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Multi-label Feature Selection with Autoencoders and Hypergraph Learning
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Abstract
much redundant information in the high dimensional feature space. To improve the efficiency and effectiveness of multi-

In practical application scenarios, more and more data tend to be assigned with multiple labels and contain

label data mining, multi-label data feature selection has become a hotspot. This paper utilizes denoising autoencoders
to obtain a more robust version of multi-label data feature representation. Furthermore, based on hypergraph learning
theory, a hypergraph Laplacian matrix corresponding to multi-label data is constructed by fusing the effects of all labels
on geometrical relationship among all the samples, and then a projection space with lower dimension is obtained by
conducting eigenvalue decomposition of the Laplacian matrix. Experimental results demonstrate the effectiveness and

feasibility of the proposed algorithm according to its multi-label data classification performance.
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W4 Conf(ziyr) = Conf(zi,ye), Ky C Y,
y2 C Y.
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AR LR, AR G RBIR T, RS 2 TR K
RS, A % 82 MR Z A AE— S K
RO A AE 2 A3 B Th 2 SRR AR A IR 7
‘Ti[}ﬁ], Bl E 5 A [ A A 4, D5 AR 22 A il R 3R
ijj 18 .

e P R, A A R 22 A TR o — 5%
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TOAL PR, SR )5 FFOE 1 2 18 1 1 2 A 25 22 o) il
G 2 MAREE XS 2 4n 25 K FF A 4 U 52 ), R
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H, SRR )R U /b S fl Ak 1A
PRI AR 25 (W] (Y AR R, AT A 308 o 22 1 25
BARPUT-00E. EAEER BT HIFE f X (5) 15
H, EH SRR X

B2, XM THRAMRE L € Y PARERAYIZH
A € XM ks A5 v € XT BARFEEER
RITABIIREALE S knng PAJc ka M5 2 € T AN
RN B B IFE A SR A knng. x;Uknn, Uknng
TR T — 25, X Rt ] A 2K (10) 3143
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PREEXSAEAR B LTS5 R 2, il (14) B84
T PR A [B] T LA S5 A A SR AR Ly
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O, FRE] r AR/ AR R RO Y (R )
By, SR U R AIE 25 1) B2 29 1 5 A AR 25
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P, 6. 1] MLKNN AR50 TR HRIL
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SRR S o B 5 25 TB) SR 2 E A I ] S 2% S22
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I 24 i 97 B 1) 23 8] 52 2% S5 5 2R Tl P 11
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Table 2 Space consumption
FEE 2 I A L
D, V] x|V|
D. [E| x | E|
H [E| x [V]
Q |E| x |E]|
L, [E| x | E|
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AT 24 e 9 B 1 i ) 52 44 B < 45 Laplacian
SRR AT S0, 9 OV ).

3 SEIRHER

3.1 BURESE BT

AR Y Z PR IR URAAE 5 AT K
Ptk LI, Bl n) BB 3 frs.

*3 HEEER

Table 3  Information of data sets
i PR A% FHIEEL Fras
1 Emotions 593 72 6
2 Yeast 2417 103 14
3 Scene 2407 294 6
4 Birds 645 260 19
5 Computer 5000 681 33

SEHRAERNER 3 B AR LT S Ik
TN AR, BB BT 10 AR/
) F4E, FERRR IR IRUEF, Hodi 1 A EEgiR
FAE A, R A BRI ZREE, BT A A
AR E A 10 YR DABE e 012 i R 1 A 485 R i) AT
e

For B — A~ 22 B A5 SRV IR A RUCPE 8 3 LA 0 BRAR
BRI, NIRRT = {(z,)[1 <
i < n}, AT PCRA H BHRAT A S 2 ARSI 1R
P o o Uik 59 B A ROHE, A SR A 4 AN TRGY
64527 OneError, Coverage, RankingLoss Fl
AveragePrecision.

OneError F kA& A BANNGRFEAR 2, € X
A IR rank(z,, y;) EHARZ v € Y #5048
T A& T %A IR EL. OneError(Conf,T)
BN, ZHR% 0 S ) 3 2P e BT

Coverage J R A YIZRAEA DA K S50 H
RIFRZEFH T, 528 5h 2 020 7] DAk [y
SERTA IER TN K AR%:. Coverage(Conf,T) (A
BN, R ZHRZE T A 1 3 AV RE BT

RankingLoss J{ 3k B &8 %F T Fr A 17 s A~ 1 45
FEAR, FUI &5 5 b 1 BN AR 2 LU K AR 2 H A
HAK rank HIREL. RankingLoss(Conf,T) W)
HBUIN, R Z RS 73 A2 00 7 JEVERE BT

% Precision ZIEPMHEEXR v, € X
W 5 25 v rank B AR T 5 AN 55 & 0 IE B w0
br % W BT A b5 % W H 4>, AveragePrecision
N 2 pr A& Y 2k k¥ A /) Precision ) F ¥ 1.
AveragePrecision(Conf,T) {H#k K, FHHZIRE
I3 AR I3 H M BB AT

AP A LK ¥ A 4GB RAM DA K&

2.40 GHz Intel £ 5% 4 BACPRES ) ML L 5E AL
3.2 Bk

MLFS-AH W =ZAEEWSE ks, ka 5 7.
BN R VR RE A B 0, BT ATERS
Fe MLES-AH 5 HAl i) FIETERE R, 752X ks, ka
5o A —@ IO TR F R SRR 4E R Y
ZEFIENR, AT r BB € [5: 5 2 350, il
W TSR, r X TS Emotions, Yeast,
Scene, Birds, Computer 43 %]H 15, 30, 20, 45, 60
I35 MLFS-AH BN ZRas Kb, HATLRLLHE N
NAE 2 5 R VA 3 2R MR RE, DA TR SR I T
3 ey 5 MRS r 2 15, 30, 20, 45,
60. XT ks, ka, FEFRINZBr B S Mot R e
e, SelfE o — S, KBS —12
B SRR 1A 2 Fos.

085
0801
0751
0701
. 0651
g
20601
Q?': 0.55
¥ 050f
3
& 0451
0401 —+— Emotions, »=15
035 —o— Yeast, =30
i —a— Scene, r=20
030F —— Bil’ds, r=45
—#*— Computer, =60
0.25 L L
3 5 7 9 11

K1 S8 ks X AveragePrecision W (ka = 3)
Fig.1 The influences of ks to AveragePrecision (kq = 3)

090
—+— Emotions, r=15
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: —a— Scene, r=20

—6— Birds, r=45
—#— Computer, »= 60

o07r

0.60F

050f

0401

AveragePrecision

030

0.20

0.10

00 2 4 6 8 10

B 2 Z% ka X} AveragePrecision W55 (ks = 8)
Fig.2 The influences of kq to AveragePrecision (ks = 8)
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L AHE, 24 ks 5108, 7,8,8,7HEs=3
W, %k MLFS-AH ¥F AveragePrecision 114 fig
s B 2 WAL Y kg 43 HIECS, 3, 3, 2, 2 H
ks = 8 B, ¥k MLFS-AH ¥E AveragePrecision I
T PERER A

3.3 BIAE

A B MLFS-AH 5 ARMLNRSM! MLF-
SIEM2, FMLFSPS = A~ 22 FR SRR A $ UG v 1 AT
PEREXT LE. S ARUE WX He M, A< S0 R A MLKNN
VER 932285, MHERBGH R FRHESEAT 70 K68, OF,
Cov, RL PhJx AP 4y 53 OneError, Coverage,
RankingLossHll AveragePrecision.  5Z U 4t B 41 32
4~8 frmw, H params = (kg ka,r) B2—1=
Jefl, HAENIENFEARA S L85 L AR AR . &
AR R RO T R R R B, %
A O KGR AR E Ty 255 X T — 1R R
b, | FoRBUNEES, T WA R TR SO SRR R
A=, 2052 a0: MLKNN; al: ARMLNRS; a2:
MLFSIE; a3: FMLFS.

4 BHE%E Emotions {45 HR (params = (8,3,15))

Table 4 Results on Emotions (params = (8, 3,15))

FEFR a0 al a2 a3 MLFS-AH
OF | 0.290  0.277  0.489 0.265 0.256
Cov | 1.893 1.842 2.791 1.733 1.756
RL | 0.173  0.181 0.349 0.168 0.152
AP 0.770  0.784  0.658 0.811 0.825

AT T A R R RE 2 Y B, AR
SCE L— AT = X TR BE A DA R e v A~
FEORAR, IR —AEYE algl fEgiit EREFTH
¥ alg2, ABARTPAZRIRA: algl = alg2. E4E, AL
SR FH 4T 52 S TE I A S A e R AR AR —
HBUELAR, HF5 10 DEUE; 285 R B BN ¢
R UG, B0 UE X LU 1A R AN YA 1 e R A5 A 45 TR T
b FAFAE R 25 5, o oK & 5 %, B
WERGETH A FE IS R RE A S AR/ N T 5 %,
W] DASEA HTA R A S35 - Y 1 BB A 4 (e
PP P EE R E S

X EHE4E Emotions b Y SEI6 2% SAONE A %)
t KL, 53 DA AR T RS R X T OF,
RL, AP, ¥945 MLFS-AH > a0, MLFS-AH > al,
MLFS-AH - a2, MLFS-AH - a3; %} Cov, |4 a3
>~ MLFS-AH 4}, ¥4 MLFS-AH > a0, MLFS-AH
= al, MLFS-AH > a2.

TR S Yeast b i I i 45 SR O BT t
K, 158 AT HERE 2 7 B E SR X T OF,
Cov, AP, ¥ MLFS-AH > a0, MLFS-AH > al,
MLFS-AH > a2, MLFS-AH > a3; X+ RL, a3 f
. MLFS-AH, H MLFS-AH = a0, MLFS-AH >
al, MLFS-AH = a2, {13 5 /s,

%5 FEgE Yeast MHKZEHR (params = (7,3, 30))

Table 5 Results on Yeast (params = (7,3, 30))
bR a0 al a2 a3 MLFS-AH
OF | 0.283 0.274 0.289 0.268 0.243
Cov | 6.452 6.331 6.538 6.245 6.121
RL | 0.174 0.168 0.203 0.156 0.160
AP 0.760 0.758 0.717 0.782 0.811

X B s 4 Scene b ) ) 128 2 S AR X t
kg, 558 AR E T B EELS R X T OF,
RL, AP, ¥J4f MLFS-AH > a0, MLFS-AH > al,
MLFS-AH > a2, MLFS-AH > a3; %}T Cov, a3
BT MLFS-AH, H MLFS-AH > a0, MLFS-AH
= al, MLFS-AH = a2, {113 6 Frs.

#6  Fusk Scene MIALER (params = (8,3, 20))

Table 6  Results on Scene (params = (8, 3, 20))
LN a0 al a2 a3 MLFS-AH
OF | 0.275 0.261 0.318 0.260 0.248
Cov | 0.573 0.536 0.619 0.425 0.429
RL | 0.163 0.165 0.230 0.166 0.157
AP T 0.776 0.795 0.723 0.792 0.815

P E A £ Birds b I 3 45 SR M0N0 R O ¢
i, 158 AT HERE 2 T B AR T OF,
RL, AP, ¥4 MLFS-AH = a0, MLFS-AH ~ al,
MLFS-AH = a2, MLFS-AH = a3; X1 Cov, [% a3
T MLFS-AH 4p, ¥4 MLFS-AH>~a0, MLFS-
AH = al, MLFS-AH > a2, 1138 7 iR,

XA Computer bt I 45 5 MOBU BT
Hek, EIDL TR R LR AT OF,
Cov, AP, ¥ MLFS-AH > a0, MLFS-AH > al,
MLFS-AH = a2, MLFS-AH = a3; % T RL, [
a3 f§H T MLFS-AH 4, #J% MLFS-AH = a0,
MLFS-AH = al, MLFS-AH > a2, U5 8 fi/n.

Zi b, MLFS-AH p9 S &Pk fg te 308 T MLEF-
SIE, ARMLNRS PA & FMLFS. FMLES #1 MLEFS-
AH #RZ% [E T AR Z 18] JUART 56 20 R AE$ BT BE 1Y)
0, {2l MLES-AH X UG ) 45AE 28 [ T 41
THOAL TR, HXF T [R] — AN 2 7 A S b 320 Ik (] I =%
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JE T [ ZRAT 4B 5 57 230 A1 0 FE AR T L AT 5K AR 1) 20,
HRZAARZE W AT R, BT AL R R R
ISHONIRG A, FRAESR U PERR S A LA

£ T A Birds WAL (params = (8,2, 45))
Table 7 Results on Birds (params = (8,2,45))

Fabr a0 al a2 a3 MLFS-AH
OF | 0.379  0.371 0.369 0.352 0.344
Cov | 3411 3.426  3.724  3.385 3.389
RL | 0.129 0.125 0.138 0.124 0.121
AP 0.712 0.718 0.705 0.727 0.742

%8 4 Computer MIKLER (params = (7,2, 60))
Table 8 Results on Computer (params = (7,2, 60))

Bz a0 al a2 a3 MLFS-AH
OF | 0.434 0438  0.439 0.432 0.425
Cov | 4435 4439  4.532 4.378 4.339
RL | 0.108 0.104 0.106 0.089 0.091
AP 0.641 0.643  0.647 0.649 0.675

4 B

AR T AT Agidas 5B E N Z
PRSI E. H A HOR I R H
5 B B SR L 2 8] P 8 R 2R 0K, (AL S U
RPUT PR )RR T I HE A PAF HEZH
BEERARZE L RE A Z IR LA 254, JF Rl & 2%
RN LTS5 ) $o 0 A5 51 42 J7 Laplacian A
#Jriifid Laplacian HFE (157 AL(E 20 AR5 21 29 i
FRAEZSTR]. B2 TH RO S Y S B 45 SRR W AR SCHY
SFEIUT R SR, A ROTAT Y.
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