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Abstract : Extreme learning machine (ELM ) is an algorithm for training single-hidden layer feed-forward neural-network
(SLFN) with fast speed and good generalization. It is indispensable to firstly select an appropriate architecture of SLFN
when applying ELM to solve practical problems. However. It is very difficult to select an appropriate architecture of SLFN.
In order to deal with this problem,an ensemble learning method is proposed in this paper. It is unnecessary to select the
appropriate architecture of SLEN when using the proposed method to solve the problems. The proposed method includes
3 steps: (1)initialize a big SLFN; (2) retrain some SLFNs with dropout hidden nodes with ELM; (3)the trained SLFNs are
integrated by majority voting method, and the integrated model is used to classify testing instances. We experimentally
compared the proposed approach with traditional ELM on 10 data sets, and the experimental results confirm that the
proposed apprach outperforms the traditional ELM on performance of classification.

Key words : extreme learning machine ,randomization methods , retrain , generalization , ensemble
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Fig.1 Single-hidden layer feed-forward neural networks

S(x)= Zlﬂjg(wj'xi-'—bj):yi’ 1=1,2,--,n. (2)
A(2) AT E BT T A B
HB=Y (3)
K,

g(w,x,+b,) - g(w, -x+b,)
H= : : : : (4)

g(w,x,+b,) - g(w, x+b,)
B=(B\.B:..B,)", (5)
Y=y, 00 (6)

H J2 SLEN B 2 5 AR R B 05 7 FRARXT TR ARG x, ;-0 x, 55 ) BT TR A5 500 % H 17
i, E MR AR TR ARSI 2, BB Z AR R SRS R A B m TSR A
AFREBIAE n IR 2HE I H 2 —A AL 7 B, AEX RSB0, SLEN Al LA R 228 05X n AR, {H—
BB OL T, B JREE AN m /N TN SRR AR AR B n. IR HERE H ANJE TR, D52 (3) — i
ARAERS R A . (EUR, TR (3) Wl LUHE(7) BRI I

mBin | HB-Y | . (7)
TR (7) B/ M R N e i il 3R A (8).
B=H'Y, (8)

A H A H i) Moore-Penrose PR35, ELM B3k o] F R 1 A DAL HE AR

L LR S LR

1A D=1 (x.,y,) Ix, e R,y e R |1 <i<<n| ;0% R g; o5 245 B8 m.
2 i AU R B

3for(j=1;7<m;j=j+1)do

4 BEHLLS & S AAUE w, FIRE b,

5 end

6 TR 24 i H

7 IHESERE H 1) S AERE H

8 HEAUEE B=H"Y

9 i B B.

1.2 Dropout
AT 8 3 A B M TT , T EEA 44 Dropout BYFEAR JEAR 2228 36 F Dropout B REAN I N2, BOSHR ()
B A S k[ 21-22].



PSR 4R (AR R 55 40 45 3 11(2017 4F)

n

BSEMATIRE I= (1,1, 1) RERZ Y S(D= Y, w1, WRFA TS MR 1,01 <

i=1

i<n) ,BPLSEHEAR 0.5 MER 1(1<i<n) ,JXARIEAT 2" BRI RE , B —FRR I — > 1 M2 (LR 25 M 48) . BT ¥
REL R SIS

E(S):% Y S(AI,
X, FIRPTA 1T 4.

B 6,(1<i<n)J &Mk Bernoulli 734 HARE M, HIBEHL AR, p, =P(6,=1) ,q,=P(6,=0)= 1-p,. W
DIMESE g, MR 1(1<i<n) BUEEA w(1<i<n) , WLAETTHR AT RSN

S(I)= 2 w,6,1;.

HRAE R R 0 e P T 7
E(S)= zn, wE(8,)1;= 'n wpd;.

i= i=1

WU pr =pa= e =p, =p, IR F TGRS
E(S)= i w,E(8)I,= i w,pl..
e T LR T
S(I= i w,6,1,+b5,.
R
E(S)= Y, wpd+bp,.,
K, p,=P(5,=1). .
2 425K Dropout BRAEIWIED I 071k
450 G I Dropout BB ST BLECIE

Tk %7K Dropout £ R 51 A B B 2% 2]
BLA % T 475 456 I T 35 4 3 | M - |

P28 SR AT, U R4 B 0 R . i Tk
T EIHR L — A LA R A B 2 i A 4 R 4%
(SLFN) , #RJ5 #2545 11> Dropout #5451~ it
R4 25 SLFNs , X Sl 2547 (1 SLENs FHAE S L
FIFE AP 228, B P B 110 22 033 Sk 4 ok s 3
5124 SLENs , T HI T804 7328 33k 1 A AR ]
FHE 2 Fom, Bk VRIS Gk 2 fis.

FESYISARAE L L0 30 1) Z2 BRI 0 B M
XK R G PERE A K. ZFEHE
TR IR IR 22 ZREE | BB IE A0 SRR 2 2 A RR 1 12 2 AN TR A RR 81 SR ol A — S 64 6 24l
TR BIREBIER AR, IR AT AR I R, SR SRR 340 838 B AME th fe . ) i& it
EATTERTFEBIIEA T 4320, REAS K AN . P 3 70 2R 28 10 2 M )7 R ofE I 2 8 400 o 1ty T 50l 148, 2R
JE AR S RE T4 T FSER IR R N R B o 2528 TR 3k 0 23 S AN ) i B3 1 4R DI i), BT ALK
AKX RE I S5 R A L0 2 LA B0 1 2R AR SORY 1 B A0 2R3 1 O ik 5 2 U R TR, AT
FH Dropout $ AR #3643 2548, 13X RO L4202 HIAR R I B A2 I 2k i), (R 3L 40 R AR I S5 AN ). )
UL, ZI SR S EOR AR, A SR B AR AT A B 2R  FEXTRE BT 43250, B
B A g MU A

2 RUEMEZEABETEE
Fig.2 The diagram of basic idea of

the proposed algorithm
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3.10 GHz AbFRES 4 G NAE,32 {if Windows #:4F R 45, Matlab R2013a.

F1 ZREATAMEENERER

Table 1 The basic information of data sets used in the experiments

Biln sk FEBIEL J P Sk m i
Fertility 100 10 2 20
Forest 325 28 4 80
Glass 214 11 7 60
Heart 2 126 22 3 80
Ionosphere 337 34 2 40
Iris 150 4 3 50
Mammographic 961 2 100
Optical 1797 64 10 100
Parkinsons 195 22 2 60
Pima 768 8 2 80

FESEE R, FRATTH 709% AR BIVE I ZR4E , T 30% OB BIAE IR A . X TR R A EE5E, S50 m 5
BRI (LR 1 A —5) RN m AEE R TEIRE AR i AR RBIEE , 250 5
BEE N 5. BIXFFA—A B4 3 Dropout Fi AR ISR 5 1432585 SLEN,(1<i<5). e85 —M5dE4E |,
Dropout 4 (B 55 )2 25 s U ZRA LA 432488 SLEN, (1 <i<<5) BiRS B8 T3 2-36 12 v, 54 iy
ELM 7EM R B T Y HL 4 151 136 13 wh.

R2 EHIBE Fertility L SLBHZER (m=20) #3 EHIBE Forest LLWHZER (m=80)
Table 2 The experimental results on data set Fertility (m =20) Table 3 The experimental results on data set Forest(m=80)
BN Dropout Y RR4E w55k TR BN Dropout A R&ZE 25 8k WK
SLFN, 2 0.855 1 SLFN, 31 0.852°5
SLFN, 7 0.843 2 SLFN, 42 0.825 1
SLFN; 1 0.846 7 SLFN; 17 0.861 9
SLFN, 11 0.827 2 SLFN, 49 0.844 7
SLFN, 6 0.849 6 SLFN, 2 0.853 2
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F4 FEHIR/E Glass LRHEHER(m=60) F5 FEHI/E Heart EXWHER (m=80)
Table 4 The experimental results on data set Glass(m=60) Table 5 The experimental results on data set Heart(m=80)

HARIHI Dropout AYB&ZE 4L K B BN Dropout Y R&%E 25 8k WK B
SLFN, 8 0.923 8 SLFN, 11 0.9237
SLFN, 37 0.882 7 SLFN, 8 0.897 3
SLFN; 4 0.891 0 SLFN; 28 0.928 2
SLFN, 21 0.903 2 SLFN, 53 0.902 2
SLFN, 27 0.884 6 SLFN, 19 0.918 1
R 6 TEEIEE Tonosphere ESLIGHIZER (m=40) R7T HEHIEE Iris ELBHIER (m=50)

Table 6 The experimental results on data set Ionosphere(m=40) Table 7 The experimental results on data set Iris(m=50)

B NG Dropout FYRE4E s 8k RS BN Dropout FYRSZE 15 8k RS
SLFN, 29 0.889 1 SLFN, 23 0.942 3
SLFN, 22 0.893 4 SLFN, 3 0.963 4
SLFN, 1 09125 SLFN, 19 0.952 1
SLFN, 18 0.904 3 SLFN, 13 0.944 4
SLFN, 10 0.901 8 SLFN; 21 0.933 5

£ 8 7EHEEE Mammographic FSLISAIZEE R (m=100) R9 FEHIEE Optical ELIEHEER (m=100)

Table 8 The experimental results on data set Mammographic(m=100) Table 9 The experimental results on data set Optical (m=100)

A KA Dropout B9 B4, fi% RS AR Dropout B3 2% 25 % RS
SLFN, 62 0.778 0 SLFN, 51 0.928 4
SLFN, 9 0.805 4 SLFN, 8 0.953 6
SLFN, 14 0.810 9 SLFN, 17 0.942 1
SLFN, 27 0.801 1 SLFN, 45 0.9327
SLFN, 10 0.812 4 SLFNg 24 0.937 8
R 10 FeHHEEE Parkinsons ERIHIER (m=60) F 11 TEHIRESE Pima FXWHER (m=80)

Table 10 The experimental results on data set Parkinsons(m=60) Table 11 The experimental results on data set Pima(m=80)
B N Dropout [ B&45 £ 4% MRS BN Dropout [ B& 45 £ 4% MK B
SLFN, 3 0.896 6 SLFN, 59 0.742 1
SLFN, 23 0.882 4 SLFN, 37 0.765 1
SLFN, 11 0.877 1 SLFN, 19 0.806 4
SLFN, 22 0.906 3 SLFN, 18 0.791 3
SLFN; 34 0.864 5 SLFNg 11 0.824 2

MFNFF 12 f SR ZE 0T LUA A SCHE 09 07 vk 10 S BE 4 I 08 BE 3 T4 881 ELM,
FEFEHIE MBS AR I ZE R B TR — D BEA 2 an 25 3. FRATE X 52 36 45 5 F A
XF TR 80T T 8108, BB S o WEIEE N 0.05, ST Ss Re T3 13 o, WK 13 h
B PAERT LIS . < BaRg5iE L 95% 251 miiar” . BRI, ol DU R A SCHE A iEA T 408 ELM.

F12 528 ELMLBRMIHER K13 IRERWGIT ST (@=0.05)
Table 12 The experimental results compared with classical ELM Table 13  The statistical analysis of experimental results(a=0.05)

BRI Z: L ELM ATy FEARD IR PH
Fertility 0.826 7 0.861 4 Fertility 2.66E-10
Forest 0.836 4 0.860 0 Forest 3.13E-06
Glass 0.878 3 0.9315 Glass 4.76E-05
Heart 0.889 6 0.943 3 Heart 2.38E-04
Tonosphere 0.880 6 0.925 1 Ionosphere 3.19E-04
Iris 0.946 2 0.964 9 Iris 4.59E-03
Mammographic 0.780 8 0.823 9 Mammographic 2.09E-03
Optical 0.920 8 0.950 4 Optical 5.17E-06
Parkinsons 0.864 6 0.890 6 Parkinsons 5.66E-05
Pima 0.767 6 0.823 3 Pima 1.28E-03
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