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Joint Graph Embedding and Feature Weighting for
Unsupervised Feature Selection

Zhang Wei, Zhang Zhen-bin
(School of Computers, Guangdong University of Technology, Guangzhou 510006, China)

Abstract: In the area of feature selection, most existing methods cannot simultaneously capture the importance of
different features and enforce orthogonal constraint on the projected subspace to improve the discrimination of
selected features. To deal with this issue, a new unsupervised feature selection method called joint graph
embedding and feature weighting (JGEFW) is proposed. To be specific, graph-embedding local structure learning
is leveraged to obtain the similarity matrix and the cluster indicator matrix. Moreover, the weight matrix is learned
through the orthogonal regression, to select the discriminative and non-redundant features. At last, an alternating
iteration algorithm is developed for solving the proposed objective function. Finally, experimental results about

clustering evaluation metrics on four publicly available datasets demonstrate that JGEFW is better than others in

most cases.
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A (Embedding)™ . b AL 3= /B A 3 AT
AR EER A e I R B LN FE S, R K2
O T o] DR RAR I RHE(E B o T 6 e B
IR 396 438 L A5 e SR B 48 1 J=y I T 4 A A 4
JREEREE I RE ST, PR AR 2% ST R S5 R PR
FTC I B RFIE I 08 W B A5 3 R 4 ) 28R,

H RTRHIE RS T 15 R 2 BRI U B 1
J7 SRR, (H I A A e VA A5 B 4 s Ik 4
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TEA A BRI, SEm B (R PERE AT
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AIEARFAIE 28 L FE () R (I A ) A o B, AT AR AIE Ik
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W AP T B AR T VAT T %
Tt % FE BOHR R - Cai 552 H 2 FRARFIE 16 F5 (Multi-
Cluster Feature Selection, MCFS), 1 Fl 1, 5 5 1E 4k,
SR AERFEHE 1K 5 AR TR 2 R 451 QianZE R H
0T W B RFIE £ $F (Robust Unsupervised Feature
Selection, RUFS), £ TG i B 58 Hehn 25 5 2] FIRAIE 5
>J e 8 [] i R F /N 1, 7 250 B R AR IR B B
(17 HouSED R 1 6 RN 2 2] Wi 1] U5 (Joint
Embedding Learning and Sparse Regression, JELSR),
V5 SR S kAT B TR IR A5 K 2 =T, FF A SR 4]
VHAE [R] — 3 2 78 BORFAE e 55 Ligs R T AR 47K
A HFAIE L FE (Nonnegative Discriminative Feature
Selection, NDFS), 18 ist B & A G i 43 b A A 1 [B] U
Gt — 2% 2] LIS B TRABRAHE 156 .
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AN TE I EHESE P RN AT

2 FXEKR
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5, R 32 0% 3o AT Hoio 51 1 S U B 5 DU B
Q. P e R™™Jyfl, QR 51 AT 557 B TC R RIS Qi »

QIR IR NTE(Q), Q1) e B R RO, QI FIE 2L
(Frobenius norm)#1 N0l = Z:l DINRCEE
H LB BCNIQIE = Tr(Q"Q) = Tr(QQ"), Q. P k3T
#{(Hadamard product) N(Qo P) € R"", H.EEi 4T 5
JHIRITEER Qo P,y = Qi Pijs
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Lg = Dg— (S +S8") /28R K TS Wi h A B (Lapla-
cian Matrix).
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21, 15 2] 1E A2 [A 9828 (Orthogonal Regression) . X
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&, Y e ROFORBIEFEATRET I, Wxl(4)FR.
{n%nn(XW) +b17 — Y| @
st. WW=1I.
Wu s ITE 3 (3) ZE At b 7 I 7 5 A A B
Qe R™, HOQ = diag(w),w € R K I/RFFEAE [ &,
XA o™, = 1, DLV BRALE HUE R /N7 R 1)
JRUE AR o RRAE AL R R /INRAE BRI IR EE 221, L
B R SO /IMAG TEZZ 8] UE AR 0 R A 1405 oR 2L
1) BLE B, ek T R AE AR TR B TUAR AR B, =l
B FT7R o 1 Je 1 F o AU A AL T B ORE I Ry
fIE, 56 RAFAE T B2 B A2 B LAEAT 5 84T 55
min[|W'2X" +b17 - Y|
s ®
st.owl,=1,w=0,W'W=1

B T 1E 22 8] AT R R 249 B LE Jitl 5 9% R B
(Stiefel Manifold){W € R*: W'W = L} Efj—/HER)
17 122 g% e 2% a7 7] # (Unbalanced Orthogonal
Procrustes Problem, UOPP), H L ff 1R e 2™, wf
& BINieGF 52 1T R IE AR EN (Generalized

Power Iteration, GPI)iEAT K fi# .

3 JGEFWiEH!

3.1 {RBIE

W3 H (G BAL, BB H ARk 5, 2
WL3R(6) - 3 (6)Fr RN JR3 0 45 #4275 HREAE AL IE
ZENHLE AR, RS — AN R— 0 BAr kg Horp
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TR S5 A4, B ESCHE R AR (] PR AR LA B B 3 =4
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P25 1) s 25 DU 08 20 S S R T &5 ) 2 ST AR B R SR 2R
FRNFE BEAE TR 22 [0] U & AR E o P
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o, 2 =l s
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2BTH(FTLF) +|W' QX" + 51T — FT. (6)
st.si1,=1,0<s, < L,w'l,=1,w>0,
WW=I,FF=I
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R4 A2 & b ) A% A 2% R, Hb=(1/n)(F'1,~
WTRX™1,), HrftH = I, (1/n)1,17 € R™ Jyf.0y fL
B, i E A R AT TRk
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(1) FEHF N FBATARAR AR, 4015
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(2) FEHS ARG SCHR[15], B TR T ASF R REAS
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Problem)>K fi# .
(3) BHHW AT HAT
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TR
{ min Tr(W'A,W —2W'B,)
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T RX"HXQWW") - TrQQX"HFW") =
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i =
Z=(X"HX)o (WW") (11
z=diag2X"HFW")
Horpr, diag (@) F 7R LA IR Fo I T R X M TT R TT
FE o EH3E T F7 k% BA H e 17" (Augmented Lagrangian
Multiplier Method, ALM), A 3K fiffFw
AL H T B F, W R 1) SOk A, A
ﬁ?ﬁﬁ%wy@i&“ (ETAZ - 22" B) (AL IR, Hoxt
FRALFEA € RO FIAE FEB € R, i =R (8) A (10) e
7Ny T HEFEE € R, AHOCTAR W PR,
WG BN RS, B ETE = L.
ZHFAFA =0l - A € R™HIEE
NP
@ EHW — 245 +2B
@ Xt 17 75 515 5> i (Singular Value Decom-
position, SVD), i1 HUZV" = ¥,U € R, X,V € R*
@ HHE < UV'
HEBRO~-HFIWEL.
BT PRSI, KB TEHF.S, W, 0, HEIEL.

4 SR

NIGAIE A SCHE H I IGEFW A 20t S #i 4 SC
BR[21 14 JGEFW 55 J LA L ) G e B A ik ae % 55
%, BRI RT3 2 (Laplacian Score, LS). 2 i54F
AEIEFE(MCFS)- TG B H A R IE 2 $E (Unsupervised
Discriminative Feature Selection, UDFS). X H %/~
AU 1E AL F) & B TG B R AIE 126 % (Dual Self-
representation and Manifold Regularization, DSRMR)
DAL AL T AR ) FE 2 R (Baseline) HEAT X EE o

MRAE SCHR[2 1 FEAE 4 A TT B G 4R Y ALE
TOX.ISOLETHICOIL 47 HuA, H e Rk
FyE [ 35 41{20, 30, 40, 50, 60, 70, 80, 90, 100} , %f T
AN [) ) e B AR 25320 K FH 304k 354 (k-means) JE 2K
RSP PAE DA/ BE LKL R 52 0, 3 s & PRl 48
P ) B DL 5 SRR R AL XS PIT i BE R RFAE R DAy - SR 56:
W% BAKRC B N Core(TM) 19-9900K CPU@3.60GHz,
RAM 32GB.

4.1 IHEIETR

SEIGPEAS T b B FE 5 R UER 2 (Accuracy, ACC)
Fbr#ELL HAS S (Normalized Mutual Information,
NMI) .3 5 # BUE G 4910, 11, HAUE O R
SV ST

1
ACC= - 5(r,,map(s,)) (12)

Horbr, noNEARFEARLL, 118053 W R T x I HLSEFRAE
ATII 58 K5 %5 6 (1, 9) Jy 4R 7 B B (Indicator), #7
t=¢plls(rp)=1, FMo(r,p)=0; i I KM 5 %
(Kuhn-Munkres)? ) 5 A B ek Zimap OF 5 b2
Bt IR S LSRR

Py, 4,,)

MI = Au> )1
Z/IMEA,/ILZEA, p( ul #2) ©8 p(/l[ll)p(/y/lz)

Hor, A, A5y 5 R AR SR AN R AR 4, MU
# 2 1811 HA5 E.(Mutual Information), p(4,,), p(A,,) 7
A FIRFEAR Y J& T A, A, RS, p(A,,,, 4, ) TR FE
A TR & TR A A, IR
, MI

NMIA,A') = —\/WE(A/) (14)
HH, EA), EA) 4y 5| R 7RA, A’ [P 5 (Entropy),
NMI L SRR 5 JRRIRAE L A — B R R

42 HEENAR
KRR 4N AT BHRE R AT, IR 1R

(13)

®1 HREHERS

Table 1 Brief information of datasets

LGS FEAH RRAE4ERE FaE Bt
YALE 165 1024 15 NS
TOX 171 5748 4 WS
ISOLET 1560 617 26 TR HFAE
COIL 1 440 1024 20 ERANEEA

YALEEHEAEJE T N B RS, Ha a5
ANFE1655K B B MG, BN NS 1TKRAN ] TR
ETIEZS A RIS SRR AR VS AN A = R 32 R
AR R R SRR B A AR,

TOXHEIELE & T A AR, JLa 54201
VTVNREAR, BEAFEARYERE NS 7484

ISOLETHHE 45 2% M 30N 3 A A 35 H R IR
AR T RRSER TR, FEA LT 5604, 4EEH617.

COILEHE #0571 4405k K14, JL204 5,
A 725K BUK , FCRIE T AEHL LA [ 5E [A165 501
F AR BB R I EE, HBTK /N R32x3215
LA 0244

43 BEEBHEE
MR HE SCHR[21], 13 BT A X B SRR AR AL B e R I
LR £ FH kT 4T (k-Nearest Neighbors, KNN)AE il H.k 15
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EONS; LSIL AR b A 52 A AL 2L s MCFSIE <R
L fH Binary 42 i HnUseEigenfunction ™ & A 1;
UDFSHIDSRMRHJIE NS B i B 91 W T A5 2%
JGEFW, WHEKNIS, BRKRSH N1, B S K
(Penalty Parameter) 41 000, fR 5 SCHR[24 %) F 3E 4747
G4, R AR SCHR[ 15T e @EAT R U6 1k, HXT 25
B, yiEAT M k% 4% 2 (Grid Search), ?E%T@i’)]jﬂ{lo_S,
107,10%,10%,10°}.

44 KEHERSHH
44.1 HERARRMLLER

F2~35 e R UM TG M B R A S B VA AE %
B b, @S HM R FIEDURIE S E H IR IS
IE G B ARG 0L 1 B 1 SR R 45 AR S B ) A HE 22
A 2~3 85 5 — AT A& HIRAE A EHE & R
IR - e IR TR R AR 1 R AU B
P, PRILIF R ZE A AR AL, X L
S5 R SCER[21]45 H .

®2 JUME S EHEE R A S RIRE R ERE (%) HITEE(%)ELER

Table 2 Results on clustering evaluation metric of ACC(%)-+std(%) of all compared unsupervised feature selection methods on all datasets

EAETE S LS MCFS UDFS DSRMR Baseline Ours
YALE 36.57+2.34 33.35+1.97 32.14+1.96 33.62+2.09 34.30+3.50 39.58+2.63
TOX 43.04+2.66 41.48+2.48 42.09+2.53 42.32+2.60 44.21+3.48 44.58+2.32
ISOLET 52.54+3.18 56.80+3.68 39.74+1.66 53.02+2.94 59.06+4.48 62.94+3.27
COIL 52.17+3.50 53.48+4.20 47.22+2.68 55.39+3.48 52.98+3.99 57.25+3.52

SERR 46.08 46.28 46.09 47.64 51.09

®3 MRS EHOE R AR BIREINE L EE R (%) HREE (%)

Table 3 Results on clustering evaluation metric of NMI(%)+-std(%) of all compared unsupervised feature selection methods on all datasets

AR LS MCEFES DSRMR Baseline Ours
YALE 42.92+1.94 40.20+1.56 38.93+1.73 41.21+1.62 42.07£2.71 45.04+1.92
TOX 12.87+2.33 11.75+2.09 11.98+0.61 12.66+1.42 16.73+5.54 15.42+3.51
ISOLET 70.77+1.05 73.34+1.30 54.82+1.06 69.53+1.34 77.27+1.95 75.55+1.37
COIL 67.39£1.29 71.12+1.61 61.51£1.50 70.62+1.90 72.04£1.47 70.24+2.47

RIS 48.49 49.10 48.51 52.03 51.56

FHER2 T 1, A HEAE 25 B SR AP35 TR S v A
T EROR LI NEAR, BN EYALE.ISOLET.COILA!

P88 TSR ME R 2 5 AR R R AR LE XA BRI T

H 263 0] 41, AT EAEYALE FRBUR A, H 5 Ak
ROCRAH EEAA BOR3EF, T /ETOX  ISOLETHISF-1
FAEAL ELAS BONIRAR, i T Baseline B %o 4= B4 41E
BEAT R AN DAGGE 5 DR bt St i e, 55 e 7 R
TURFHERD BT 5 , % MUEA It RE IR
B R RCR AR T PR AR
442 TRAEFEATI AR AR R BFALH TAL
EI1~25 R RTEA R R/ bs LA
RFNE PR R AE B B 55 R AN R RS AE B3 1 R
FAR BB ALFR R R AN I R B B, A ALAR
I3 9 7m DL S UER R (ACC, %) b AL HAS B
(NML, Yo)E N T ARARI (FME - F T SCHR211 o4
K bU B2 A B B AR B S PR B, WOz oy
B RARYE % SO B i TS IR 1, £33

1185 6F SRS PR U e VP 5 3R 2~ 347 AR 250

H & TR, A 73R EY ALE | 3R 8 HERf R AL )
BORWE B, 5 A LR SR L, BAE K2 5%
PERFAE A B T AR b 535 TETOX 3R
B KB Rk ETHE S, HAE K 2 H0EFRHIESL
VU R B T LS \MCFSAIDSRMR ; 7EISOLET |
B A B AR RO I, R KB R FHEaS, 5 X%
O EE AR  — B0, BAR IR BERE SN 90T
R F N FTE N LR A ; fECOIL - fi#
5 6 PR AE A I, TR SR R AE 2 ik PR AR L
YR T HoAthon b v, ELAE % B HE BUONTORS
FUER R N AT X ELEE T A -

W 27T 0, A5 7 VEFEY ALE bRtk fl B A B AR
RN, 5 H AT E AR AR AL, (E 7R IR PR
TECA30M bR AL BAS BN BT X VL R i
e R BHIGEF WL IE B IE B0 /NI BB 455 A
SIPESRAME B fETOX EARiEL BAZ B R E LT+
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Fig.1 Results on clustering evaluation metric of ACC (%) of different numbers of selected features of all compared unsupervised feature selection
methods on all datasets
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() ISOLET (d) COIL
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E2 SEIREIMEENEFHDERHERELEFER(%)HER
Fig.2 Results on clustering evaluation metric of NMI (%) of different numbers of selected features of all compared unsupervised feature selection
methods on all datasets
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s, 5 A L SR A SE AN, H IR PRRRIE
HAE R T 70036 B A, FRitEAG TS B 3508 B 5 b
VN Bl FEISOLET b i 55 3k 4345 1 5 18
FRUEAL BAS BB R 5e T Hy, 5 HAhLE K 2 Ho0)
Eb AR A R, BRI PRRFAE £ 1008 btk
10 EAZ EAL T Baseline I R H s 7ECOIL Ll & & £E4F
HEEE 0, bR EAL A5 B /F Baseline 1% b R i3,
F WAL BB A 200 >0 BB (R R T TR T LT 4544
FEXF F 5 R T REAE I DI %
443 BEHBNELHT

RER UL FIVERE , HEAT S B0 2 i S 56

(Parameter Sensitivity), LAZ5 (85 S50 B 5 T 1)
SZME o Ak DLCOTL AU 5 9, 75 B 58 R HEf 26
B AT E B = 10, A Aky , WS BIR I TR UER 2
Ak, FE gy = 0.1, 2840 B, WS BIE I R R e %
Ak RS AR HEAL BLAR R R R o ] e B = 10°, 28
Ry » BB RIARHEAL ELAS B AR, T 2y = 107,
Ak B, WS EIE bR A HAS B AR
FH 3] T, JIGEFW I 58 2R v 1ff 28 b o e 4
TEH L B ATy B O3 B AT % B, TTTIGEFW B AR E AL H
5 R BEAE R AE R B Ay I R Sk E O
B BA—E g st.

B /%
T2 /%

FREAk EAS /%
WAL A5 B/%

L

(c) e p=10°, tby (d) e y=10°, &4k g

E 3 A5 EECOILAS HBURE S Hrsoib e

Fig.3 Parameters sensitivity analysis about clustering evaluation metric of the proposed method on COIL dataset
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