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Multi-label Learning for Improved RBF Neural Networks

LI Shu-ling LIU Rong LIU Hong
(College of Physical Science and Technology,Central China Normal University, Wuhan 430079, China)

Abstract A modified multi-label radial basis function (RBF) neural network algorithm that can fully consider the rela-
tionship between numbers of sample labels was presented. This improved algorithm is based on the fact that ignoring
the relevance between sample labels may cause potential performance loss. The modified algorithm first optimizes the
RBF hasis function center calculation algorithm in hidden layer,i. e. 2-means clustering. AP clustering is used to auto-
matically find £ values to obtain the node number of hidden layer and a Huffman tree is constructed to select the initial
cluster centers to prevent the k-means clustering results falling into local optimal. Then a label counting vector C that
reflects the correlation between the labels is constructed,and it is linearly multiplied with the clustering centers which
are obtained through k-means clustering optimization to optimize the RBF basis function center and establish RBF neu-

ral network. Experiments using the public multi-label emotion data sets demonstrate the effectiveness of the proposed
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algorithm.
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M EHRERBN S ERER . FEEHZHENRER
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4.1 EHEREXMNBREAPORELSRIER
A 52560 3R M Huffman 5 75 2 88 2 9046 B2 o0 SREHL
BEERHREP ORI B A-ERE I EZIREH
Ya4 emotion EHATHET RBF W& MK I LH, 4R
mk 2 FrF.

#2 FEHEREPHENEBRTHRED 05 Huffman #EBRRIIH R

BT BHEIETE 5 MERZIEM IS LEBEI TR, &
PIFE average precision 3B E T 5. 15%, 7F coverage I
IEEE T 7. 31%, 78 hamming loss F¥dB#2E T 11. 48%,
TE one-error FEUIEIRET T 14. 23% , 7E ranking loss _F¥{{E42
BT 16.25%, XFEAHHTRA AP BRI T £ E1LA-
WEHEENAE R,
4.3 BHREXBEXIBERILE
Z SR IERE T AR IAR S 22 [(A] C R PR A PR T
&5 RBF & MEEL R P OREEER, £ 2HREHIRE
emotion b #47HF RBF &M% M BIRELE, HRINE
4 fi3.,
R4 FHEEFERBMELZEIFE BRI emotion $HEE LK
LIEE T A (M AR

2 FE emotion BUEAE  RISIGER LA (E +HRERS)

FA &
LA MLk A 4 Huffman #f # ¥ABHER
RAPQ AR E TS BEE/Y
average precision 4 0. 7330=%0. 0150 0.7361%0.0168 0. 42
coverage ¥ 2.146840. 1144 2, 1303%0. 1108 0.77
hamming loss ¥ 0. 61684:0. 0092 0.6141+0. 0095 0. 44
one-error § 0. 368240. 0258 0. 3627 0. 0268 1. 49
ranking loss § 0.233940. 0194 0.2321%0. 0212 0,77

ikidigzs
AR T RARE & RAFE HEER
FEH KEKE BEE/%
average precision* 0, 742040, 0206 0.7638+0.0122 2. 94
coverage ¥ 2.109740. 1286 1.9670+0. 0771 6.76
hamming loss ¥ 0. 605740, 0121 0. 5966+0. 0127 1. 50
one-error ¥ 0. 351540, 0334 0. 3283+0. 0259 6. 60
ranking loss ¥ 0. 226140, 0218 0.2006%0.0115 11,28

AP T HEAEEREZ FXBESAZEEREZ

B3R 2 AT K, SR A Huffman # 2EE ¥1 R R 001 &-
BERA SHEHLE R th B Ok B ERE BT
B, FERTE) T, BARAR SCEGHE T 5 7E3E 4T matlab BER{FE
RAD AT I [R] 116. 9695s L BEMLYE A 44 B K .0 matlab
AR EAEE T AT A] 7. 4568s K, EA TR 5 FE15
SIS RS R T BEAFAIIEM AR, 53 FI7E average precision
IEOREE T 0. 42%, 7F coverage F BRI S T 0. 77%, . &
hamming loss F¥IEEE T 0. 44%, 7F one-error FHIRIRE
T 1.49%,¥E ranking loss FEERB T 0. 770, XFEHFER
B TR A Huffman W 3% E ¥I iR BE P OMRAL - EFEH
EEH.

4.2 kiEREEK HERERILE

ASCH R A AP BRI b (H 5 HEAS LB B & (B (RD
B—RBEAAN BTN L F), RS XTI L H, 4
SCARR LB ratio=0. 01 BEFP T B IR 4k - H9EH 2, HEZL
PREBIER emotion b 4T H T RBF M & M40 SR8 %
I, g 5Nk 3 ArEl.

#3 RFHEREPEARILGIER 2 HS AP RAEER £ HAE
emotion B FRYSZI L5 LB (WE T IRRER)

kidR:s
A AR HARLA AP B % HEHR
HH k HH kA REE/%
average precision# 0. 73740, 0168 0.7754+0.0139 5.15
coverage ¥ 2.093340. 0904 1.9403+0. 0823 7.31
hamming loss ¥ 0. 6150%0. 0110 0.5444+0,0142 11, 48
one-error ¥ 0. 362040. 0301 0. 3105%0. 0289 14,23
ranking loss ¥ 0. 2302-4:0. 0170 0.1928+0.0135 16. 25

W& 3 WHL R AP AR £ (H 5 RARE A AL
Bk AEST -HE R RHFTRAL  FETR 7T AR U T
BRTEIE AT matlab %R { B BT AT IA] 403. 7774s [LEEA
He B ER & {H matlab ik AV BT RIAT[H] 7. 58165 K. {8

FRERMEFF T EHITERELRMNER. BRERME
I, A5 30 AR KB AEIE AT matlab B O7 ELAURS B A A
[B]7. 9717t A% [RIRAE RIRMEIZ AT matlab Bkl HAVHE B
FHEE] 6. 87965 MK (AASUIT IR AE TR 1845 ARG 2] TR
[FIA2 B M 38 B, 4 I FE average precision FEERE T
2.94% ,7E coverage FEIEERE T 6. 76 %, £ hamming loss
EEERET 1. 50% . 7E one-error FEIEIRE T 6.60%, 7
ranking loss FAIEIRE T 11.28%. XEW THITEHMEL
LN B e Jrt e S i cdin DAL < ¢
4.4 HUHE RBF HEMEANSHREXLBHERILE
FRIETH A RBF #14 P4 SR R B .0 msR 2 5,
B RIS 2 B R A E — SR R 5IhE
HRBUh L RS, £ B S HIESE emotion | HAIT LT
BLH. RS UK T KSR EHELE emotion JHEHE I SE
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F5 5 MEBIRER LT emotion FIEE L LR R (BE)

FhAE E S d BR[21] Lp[f] 9oBR[21]  MI-KNNLC13]
average precision® 0.7902 0.7378 0.7632 0, 7392 0. 7104
coverage § 1.8783  2.4378 1.9300  2.4482 2. 2715
hamming lossy ~ 0.5389  0.1943  0.1964 0.1953 0.2616
one-error ¥ 0.2833 0.3038 0,3389 0.2964 0. 3894
ranking loss§y ~ 0.1784  0.2776 0.1867 0.2770 0. 2603

3 5 T RUE M, R CBIBEE R T iF #5647 hamming-
loss &b, 7E average precision, coverage, one-error, ranking loss
4 N4 E#ER Y BR(Binary Relevance) & 35, LP(Label Pow-
erset) B 3. 2BR ( Twice Binary Relevance) & £, ML-KNN
(Multi-label 2-nearest neighbor) B F . HE, A
B AR LI HATH BT matlab B& 45 BAC T BT A B+ 7]
K749, 8125s, BATATEIEA .
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SCRAT SCER[ 14 1R BB 2 LB R 18 A PLH R 3 Bk 4T
PR . BIAEIRAE Al R A2 RV, 2R AL
A2, A1718 140, A2 8814, BEXFEM, A3 5 FE
HERH 2 ML T E R, R E—B %W 5 FiEMr iRk
BRBAINE—R, R EE XA BAAHES , 15 30
BRI, £ 5 ATEMNERINE 6 B,

#£6 5 MEREEEESMERLABETERN
5HEREEE
Al=4&X,A2=BR, A3=LP, A4=2BR, A5=ML-KNN
A1>>{A2,A3,A4,A5},A2>>A5,
A3>>{A2,A4,A5}, Ad>>{A2,A5}
A1>{A2,A3,A4,A5},A2>>Ad,
A3>>{AZ,A4,A5},A5>{A2,Ad}
A2>{A1,A3,A4,A5},A3>{Al,A5},
A4>>{Al,A3,A5},A5>Al
A1>{A2,A3,A4,A5},A2>>{A3,A5},
A3>A5,A4>{A2,A3,A5)

Al>>{AZ,A3,A4,A5},A3>{ A2, A4, A5},
A4>A2,A5>{A2,Ad}

FH AR

average precision 4
coverage ¥
hamming loss ¥
one-error ¥

ranking loss ¥

1 3% 6 T LIE H ; B4R BR B L8 hamming loss #§457E 5
FE LT EBREEBAKRE, WEEANHE TH =0, /i
AXBEFEBTERESE 12 55 HEETE 06, ATHER T
A BT EREL BB,

GHRIF AR TR RBF W2 MENEIREE
¥, 7E emotion HHRE LHTERELR, H5SH RN L
REZHITTIM L. EREBW, AR ERA SIS ZH
XEBEMNFET R SEARENERE P ORE BT,
RBF 4 W 4 #:47 st , o LIS BB 8T I BRI 45 52
B BEZER L, IR Huffman S5 1E - XE R
WERAE P L, BER T RIFEE AL ITERE IR
#r. GfaIZESR B AR A VE M 45 5 A [R1 B U8 > 32 1T matlab 3
05 BLARES BT P 18], B R — BB R RS, A SUUTE
emotionBAREHEE L HTTLRRIE, THEREES
— B AP R ARE B TR, AT T A SE 56 LU, 45 3]
IR EA IR MR LS TAER T M.
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