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Abstract Based on sensitivity of node,an architecture selection for Single-hidden Layer Feed-forward Neural Networks

(SLFNNs) was proposed. Beginning from an initial large number of hidden nodes, the proposed algorithm firstly em-

ploys the sensitivity to measure the significance of the hidden nodes,and then the hidden nodes are sorted in descending

order by their significance, finally all unimportant nodes are pruned. The algorithm will terminate when a predefined

stop condition is held. The main feasures of the proposed algorithm include the unnecessity of retraining the SLFNN,

the compact architecture and the high generalizition capacity. We experimented the proposed approaches on real world

datasets and UCI datasets,and the experimental results show that the proposed method is effective and efficient.

Keywords Feed-forward neural network, Architecture selection, Sensitivity, Cross-entropy

1 5

PRI Z R F R BoEE™ RIS At iE)
FITHU S 2R G, W2 R A PERE 55 RILR S5 H LI 2k R 3
B U IR . S xd BRI, dn e 5 8 4 8 o P 4%
SRS ST RN RS HEE R E
3 AR B2 1) R MO B R B0 45 ROk S MR 4
. MRMEEWT TR IWAMBEZE, LB
WA INERAR, (HR B TR U R E MBI Z RSB
165 VIR 22 P 28 B )4 5 MR, ISR SR 4543 T 82,
B AR LAGE RN S 22 R 4% B B 1R] , {ELR PO 4 7T AR 0 — 3
BILAES.

SEXt i MR M EE R, R B 2B TR T A KB
FLRHET —RIIMMBEMEERL , XUE R KRB N
WA B MY . MR RS,
XA A — BB /NG RIS TT 8 R BT B R 28 B & =
MR R, B R TUE U ik &, REENIHE
1345 :Redding FAT 193 FEEPETREEETHAR

mf

B E . 2013-05-20 B B H. 2013-07-22

HAE B M E R Tsoi FATF 1997 ERHHETF
B AR BHERERE LD Liu AT 2002 R HH
ETHEVIZR TR 2 N &Y ; Subirats 5 AT
2012 FR BT EICZ N FS BB EREHE
311 Zhang % A 38 M ) 2 F ELM(Extreme Learning Ma-
chine) ) F1 3 i B & 245 U8 K 9 SLFNNs M 50,

HEHFENEARRERFTERLRTAHIE RS
MZHBERESEBREEEBEE AN, MXBEMCFEISE
Pt B A LA, 25 B B K, W R B2k S a a5 &
WEA/D AR EE R BB LR .

R A A — DI KRBT, R e R R
o BT B B R IR ST I R A R R R TRER/ NS s
BEREAL AP EBMEEWHEN. RBENHITIELHE. Kar-
nin BHHET 2 RHREBBHBRESTOEEDNIBE
097, Hagiwara #2 H{ 3t F “Consuming energy” #1“ Weights
power” BT B Y, X Bk A R Bt X E AN MR & B 4 R
FTBYAE4 ; Castellano ZR38 H ) RIH R BB & 24 AR R
BRI BEED  Zeng SRUMETFRUBREER

ALZHRXARPEESTH (61170040, Mt 4 B KRB ¥ ST B (F2013201110,

F2013201220) , b A2 H ARBL 222 &7 H (2011-228043) , F AL A2 8 B S0 22 SO BFSE9% B (JX07-Y-27) % B
BH#EA964—), B, 5+, 842, TEWF I AL 2% T, E-mail: mczih@hbu, cn; BB (1988—), B, L4, FEWE T ERHLEET,;
BBEEE (1986—), B, WLt , TEHISEH W s MM (1963 —), B, #i%, M+ 4 B0, TR 7w lass >,

+ 153 -



M2 RS A R A RO BB IS ; Egrioglu S48 ) ¥ 2
TONAUE ST BU AL f b 2 P R A B R B 0T 5 Xing
FRHNETEEBHRHBRA RS MRS RS
BB,

WJLAER S B R R T E T AT BT E T B, A
EYEN TR Aladag £ TET tabu BRINGHHFR
WD s Jeong SRR T TS X BB MR AR B BN
ARG IR A B MR SR T — A PR E R
B u e P s o R SR A S B RS AR
IR R T — R S N A S R,

BYBT BB QT BRI A — A AR R i W 4%, (2
HXT TR A E R T A S B BRI WSS E
B, EILEMBEREENE T RETENEAEE L. &
FTHEEIEH T RERTZAGHEMNE AR —BERE
H, FIA ST & EATIR M S R 4 I0AE 48 T ihie 4t
WM, BN T —METESHREN SRS R 2
P EH i, ZH LM A RARTEER NS EME, B
B MB R EE, RARRGIMEZRRT . LB ERm
UCLEEE MRS R BN A XRBNEERTZEN
.

2 BMEBBEZEMRBENE

BRERE RGNS MAnEHIE 1 R, Eai
WMAE BRESEMmE S, Kb AR % R F
BOHL M R THELRR 3 2 M 3E BB sigmoid B%X ¢( « )
=tanh( « ), BRI BEH

explop)

Elexp(o,)
=

MFHEMINGE T={(z;, ) j=1,2,,n}, K 2
ERdoye{1,2,"‘a6},ﬁfl%§$4’ﬂg#ﬁjﬁj§ C;swl9w29""

S(Ok):

wL‘O
LRV Lo
X; ¥ i
A s s
7]
2
X, y
2 S 2
e 2 Y E L o)
2
g
g
=
N Q N N O\
X AN\ ¥ S\
J L N Lo Vi
(2, [ p(ais)

Bl SRR ENERNENg

ﬁ)\ﬁ%@-:(@l 711'27"'vl'jd)9j=1925""717mgﬁ%ﬁ
BEREE R R

Ujip :Si)ljs w};, ¢D)
Hep,p=1,2.-,m,upb ERF - ERARIRTE M
R

P ki 2 4% 5 AR L R

sn=Suwh =3 Szl @
He,g=1,2,,c,uwf, BABE B HREEIEH ) %
AL,

154 -

ZREBKALEEE S, 153

—explye) 3)
qg\eXp(yjq)

;‘:‘EEP 7k:1s29"'9co

MR A a5 2 TR 42 ) 2% X DI 5 3R R LA 32 S /b
I HENE) BP & B, 38 B R EUE LANF .

E(w)=§31 kZ:I[—ak (x)InpCuy |2 5w) ] 4
HHA,w HEENESE 0 IR B XF Y vy, =4 i,
0(x;)=1,FN oz =0,

432 SRR M & MR T p (a3

= 1T pCuws L s =) ABHE KA.
R w* Bff ECo) B B /IME Y w i, IRAFEH 2, B
BAE) p x|y s BRABRAK RO IE— 211

p(wk‘xj):

A
y(xj)=argkmaxp(wklxj;w*) (5

3 ETHAHBRENSRESENBHMENELEN
prig e :

AT BT R BB X R BT 2 R s 5 4
WRERER B R A R R BRI 2R TR il
BE TE, ZEYI%44E TR DAETZUHEH BP BZikillg—1
MBS KRR RS 2R g, ke TE e —
AR o, B Se N SRIFORER LR A B M 2 M 4 AT I
BRAZHARBRTE -LNRERER pla ) k=1,2,-,
GREEW TR S EHNMESERE 0, T
B o, B EZHPIRE TE - LNEBEE p (w0,
k=1,2,c. ETFXHARREMEHEE—MRERBEELA
U BURE R/ MR SRS AN BRI E, B
B R IR M. BEREE p MBUREE LN .

sp=35 3 [p(arlo)—p (]2 @
He, p=1,2,+,m,

TH 4 EARE R,

Stepl HEIRE T M5 HNEE TR HHE TE;

Step2 ZEVIZRE TR bk AIZET A UMR BP Bkl 4% —
MR BB A AT ML B R E RS m
S

Stepd3 BEELUTHE, AR EBE LHEIE&MS;

Stepd ¥t FWREE TE H ¥ 8 —MREH) 2, FIIZREE N
W2 HITINR, BB plar|2) k=12, ,c;

Steps B—EHBRE R PNE A FEIARE
Bl 2, 188 p (| ) s k=1,2,7 05

Steps  MEEFEDWE NN p, RGO HHEEH
B

Step? 1HE p* =argpmax{s(p)};

Step8 #lER p* FTX IR EIZEE A .

4 XBHER

AT H B REIEEA LB ENARME, o0& 2 M ATE
& 5 A~ UCI B 4™ EdbfT 7585 ,5 4 UCI $iR4E 5
2K Iris (DS1) , ecoli (DS2) . balance (DS3) | breast (DS4) #



heart(DS5) ; B 4~ 3L 3¢ 48 42 43 Al & CT (DS6) Ml RenRu
(DS7). CT BB PR R M TG R 2 M R BE B Y 212 MR AR
CT BB ARHERBE /M, 212 BEREKRPREER CT
BIR 170 18,573 CT W& 42 18, T RR BEPIFIE 35
A~ FoHP 10 DMREFREELE, 9 D OUBRARAE AN HE I 4H L O 2
SAERE 16 NGEHEAE. RenRu ¥ 2 R b K225 6B
B SCsEs AR, i 92 MUFE N7 56 MUFE A M,
BDUTH 26 MFILRER. TRHTANEERENERE
Bk 1 g,

®1 ZRFTHERENESREL

KK HHE BHEE XA
DS1 150 5 3
DSz . 336 8 8
DS3 625 5 3
DS4 277 10 2
DS5 303 14 2
DS6 212 35 2
DS? 148 26 2

SLEG SR A URE R 7 B, T — B4R B 2/3
BEBIWE A YIGRE ,1/3 MR PIVE N RS , LR IR 542
BY A 5 28 P45 (WU BE A (T B AL AT A 22 ) 45 U 08
i 95% .

RATE Fext b T 4% 45 3 B AT S R B A R
o, LR ME 2 FiFl.,

£ 2 MEHWIEEIRIREM R EN

WXWE  DSL DS2 DS3 DS4 DS5 DS6 DS7
0.9000 ©,8125 0.8900 0.6774 0.8020 0.9200 0, 8400
0.9600 0.8482 0.8995 0.7097 0.9307 0.9333 0.8600

Ori_acc
Best_acc

Few, Ori_ace 7R W 45 45 14 3 £ 2 B B0 308 B, T
Best_acc RRGWIEHEZ G AN . MEEWEERE
YA P LB BLAN T 2 B .

100%

® Ori_acc
B Bestacc

DS1 DS2 DS3 DS4 DS5 DS6 NS7

B2 PSR RN SRR EL
LB 45 H S RS B & 245 U B RT LN R 3 73

®3 MBGWERETERE B NETT

maRgEE DSI D2 DS3 D4 DS5 DS6 DS
n 30 35 30 40 35 40 30
best_node_num 17 19 18 19 13 2 5

Hhn Ron PSR SRR 2 AT B & B 45 RS T best
—node_num TR MEEEMEEF KRR Q. MESH
EHEREREES AT RH R mE 3 FR.

BR8HE

DS1 DSz DS3 DS4

B3 MESHEEERTE RE RS AP

NEZWRERFTUUE S, AR CRHBBEENRERYS
AUBZHMEMEHTEEZ G, NENEHE THEK
Rk, R T L4 1/2 BB L F 1/2 WSS TR E
WA T IRIE,

LB, BRATRUE T HER o4 B & 28 A AR5
BABRAEN. X nEBCRFR N HER, MEERRESA R
FRBR, ATMARE TRITEESNAEE, EBRAR K
2 HE W TR ENRARINRAERN. B THERE
EE E, BT THREAE N 9 EX RS2
BB R R BT 2 5 % MRS B M

R TEFRE, BAMLLLAT 3 488 £ (DS1.DS2.DS3)
i, oAt 4 MR X R REM. FMEIRELEE
FEARR Y AT M FEEMERE RS SN EE R E
4 BN, IR o Xt PR I 45 2548 1 W 2 4 19 1R
KB RINE 5 FiR.

B

2 e ¢ —+ DS1(n=30)
v YT e D)
) DS3(=30)

10
5

..........

]
005 01 015 0.2 025 03 035 04 045 05

B4 RFE pEXEEER S R SN R

100%
.,
. R

4% \ RN g N

8% e, . DS

W DSz
82% e —.-DS3
E
76%
70%

005 01 015 02 025 03 035 04 045 05

B 5 R 7 (BN R M4 L5t i 22 R 48 B Bt 42
WG BER

MEBEERT R ), ARE% T HR 9 3P E RS
B4R EE B BRI, (R M i MRS
Ja » AR Y28 TR  3oF 3T ) 4o 22 I 4% 1) 53 208 BE A KK
BRI, 53 R BE IR AR AT — M LB B VSR A

BRATI X P % G 4 4% P o 42 P £ Y11 4 LA B At 7R
B FRBHENHAT T X b, AHEI RS L B E R i 6 PR

S E 7 B
S1 DS2 DS3 DS4 DS5 DS6 Ds7

B 6 2SS REIEAT S R A 2 Bt TR X Ho

B AT A R EA AR E A LIRS
AR T . 8 2 WA RE R AT 2P 4 8 VI g
LA R 454

BRE FUHWRESEABMEMNSE, BEL T
E T4 R BURE BB R, RE R AR VR IR R
BNGHERME, ARBREERREESEANWERE BAE
BRSRZE B, B2 R BUE U &4, RITES
KEX T BIBRTE M A M ERR&RE R R T
B RER BT CPU B[] B ATE K BN 1 T Mg F4E 192

+ 155 -



FER B ERE U R KEE RN, LRERER,
F3CHR B R RAT Z R, R B R AT IR
FRERVNGNENSE, BENMEEWES, RARRNE
fLREST

& % XMW

[1] Kumar S. Neural networkw [ M. Beijing: Tsinghua University
Press, 2006

(2] Bishop C M. Neural networks for pattern recognition [ M]. Ox-
ford: Clarendon Press, 1996

3] Zhané G P. An investigation of neural networks for linear time-
series forecasting [J]. Computers & Operations Research, 2001,
28(12):1183-1202

[47 Zanchettin C, Ludermir T B, Almeida L M. Hybrid training
method for MLP; optimization of architecture and training [J].
IEEE Transactions on Systems, Man, and Cybernetics-Part B;
Cybernetics, 2011,41(4):1097-1109

[5] Yang S H,Chen Y P. An evolutionary constructive and pruning
algorithm for artificial neural networks and its prediction appli-
cations [ J]. Neurocomputing, 2012, 86 140-149

[6] Kwok TY, Yeung D Y. Constructive algorithms for structure
learning in feedforward neural networks for regression problems
{J]. IEEE Transactions on Neural Networks, 1997, 8(3):630-
645

[7] Reed R. Pruning algorithms-a survey [ ] . IEEE Transactions on
Neural Networks, 1993,4(5) ;740-747

[8] Redding N J,Kowalczyk A,Downs T. Constructive higher-order
network that is polynomial time [J7]. Neural Networks, 1993, 6
(7):997-1010

{9] Tsoi A C,Tan S. Recurrent neural networks: A constructive al~
gorithm, and its properties [ J]. Neurocomputing, 1997, 15 (3/
4);309-326

[10] Liu D R,Chang T S,Zhang Y G. A constructive algorithm for
feedforward neural networks with incremental training [ J .
IEEE Transactions on Circuits and Systems [; Fundamental
Theory and Applications, 2002,49(12) ; 1876-1879

[11] Subirats J L,Franco L, Jerez ] M. C-Mantec: A novel construc-

tive neural network algorithm incorporating competition be-
tween neurons [ J ]. Neural Networks,2012,26;130-140

[12] Zhang R,Lan Y, Huang G B, et al. Universal approximation of
extreme learning machine with adaptive growth of hidden nodes
[J]. IEEE Transactions on Neural Networks and Learning Sys-
tems,2012,23(2):365-371

{13] Karnin E D. A simple procedure for pruning back-propagation
trained neural networks [ J7, TEEE Transactioins on Neural Net-
works, 1990,1(2) :239-242

[14] Hagiwara M. A simple and effective method for removal of hid-
den units and weights [J]. Neurocomputing,1994,6:207-218

[15] Castellano G,Fanelli A M, Pelillo M. An Iterative Pruning Algo-
rithm for Feedforward Neural Networks [ J]. IEEE Transac-
tioins on Neural Networks,1997,8(3):519-531

[16] Zeng X Q, Yeung D S. Hidden neuron pruning of multilayer per-
ceptrons using a quantified sensitivity measure [ J]. Neurocom-
puting, 2006,69(7-9) ; 825-837

[17] Egrioglu E, Aladag C H,Gunay S. A new model selection strate-
gy in artificial neural networks [ J]. Applied Mathematics and
Computation, 2008,195(2) ;591-597

(18] Xing H ], Hu B G. Two-Phase Construction of Multilayer Per-
ceptrons Using Information Theory [J]. IEEE Transactioins on
Neural Networks,2009,20(4);715-721

[19] Aladag C H. A new architecture selection method based on tabu
search for artificial neural networks [J]. Expert Systems with
Applications, 2011, 38(4) :3287-3293

[20] Jeong C,Min J H,Kim M S, A tuning method for the architec-
ture of neural network models incorporating GAM and GA as
applied to bankruptey prediction [J]. Expert Systems with Ap-
plications, 2012, 39(3):3650-3658

[21] Xpeg, BY HM ETREREREHZITHN BP BER
B TEHLRNE, 2012, 39(26) :432-436

[22] Shor s, X, B E. 5. WEMERUNERLRGATRYA
0. HHHURE, 2012,39(9) :247-251

[23] Homik K, Stinchcombe M, White H. Multilayer feedforward
networks are universal approximators [ J]. Neural Networks,
1989,2:359-366

(L## 148 7D

[17] Wright J, Yang A, Ganesh A, et al. Robust face recognition via
sparse representation [ J]. IEEE Trans. on PAMI, 2008, 31(2):
210-227

[18] Zheng X,Cai D, He X F,et al. Locality preserving clustering for
image database[ C]// ACM Int. Conf, Multimedia. 2004 : 885-891

[19] Lin Z,Liu R,Su Z. Linearized alternating direction method with
adaptive penalty for low rank representation [C]// NIPS. 2011,
612-620

[20] BRmEi, i, SKERw. — AR TS A ABIBE B RE Y
B [0 EHUR, 2012, 39(5): 172-175

[21] Huang Y,Liu Q S,Zhang S, et al. Image retrieval via probabilis-
tichypergraph ranking [ C] // Int. Conf. Comput. Vis, Pattern
Recog. San Francisco,CA,2010:3376-3383

{227 Zheng M, Bu J,Chen C, et al. Graph Regularized Sparse Coding

+ 156 -

for Image Representation [ J]. IEEE Trans. Image Process,
2011,20(5):1057-7149

[23] Joliffe I Principal Component Analysis [M]. New York: Spring-
er-Verlag, 1986 1580-1584

[24] Chen S, Doncho D, Saunders D. Atomicdecomposition by basis
pursuit [J]. Soc. Ind. Appl. Math. Rev. ,2011,43(1):129-159

[25] Alpert C J,Kahng A B. Recent directions in netlist partitioning
A survey [J]. Integration; The VLSI Journal, 1995,19(1/2):1-
81

[26] Bolla M. Spectra euclidean representations and clustering of hy-
pergraphs []]. Discrete Mathematics, 1993,117(1-3) ;19-39

[27] Zhuang L,Gao H, Lin Z, et al. Non-Negative Low Rank and
Sparse Graph for Semi-Supervised Learning{ C] // Proceedings of
IEEE Conference on CVPR, Providence, RI, 2012:2328-2335



