<]
stolgutetr|EE YePdTth Lasso method= BHs Al
Ll-norm &2 Q18 2 €] 7}?74 Wol 002 FHE
beAet AdE 5AL F8EA gl sl
Embedding 7%} 71" filter 718k 719

o] Aol 0—7‘3}3’_ wrapper 718k 7
§o] AA =t} o ol+= embedding 7]
vk 52 HE 7)Y ] —Zr%‘i':‘l 2113}. 5438 AEFS!'¢}
CAEFS™ 18]7 B = HH T3k embed-

off Hlg| A= A7)

2. Autoencoder 7|ttt EZI MEH 7|

Autoencoder 71 <] EHPS oJukA
U, F EEE FAE Utk dFE
FZA ARE TS 4 A= AP W =]
FH = ol AU HHZEEH 4Y dHolHE BYse
ghretth E dolH e H5YE 9 &

e thedt o] otk

F

ol

 autoencoder 2]

TR

3(9) = FE W)W —x 112

Il
QN g

o714 f()& =ZH, ¢() & ta, XER"X‘I" e
dlolElE Uehith N 99 dlolele) Ajg Wi e R4
o dFH e AENE e, WPer 1= ga
g 7tEAE vepiy 7 Ede sbEeA JEe
0={wW, w®}z mAet ||.I12% Frobenius
norms oJ7|gt} oY ‘31015194 HAE 918 4= dlolE
o] kEJNFE kE AR 2 29 &4 e E FHAs
St WHO 2 autoencoder RE S gh5ettt. 19 2+ au-
toencoder®] AWHAQl LR & HoFETh TI7 2004 &
T Aol daHe] ¥ ey X 2R QFATE Fal
AR A p = {a", e} E 2 ol
Yol A= Az HE hi—ra e HlolE X9 &
S8 3t} o] 3 autoencoder 71¥F 54 Ao A=
t7t 49 dHolHE dFate AP & 7HA 7t

Wt o o O

ot I wo Ry



oj&Al ¢ 29l

FEAE B4 TAYE QAT /N HIAE 5 AY 7Y A7 245

(Hyunse Lee et al.: CoCoder : Concrete Autoencoder using Covariance for Unsupervised Feature Selection)

Encoder [ . | Decoder
@ f : g

Hidden units

Input data Reconstruct data

T2l 2. Autoencoder®| T+Z&
Fig. 2. Architecture of autoencoder

°] 31 3t autoencoderZ 7|7k

1 L21-norm< A-§-gtth ABFS9] &4 34+

% 2 (3)3 2tk

W)Wy —x |2

52
oW

30)= 55 I 97X

ol WOl +

714 . Il & L21-norm, & L21-norm®] 3}o]
getuld, f= A3} (regularization)E 3 71X E <]
2AdS 248 s stoldmenEn. £4 A9
el W ol A45%E L21-nom T} 7ro] AskE Tk

lo &

—
~
=

WO, = 3w

i=1Yyj=1
FH e 75A], de dF delHe &
3 ] }
EWWe g g s ie{l, ., de W g
H

o|F 5 AEFSIIAE Qi HolEe] &

o
L2
hirpd
X
oot

7 2l

FH 9] 75 A s
). SR AEFS= &

T3 57 A9 1HS A
7} 2arstel A dlolel Tz
£ olshakA RabA, L2lnomel A BAZ W gkel &
RE 002 MR T i), B JEEE T2
& 54 Ado] Brh5ay, v BrHsd steple Sol
AAE7) AR o] ofel & ol E S5 A
% 7 ot

3. Concrete autoencoder 7|2t EZI MEH

CAEFS+= AEFS9| L21-norme 58 7F5%]9] SaAS
sk W Al 71 AEFS®] 915
dom variable!"®-& 243} concrete selector layerS AF&-3}
of 54L& Agsts 7S Atk FAHSEE con-
crete selector layer W hidden unitsS 2] 57 A 7)
T kE 543} concrete selector layer$} F+ 719 A3 2
oJoj& o] Folx tITE =] Ytk I¥ 32 con-

crete autoencoder®] T+XE HojFErh

9l concrete ran-

Concrete selector layer f

/s )
I\ [©
&)

Decoder g

/ g X)) \

Hidden units
& )

Input data

Reconstruct data

12! 3. Concrete autoencoder?| %
Fig. 3. Architecture of concrete autoencoder

CAEFS+= 15749 71534], & W Vol concrete random
variable s #-&-3to] 54 A8& 85t Concrete ran-
dom variableo] & W ) o] Gumbel distribution™© 2 & ]
B o2 E FUetal AAIYR S S vyl TE
k<5 epocholl e} annealing 3FHA] Uo] £ variable=

et} o] 5 B3| st&EH= AF T2 72X E continuous



246 W3 =EA A299 A3, 202413 59 (JBE Vol.29, No.3, May 2024)

relaxation of the one-hot vector FE|Z FE=& 4= St} 9]
23} concrete random variables THS-3 7Z+o] AAbEth

. exp((loga(»” +g/ 1)
m(/) — 9i e (5)

J
Eexp loga, i) +g )/T)
=1

o 7]1A oz(«i)h i={1, ..., k} ¥4 hidden unitz} ¥
dolee] j={1, . d}‘ﬂfﬂ 570l AAH 7HEA0] A,
{a, . <k>}ew o} ¢\
SERE EYHoR 324 %kii all e

J
AHEAZE BT 2ADY gol o

HAA 00 YA EE AR} m

— Gumbel distribution
o gaixch 7=
A5 gl me

g-i) o concrete

random variable:% 2437 7}t o rl AZEYAE
g m'V o] WA grolth 845 Al batch stepoll W 779
annealing> The3 7Fo] A8tk

_4_,

log( T,/ 7))/ (ES)

T, =max(T, s ANT,_ 1), A=e .+ (6)

o714 B+ % epoch 314, S& ¢ epoch ¢Fe] batch

step 15 ov|stt}. 7, & EA| batch stepoll Ao TE ¢
vl t {1, ..., ES}olth Ty& A& €%, T,,< &
2 2%, A+ U batch step 2 dolZ uf] o|d Tl
a5 ol

77} 22 S5 2700 94 dolEd] gt W) o) 7}

YN YN

Weights with
Gumbel noise
YN YA

Concrete random
variable

d

ZA 5] #5 £ (uniform distribution)E HA == H
T8 5 Utk o] F shFol X wat 771 0 717k
A concrete selector layer W] hidden units®} S92 ¥ 7}2f

9 7%A Wy mW {i = 1, . k}E AEZIAY} A2

shE] = WEke 2 s @erx—quf’—i gol e B
9] hidden unitsll& YH HlolE]9] 53 = concrete se-
lector layer=4-E del¥ S5 @A drh

Gumbel distribution< 85| == F3F concrete
selector layer®] o'" w}th Gumbel distribution © ZHE 3
4 ol Es vdlEoEN 54 A9 AF ¢
robust &  JEF TEolFTh THA] el FA9149] o
0|2 247t F7=EH 2L concrete selector layerol] 23|
TOEE Ve EHES ¢ ¥ o AEE F EE s
£ 98 3tk 19 4= Gumbel distribution 77 W=
SR 7P%i] e o] HetE HolF= oAjolth 119 49
a8 452 kA Y, ySHE 78 2718 o
e

I9 494 & —’F Axol, T7F =& W A9 W s
T7} ooﬂ TSRS 2 7 Al
2k JFat7] wZol O]«]«] HEE 34 FHE WA ¥

o} 33814 concrete autoencoderE 8+535}17] 93 &4
3

1 WO WY w12
N lg(FX; W)W =X 5, (D

714 f()= concrete selector layer, g()= YZH,

T=0.01

YN YN

YN YN

d d d

72! 4. Concrete random variableS M 23t 715X| HE] 3} 04|
Fig. 4. Example of weight vector with concrete random variable



ojdAl 9 291 FEAFES T4 FTIYE QEJAIY /N HIN L 54 Ad 7y AF 247
(Hyunse Lee et al.: CoCoder : Concrete Autoencoder using Covariance for Unsupervised Feature Selection)

XER" e 9 dole, Ne 4 Hole Asg dg H /10 FAR JF s el

ek, We R F= concrete selector layere] 7}E,

WeR e tabe) 15A, ¥ rde) sigA Ry el /

29— (WO WPls mAH A Concrete au. o= D] WEeI o= phel 54 A AFE A
toencoder 715t £ Ael 7ML 9] 4] (7)7} concrete ran- AAe® B8t 5 5AS AASH A9E &
dom variable AF&317) W2o] mele] wE wejuge 9°) WARE HThS AT AR <2 e S
H 2 7bsste] A7 9} (backpropagation) S 483 4 Slth TEE 5 ARl FREAA GRS fese PHSE

il
B
r o
o
v
5
=
o
>~
>
ot

covariance concrete autoencoder
< T oA AEdh

StEg vzl R9 H2E A 719 59 2Fo] concrete se-
lector layer”} m (i) o) TERNE Z A 2 719 94"
ST e 4 9ES 2 m" el g5 one-hot WE]
Fojog AgEct wEbA BAE Al (WA hidden unit,
KO X« mW2 AN o o7h AT,

argmax;m;

Concrete selector layer f

A e k7 Bk
i o} olH g &S Heketr] S8 5
o] Fx= WEX]T concrete selector layer Ul hidden units
o] 549 covarianceE R0l 54 Mg o] A3t FE 5
A == HE3H= covariance concrete autoencoder
(CoCoder)7]S A AgHc}, w3 712 2] AEFS!'”, CAEFS
X Y& Hole e ATt ¥#3}7] Wizl concrete se-

Hidden units / lector layer W hidden units<> A X} ¥E F7F Yo A &

Input data B bt 25t ¥4 etk AR Aldehe

T2l 5. Concrete selector layer2| T2
HFH S A1 8351 hi $e O] E X : =2 7
Fig. 5. Architecture of concrete selector layer 3= ARESH hidden units®] 5794 covarianceE 117

i=}
oM F2o3t £ EAE°] hidden unitsol] HZE o
% o sk ¢}

2= ) 5 2= (0]
FEoZ AU% & Y& A9 WAT F e

(R

=
54 d9g 99 Age gyozy 53

<] oI =

rir
o

3} CAEFS

Covariance matrix Off diagonal cov mat
Hidden units
|C11 C12 €13 - Cik | | 0 ¢ €13 . Cik |
[ 1D 7@ p®  p® |
|C21 C22 C23 - Cok | |521 0  Co3 . Cok |

[0 h@ h® a0 | = =

D @ @ @
(1D 1@ 2® . p0 |

ICkl Ck2  Ck3 o ckkl |ck1 Ck2 Ckz - O

2! 6. Concrete selector layer L hidden units?| SX% covariance AlAH ZHA
Fig. 6. Process of calculating covariance of hidden units by feature in concrete selector layer



Rk ol MR FHAAVE B SAES AEE A
st HlolBE A
E ol 4 & HAF = e
I Aok 29 62 1™ 39 concrete selector layer W hid-
den units®] 5% covarianceE A1tetE WHS UERd
=8
I 63 22 o g Y HolHERH off diagonal
J PE AT Hets A
ato] Shgoll vhg et 9] WS &3 CoCoders Hhr

Ir
M
)
ml
A
ke
o

A

+ E(k—1)

I Cov Il &
&]714 k+ hidden units®] 7}, Cov = off diagonal
covariance matrix, A+ covariance term®| }o| 3 u}2}n|E

g ovjgith

o[ Aol M HF A HolHl tigk 54 e 7'y
o] #7 Ao Hlugth 54 MY /S ARgste] A9
" 5AEE HA18Y random forest 7 £d-2 <53l
H2AE A5 AAakste] Bl W skt Scikit-learnoll A Al
&8k random forest &7 EHS AHEEFALL sto] ¥ Tt}
HE & default 342 AF T AlQtsk= M CoCoder]

2% 455 vaatr] 98] AEFS!, CAEFS™

=9

12 71He 2 ARSI

tolE &&= o|m ] o] ¢l MNIST?Y¢} Fashion-
MNIST®!IS AF2-3] 7 Hlo] Q. ©lo]E ¢l CLL-SUB-111%,
GLA-BRA-180%", GLI-85"), Prostate-GE” ¢} COLON®"
S ARESITE Hhe] Q. HoEl & mlo] AR o o] & o]&-3te]
WY A[NE 5 54 AW AEE FHxe] 3d
A dolgolth & 12 53 Ag9 2F7 A5

Sla ALeE HolEEY AfkS vkl Holtk

e
> o R T

e

B 1. S5 Meig 93t HADIE HlolE ME

Table 1. Description specification for feature selection

Dataset Type sa?n:Ifes fe:tl::'fes clgs(sn;s
MNIST 70,000 784 10
Fashion-MNIST Image 70,000 784 10
CLL-SUB-111 111 11,340 3
GLI-85 85 22,283 2
GLA-BRA-180 | Biological 180 49,151 4
Prostate-GE 102 5,966 2
COLON 62 2,000 2
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Measure : mean of accuracy (mean of standard deviation)

Datasets Al features | Of selected AEFS CAEFS CoCoder
atures
16 0.6727 (0.01) | 0.8213 (0.01) |  0.8193 (0.06)
MNIST (3:3&75 32 0.8336 (0.00) | 0.9284 (0.00) |  0.9292 (0.01)
64 0.9144 (0.00) |  0.9560 (0.00) |  0.9570 (0.01)
16 0.7738 (0.00) |  0.7967 (0.00) |  0.7997 (0.03)
Fashion-MNIST (g:sg;g 32 0.8341 (0.00) |  0.8439 (0.00) |  0.8434 (0.03)
64 0.8580 (0.00) |  0.8630 (0.00) |  0.8624 (0.02)
16 0.7254 (011) | 06176 (002) |  0.7646 (0.06)
CLL-SUB-111 (g:;jﬂ 32 07843 (0.02) |  0.6470 (0.08) |  0.7451 (0.01)
64 0.7647 (0.04) | 06568 (0.05) |  0.7745 (0.02)
16 06543 (0.01) | 06419 (002) | 06728 (0.02)
GLA-BRA-180 (g:gg)zs 32 0.6543 (0.04) |  0.6666 (0.04) | 07098 (0.02)
64 0.6605 (0.03) | 06296 (0.05) |  0.6852 (0.01)
16 09358 (0.03) | 0.8333 (0.04) |  0.8974 (0.01)
GLI-85 (8:3?)33 32 09102 (0.01) | 07948 (0.01) |  0.9615 (0.03)
64 0.8718 (0.03) | 07820 (007) |  0.9487 (0.01)
16 0.8602 (0.01) | 08172 (003) |  0.8602 (0.01)
Prostate-GE (g:gf?g 32 0.8817 (001) |  0.8494 (001) |  0.8709 (0.02)
64 0.8602 (0.01) | 0.8494 (0.01) |  0.8602 (0.01)
16 0.8771 (0.02) | 07895 (0.00) |  0.8771 (0.02)
COLON (3:32)70 32 0.8421 (000) | 0.8596 (0.04) |  0.8771 (0.02)
64 0.8771 (0.02) |  0.8947 (0.04) |  0.8771 (0.02)
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