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A self-supervised data-driven particle swarm optimization
approach for large-scale feature selection

LI Jianyu, ZHAN Zhihui
(School of Computer Science and Engineering, South China University of Technology, Guangzhou 510006, China)

Abstract: Large-scale feature selection problems usually face two challenges: 1) Real labels are insufficient for guiding
the algorithm to select features, and 2) a large-scale search space encumbers the search for a satisfactory high-quality
solution. To this end, in this paper, a novel self-supervised data-driven particle swarm optimization algorithm is pro-
posed for large-scale feature selection, including three contributions. First, a novel algorithmic framework named self-
supervised data-driven feature selection is proposed, which can perform the feature selection without real labels. Second,
a discrete region encoding-based search strategy is proposed, which helps the algorithm to find better solutions in a
large-scale search space. Third, based on the above framework and method, a self-supervised data-driven particle swarm
optimization algorithm is proposed to solve the large-scale feature selection problem. Experimental results on datasets
with large-scale features show that the proposed algorithm performs comparably to the mainstream supervised al-

gorithms and has higher feature selection efficiency than state-of-the-art unsupervised algorithms.
Keywords: feature selection; large-scale optimization; particle swarm optimization; evolutionary computation; swarm

intelligence; data-driven; self-supervised learning; discrete region encoding
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9) M4l =X (3) HH AL X;

10) $447 DRES 13 28 iR 0L & X; /1% 4

11) TR 138 AR ; /780 2, BT AR AR
MAR%E T

12) Z= Z +N;
13) BT RS T 5 B I Xovest
14) B 4 R B i Xebest

15) END WHILE

16) i H Xebest

AT %) SDPSO( BIA5% 5) A Bsf ] &2 4% BE itk A 7
SrBT. BB SCRTAEL, Bk S EEA 2 A,
1 ML S SR L AT, 5 2 T Ak S AR
2~15 47,

TESAL 5 5 1364, SDPSO i i 8 ik 3 %}
B I AT R A B, B 3 S 1~10 4775 S04 T
O WG . RERAGER, B9k 3 5 2 1T AT —
K Kmeans % 3 . Kmeans & (19 B (8] & 24 B R
O(Gx1x|S|xD), Hor G R ERREL, « AR
R ZERNEL, |SIh S hHEARL, D AFEARRIEEL
P 5B 3 Kmeans BZE2EH 58 2 28 (R
=2), AT HY Kmeans 7% i B[] & 2% B 0T fij £k
A O(Gx|S|xD), Bk 3 S 3~9 17447 | S| 1E
W, B G AT — U I — O,
| S| AE H 1 s 6] &2 2= B2 0 O(|S)) . Bk, ik
3 5B 2~9 AT RO E] 2 24 ¥ & 9 O(G*|S|xD). H
T 35 1~10 177 AT O IRIEIR, A HC s ]
SEIAREE N O(0%G*|S|*D), Bk 3 /Y 11 73R
(8), H1 T2 (8) & O kLA, Kz THY
B R 24 R O(Q)o %5 I, Bk 3 By B A [H] & 44
FE5 IR O(0xG*|S|xD). BT O A HESEH
ARcrf =3, NI E 1 3 By a2 4= ] Rk

O(Gx|S|*xD).

L 5 S 2 WG S 2~15 17, B2 4T
IR AL N AR TR 10l B R &, B ) AR 2%
JEH O(NxD)o 55 3 F73H5E N AR 038 WA -
P53k 2 AT DL, 3 OB THAA A B () 52 4% B 5 BT ok
FM s 2gm M. Wk, TR K — Bk, thib
B 8 A YR I (B DA A8 B[] 2 2% B A O(E), IS
3T R 2 N O(NXE) . 55 4 17 J9 WA #:
1R, BFRIE B2 O(1), % 5 FIER 6 172 F4RIF
eSS, B BL R A &2 2% B S O(V<D) .
I, 55 3~6 AT ) 2 2% Bl O(NX(E+D)). TE5
7~15 17/ WHILE 7 ¥, 55 8. 9 17 5 Bk + 1Y
WAL E, BRI 48 O(N<D); 55 10 fT40A T
Bk 4, WA R UEST DRES, A 8] 2 4 4k
O(N*D); %5 11~14 47 5% 3~6 A7 AH[H], [A i i [A]
B ONX(E+D)). ZE b, 55 8~14 17 Wit
6] & 2% 5 0] & 3 O(N<(E+D)), T WHILE 7§
G IR PATHE 8~14 1T v=(Z o /N-1) 1K, Hirh
Zinax F B K B3 W (A PEAT L, WHILE 1 B i i
] 5 24 B Sl O(v<Nx(E+D)). W8 5 45 2 34
(55 2~14 47 ) B9 LB 18] 52 42 BE A O(N%(E+D)+vx
NX(E+D))= O(Zyax X (E+D))o

AL S AR A 2 W, Bk
5 1R ) & 22 R O(GX|S|XD+ Zpyax X(E+D))

3 SIS AT

3.1 XWigE

R T X RE AT I, A SR A T 4
NH LY 6 A~ B RIS Ry A 10 B0 B oE 47 5K
By 3% 6 B A4 R A R 4E Yale BT A
ORL "2, 9y iR B4 4 co1L20 ™Y LK, 3 A>3k
IR B4 4 Leukemia . DLBCL P* . Braintumor ®*,
XL E A 4R O 9 i oY A W AR A B, LT 3
PEAETE SCHK [43] A TF, 15 3 A8 45 78 STk
[34] A TF . 1 340 T X Su 5 P8 4 0 A G 1
B ok, B2 Wh T 34K A £ 4 a0 E8
BB R, LitS %,

i T EG SDPSO M RE, A< SO H Ap £ 3
(1% 5 b A W B vk BPSOP At ¢SO 4k Sy it
A, XM FSERE, T AR, SDPSO
5 BPSO K HAH R B 25, BIF AL, 20, 3
JE 1 B K AB A e /MBS0 R 6 Fil—6, Jinis A F ¢,
e, ¥ 2,01, BHPEARCE w ol 1. FiRX S EL
& BPSO i XK 7", %I T SDPSO
DRES [ &, e KB R R, (X, r) 5
A L i e Bl - 3 R 2R3 £, iy DL DRES
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Table 1 Information of the six datasets

BARELFR  BEAREL 2B FREE DREdEISA
Yale"" 165 15 1024 NG R
ORL" 400 40 1024 AR R

cotL20™ 1440 20 1024 WIEHIEL A B0

Leukemia”" 72 3 5327 LR B

DLBCLP 77 2 5469 B rskie

Braintumor" " 90 5 5920 LR R

SVEYREESAY

(a) Yale dEERE]

B E e o e e B o el e
S EEEE SRS
(b) ORL B4 +E ]
2V a 12 1T
(c) COIL20 Hiin SEre ]

B2 3NERBEENES
Fig.2 Samples of the three image datasets

T A BEAT AR R 48 B SVE TR A Ak i 7R P A B
R I E T Znax=5 000, 15 B 42
b, BATIE SIS AT 30 IR, SR A 4 R (F
DAL B> R UER RO W R A 852 . O TR
R4, B0 Bl 5 Bt AT 30 HYBEALE 43,
FEUCKE 90% BYREAS 11 O i ik 32 1 K 3l 4 A 10%
RIREAAE D IR AE . H L, B BIE RS s
AT A @ Uk o RO B 4 o RIS @ ekl
o3 HRRAE e PR A AT AR R 1R 4, SRS
AR RF AR A 26 7 R e R 4 B EAT I . 53
bb, FEFFHELE £ B B, SDPSO . BPSO A1 CSO 14
AR08 8 A H=5 19 H—4r 3¢ LR UE 7 K 3K
oL T B PR P 249 23 S v R A O (L
TR B SO G 7 VR R S, AR S5 R AE
VEFEEHE 4R T HA 20% 198 A A B S8 S
%o T SDPSO AN BRI SAR4E, It SDPSO
A LATE RN RAE RO 56 B EAT4RMIE B 4%, T BPSO
5 CSO H RE M HIRAIE 2 B804 4R Pl FL 92 28
AR (BRI 20% BOECHE ) BEATRRIE e . LAk,
AR AN 2 R RRAE A RCR S5 A I
8 LAl B — SR I By R AR . Horh,
B — S0 iE ik R H B E O B R A B H-r 52 3

WuEsk, B 2005, it 2 a2k
HER R RSE . R, AT H /N 38 LB
WEEE A (I H=5), B — K iE kAR 22 N,
B PN S 75 BB 2 R A HER R (B 4 {8 PLEC
XY, BrLAFE R R, 7346, T FULL F RAND
BT BT R AR e B, A AR ik
E AL m e, R B A ) A i R A
I B RO TR R R . FESLE
AR SCHE B K e R0 53 807 AR R oy g ok 1T
S I SRR AR G A 2 UE R R, P S 8K Wik
BN 5. HAN, MR EIE S HER R AR, R
/A RHIE R P RRAE BE R4 G b T BT 2R E AL
A RHIE B A AR

AN, A8 3R FH Wilcoxon £ 5 Bk 56 (i1 3
P 7KSE 0=0.05) S K56 SDPSO 5 HoAth % ek 22
[ 2=, LRGSR, fF59 <+ &
75 SDPSO FH AL T X LL 3k, 75«3/~ SDPSO
B2 2 T X, £745 =738/~ SDPSO 5§ It
BIEE MR K LA E R TR A
K ¥ 7 L . Intel Core i7-7700F CPU @ 3.60 GHz
FLENFE N 8 GB MERE IR 55 7% LigTT
32 EXmEBRAENIIITEE

#2451 T SDPSO 5 it 4 ML 1 i Xt kb
ZEI XTS5 B B R SDPSO REMRAE Sl T &
SEARZE RO B A A S A R . RIS Wilcox-
on £f 5 Bk %, SDPSO 7F Yale £ 45 % S T
. CSO W i &5 5, FIFAE T T %k 45 1 IS
5 BPSO Fl1 CSO AH 4 )45 3% . BRitk 22 4k, SDPSO
7E 2 N EE AR RS B E (B ER 2 thom
L), ZE5CE 5 BPSO F1 CSO A4 . i 78 e £
1k B 4R A 5B 7 T, SDPSO FIXT H ) BPSO Al
CSO 7E 6 MHHa4E FAA I w225 . v] UL, SDPSO
HA SR T HELhREWRE A Y, 2T n
it 1M H., SDPSO Wiz 17 I AN B H S AR 2
PRIk, AH LT 258 T B SChR & 19 59k, SDPSO H A
TEOhnaE L AR A (R B SRR 2 Y A ) B
P XELHRFE I T SDPSO A .

AN, B4k Br A FRAE ) FULL kA E,
SDPSO 7£ Leukemia £ 4 45 I HUAS 25 47 9 45 21,
JFERI T 5 MBS 5 FULL £ BAH Y[R AT,
SDPSO 7EiX 6 I H#s % Lk B R E 8= 2 5
FULL 1 50%. EJi, SDPSO H H 50% F4:AE 5k fie
455 FULL A1, HL S a0 or g 8. ml I,
SDPSO HA 55k AURRAE e . fE J1 . B4k, 5 RAND
AH L, SDPSO 7E 4 3 i £ 4 4 1 #B A5 21 & 2 AL
By 255, B SDPSO s T FE Bl AL 702 . 35 W i 1)
HETR R, H B AE COIL20 £di 4 b Y HEHH K L Bl



<201+ BT, A T ) MU UE 6 5 1) 1 0 O sl b AL A B v 51

PLoFSE R T 3B 13 4%, R B 1 AR £ 0t 47 L5 LR, XF S 45 SRR T SDPSO MK

ORI R T L SR 28 EA TR AR e £ B PR BE o
R2 SDPSO 5ELAHZHIBWER
Table 2 The experimental results of SDPSO and classical algorithms

iS/D?S(; :JBP‘SOX i,C‘SOX FULL RAND
B B ey o ORI (AR

MR ORRERC ERRR ORRIEEC MR RMERC EERR RRE R
Yale 0.150+0.142 511.6  0.150+0.133(=) 510.1  0.138+0.141(+) 510.6 0.144+0.134(=) 1024  0.070+0.004(+)
ORL 0.151£0.081 509.0 0.149+0.090(=) 511.0  0.143+0.086(=) 508.3  0.154+0.085(=) 1024  0.025+0.001(+)
COIL20  0.721+0.035 512.1  0.722+0.042(=) 508.9  0.723+0.042(=) 511.2 0.722+0.041(=) 1024  0.050+0.001(+)
Leukemia  0.462+0.285 2661.2 0.463+0.320(=)2664.3 0.468+0.265(=) 2669.0 0.452+0.293(+) 5327  0.333+0.002(+)
DLBCL  0.671+0.229 2735.8 0.663+0.222(=)2720.2 0.670+0.226(=)2736.2 0.671+£0.229(=) 5469  0.500+0.002(+)
Braintumor  0.652+0.184 2960.2 0.671£0.157(=) 2965.7 0.662+0.186(=) 2965.0 0.648+0.187(=) 5920  0.200+0.001(+)

+/=/- NA 0/6/0 1/5/0 1/5/0 6/0/0

3.3 SDFSHEZRMERS

i T %) SDFS HE 42 /) 4 F #E 47 43 B, A SCHs
SDPSO 5 Aii | SDFS HEZE /) SDPSO & Ff ( fiijic
4 SDPSO-w/0-SDFS) it 47 %} [t . HA4&Hs, SDPSO-
w/0-SDFS i F FL 52 il bR 2 04 X8 SDFS 5 21 (1)
A AR . BRIL Z 4k, SDPSO-w/0-SDFS 7
W E 5 SDPSO —#(, & 3 4t T X L5
g9 3 3 W] %0, SDPSO 7F Leukemia 3{#E4E
3545 5 B LT SDPSO-w/o-SDFS., It 4h,
1E 7 4h 5 A8 dE 4 |- SDPSO 5 SDPSO-w/o-SD-
FS BT 1y 45 KA & 22 5 . [, SDPSO
L5 SDPSO-w/o-SDFS 7£ &5/~ 4f 4 I r BE £ (1) 5
TEBCR A MY . X I SDFS BEM% 4 vk
X ELSE BRSO AR, TR s Bk I RUR A — R
FERHETE, I T SDFS 1A % .

% 3 SDPSO 5 SDPSO-w/o-SDFS KL 6 45
Table 3 Experimental results of SDPSO and SDPSO-w/o-

SDFS
SDPSO SDPSO-w/0-SDFS
¥t (ORTRIIRRZ) (ETFELHRE)
i S NS FHESL

Yale  0.150+0.142 511.6  0.143+0.143(=) 5124

ORL  0.151+0.081 509.0  0.143+£0.091(=) 510.1
COIL20 0.721+0.035 512.1  0.720+0.040(=) 508.8
Leukemia 0.462+0.285 2661.2 0.443+0.278(+) 2664.4
DLBCL 0.671+£0.229 2735.8 0.663+0.245(=) 2741.5
Braintumor 0.652+0.184 2960.2  0.652+0.184(=) 2959.4

+/=/- NA 1/5/0

34 ETBEHXBAENEREROERSHT
S T %t DRES #E47PERE 40 #T, A SCH SDPSO
554 f] DRES Y SDPSO 72 i ( fiiic & SDPSO-
w/o-DRES) #17%f kb, & 4 454 7 SDPSO 5
SDPSO-w/o-DRES [ X} b 25 5 . 3% 4 ] A,
SDPSO 7E Yale (45 11 Leukemia 5045 % 15 3|
1 45 5 5 4L T SDPSO-w/0-DRES., 7E % #M i
4 BG4 I, SDPSO Hufs i 45 St 5 SDPSO-
w/o-DRES #1244, BlI, 7£ Bf& I SDPSO A L. SDPSO-
w/o-DRES ¥ 41 () RE . X UiH] T DRES A B T
SRR AR RIS 2R 255 ] Hp 8 381 5 A 1 4 3 e

% 4 SDPSO 5 SDPSO-w/o-DRES ML 36 45
Table 4 Experimental results of SDPSO and SDPSO-w/o-

DRES
SDPSO SDPSO-w/0-DRES
i — \, S
MR RIS HEWR LRI

Yale 0.150+0.142 511.6
ORL  0.151+0.081 509.0

0.13240.142(+) 5118
0.150+0.084(=)  505.9
COIL20 0.721£0.035 512.1  0.72120.032(=) 509.9
Leukemia 0.462+0.285 2661.2 0.445£0.295(+) 2662.6
DLBCL 0.671£0.229 2735.8 0.678+0.230(=) 2735.2
Braintumor 0.652+0.184 2960.2 0.647+0.195(=) 2963.0

+/=/- NA 2/4/0

3.5 ELFRZELL OISR E A 0T

T R GE LSRR A Ll A8 X R A 35 R 1) 52
18 3 S 56 I X e SDPSO 5 HoAth 5 v 8 A [R) 15
BT AL Es S . M T SDPSO., BPSO F1 CSO
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F T SDPSO [P FRAIE BE 5 7F FL S AR 281 2 1 1% Bl
TUREARLF R, VLB T SDPSO Ay M .

1701 _a_sppso 1651 . sppso 730
- 160} 2 BRSO . 160 - BPSO . 720 j———p—t
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% 150 AN % 150 gt i 70
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~ 14.0 = A =~ —e—

A 14.0 | 69.0 2 0S0
13.0 A A ) 13.5 A A ‘ 68.0 A A ‘
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FREE PRI AR Th LS 2% FRIESLPRAICE AR Th LR 25 FENELEPRECE AR vh LR 45
Bn Y LA/ % BE 0 A% B A%
(a) Yale (b) ORL (c) COIL20
68.0 - —_a— SDPSO 67.0 - _a— SDPSO

0 N 67.5 o= €80 660} - C50”
. s 6751 - )
S 460 - ¥ 67.0% . = i 65.04> <
= 1 o ° g \‘ g1 2
£ 44.04 = SDPSO £ sl B a0l —
oz 4407 —a= PDEX = 66.5 £ 640 &

42,0 L2850 66.0 63.0

3.6 Harig

10 40 70 90
FHIE e R 4 P LR %
Bl 4 L A1/%
(d) Leukemia

10 40 70 90
IR BRI A b AR A
EHE 0 H /%
(e) DLBCL

10 4b 7b 9‘0
HFAE G PO b RO SChT A
SR L /%

(f) Braintumor

B3 AREXLGEHFELEOIBERTHERETUE
Fig. 3 Results with different percentages of real label data
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2278 J' ¥ (multi-group adaptive graph representation,
MGAGR)™ | 5L T4 A &I 2 3] 1 24 o 1 TG 1
iE & 4 77 15 (unsupervised feature selection via em-
bedded graph learning and constraint method,
EGCFS)"“" R4 & 7T 434k 14 J6 Wi A3 5 iF 0 485 07 1
(unsupervised feature selection with separability,
UFS*)™, i, CNAFS F1 UFS® 32 82 3L T 4E bz
2 JEAT JC W B AR e £, MGAGR Hl EGCFS £ #
M 5 5 U 29 o)A T JC M B R R 1B 4% o #h
T CNAFS. MGAGR , EGCFS Fll UFS® J7 i 7 ¥
JEfh S T e P A R KR, 1T BT SCHRE F R
55 B4 UL 5 Fo R R R AR BT, AR Sl R 5

Poad B, T XN [ RRAE O BN 0 BE VR AR
AT VAL T EL R, DAo O S AR AR R . R,
SR SR I B SRR B 2 VR g5 ATk
AR R IE DAL O 20, 34, BT SPS-PSO Fi
RH-BPSO 5 BhR A5 B TRIEE R, h T AT
b A4 VR 148 2R3 %, SPS-PSO #l RH-BPSO 1. ffi
JH5 SDPSO #H R Ay A sUbR 2, JEAH A 2 /R
RS R RIS RIS K A X A
S BRI RS SO IR . ANE
ST IE AT 30 ITAE -3 25 Rk A7 e

B ANBEIETE 6 DEHEE EIF Y ERR R
5P o TR 6 A [ ERHE 4R A RRAE 8 5 [R)
I, SDPSO fEE Yale. ORL. COIL20. Leukemia £l
Braintumor iX 5 A [R5 45 b B AR XS HE
BRI A 4E R, £ W T SDPSO BAT b HAh
LSS ERE . i H, Yale, ORL Al COIL20
FEREA I B 59 15, 40 F1 20 (1) 2 2 51 80
£, BONFEA S MER 4325 o1 IRME . SATT, SDPSO
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[i] 6 35 it ) 55 2% 1k 35 B e 0 AR 0 550 9T 75 1 s ()
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W, TEFRAE SO /N B s 4 |, 40 Yale. ORL #
COIL20, CNAFS iz 47 i 6] fe S, 1 A6 SR K s
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mor, SDPSO Bk r s iYiz 17 i [l e Jd . RS TE
Yale, ORL Fl1 COIL20 -, SDPSO iz 171} 8] £

T CNAFS, {H SDPSO 15 3| %) 43 2 i i % 0 DAL
F CNAFS(4n& 5 ffisn ). BL4h, 5 SPS-PSO Al
RH-BPSO # It., SDPSO fifi ] fAj 24 H. /& &% 4
DRES #1725 A48 2R, R e R A ) A 1= 1
T B s T . 5 CNAFS. MGAGR
EGCFS #1 UFS® # I, SDPSO fig % 75 14 & 5 {4
fiE 20 A 1 5] B o e A R AIE 8%, T CNAFS
MGAGR . EGCFS 1 UFS® 7E 8 & FHiE 19 £ 45 Fiidk
PRI 2 )5, 875 1k e 10 10 3 % AR 1E 40
M, Bifi 35 [a] R AR BSOS W 85 in, SDPSO Y1z 17 it
[ RCRAR ST M B . 25 TR, B s 17 )
B He A4 SRR B T SDPSO 1 i kb
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Table S Average accuracy results of SDPSO and state-of-the-art algorithms

Bldk SDPSO SPS-PSO RH-BPSO CNAFS MGAGR EGCFS UFS
Yale 0.150 0.145 0.142 0.124 0.117 0.121 0.113
ORL 0.151 0.148 0.144 0.115 0.129 0.123 0.136

COIL20 0.721 0.658 0.658 0.633 0.643 0.660 0.568

Leukemia 0.462 0.437 0.410 0.430 0.423 0.437 0.417
DLBCL 0.671 0.693 0.687 0.683 0.687 0.683 0.723
Braintumor 0.652 0.648 0.640 0.652 0.623 0.643 0.623
AREEARAL 5 0 0 0 0 0 1
% 6 SDPSO i G5arifEiEN FIEITRE
Table 6 Average running time of SDPSO and state-of-the-art algorithms

Bl Ak CRAFIERD) SDPSO SPS-PSO RH-BPSO CNAFS MGAGR EGCFS UFs’
Yale(1024) 108.376 107.471 107.123 22.756 110.726 43.912 372.168
ORL(1024) 22.385 22.950 22.446 4.817 20.156 24.775 179.095
COIL20(1024) 950.269 926.013 926.361 202.682 1490.019 212.838 1530.091
Leukemia(5327) 59.313 61.276 59.451 66.717 275.612 2357.183 5982.512
DLBCL(5469) 64.378 66.325 64.779 75.146 343.659 4311511 6527.624
Braintumor(5920) 83.871 85.479 84.113 105.956 538.061 5460.928 7882.529

4 7K iE TEAR K T A, AT ik — 2530 SDPSO

AR SCHE T T ) KRR L 6 (7] {21 SDPSO
k. H G, SDPSO 5k M T A SCHR it SDFS #iE
ZAFI MCTG J5 5, BT AFE MRS L S AR 25 19 1 10
T UEATRRE BB . Hk, SDPSO fifi T 7 SCHR
) DRES, B % /5 R0 b 75 R 48 2% 2 i) v 4% 2]
P . SEIREE AR AR, A S Y SDPSO
RETE A FH B S AR 2 B 15 DL T AR SR 5 i FH B S
25N FE SR R A Y, I LU TE i Bk A
A T A RRAE B R RCR

T L SDFS MEZRAE ST R FFAE L 4% (R L i) K A
PERE, AR A 2 B AR 24555 /IMEAR A
S 25 SR R e P ) i EL, Ay 3 T
B R AR B A TS Y A R B
KAEAFWEFE B2 R, A, ATHE 28 A K
SR IO P B T Y B 2 e P ) A
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