CORNET I O B o% X @ K F ¥ Ok Vol. 41 No3
2007 4E 3 H JOURNAL OF XI'AN JIAOTONG UNIVERSITY Mar. 2007

HEMB R EFEMRE

RN, SRR, AkAE!

(L. VU252 58 K71 W BEAE K bR WF ST T, 710049, PG425 2. 522 Tl KA HLHL 24 B% . 710032, P§24)
HBE. EoWARAYZWEERMETEGER L RET —FHWZERNE T EERBEX, £ RT R
R W 2099 Zhfm W 4 LA E R RACLE B — A5 3] i A2 347, & A0 B3 & B oz ik
B B 6. SIA A ZE ML EREXANL, ERMEBEITEE B A, CEANMRML E RN RS %#
ERNBE=A— FEMNEZRGEERLET AR ARG EREM AL RIET R ML
L 23 A M IAME 84518 69 J5 4 — SOk, A B iE 32 88 X o A ZOPE BARALPE , KR 4 AP AL 6 o
£ RS A 2 W 48 %A E R AEX 5 CNNE, Bagging ., Boosting 5 ILA 49 & s AL X £ 2 L4k b
HAT TR EREANAZ ML ERBERXENXKIEE LGEEREKT 8%~16%.

KPR AVZEMLER: REERBER G E ZHERR
hESEES. TPIS Ci#kERIRAE:. A LEHS. 0253-987X(2007)03-0295-04

Compact Ensemble Model of Neural Networks

Wang Qinghua'?, Zhang Youyun', Zhu Yongsheng'
(1. Theory of Lubrication and Bearing Institute, Xi'an Jiaotong University, Xi'an 710049, China;

2. School of Mechatronic Engineering, Xi'an Technological University, Xi’an 710032, China)

Abstract; Analyzing the construction process of the existing neural network ensembles, a novel
compact ensemble model of neural networks is proposed. Training members in an ensemble and
optimizing the combination weights for members are carried out simultaneously in the same learn-
ing process, and all parameters are adjusted to improve the generalization ability of the ensemble.
In comparison with other existing ensemble model, the ensemble construction process is more
compact by integrating the two stages into one, and the communication among neural networks is
based on the real-time and dynamic structure of an ensemble so that the information conveyed be-
tween integration and training always keeps coincident. To validate the validity and advantage of
this ensemble model, four well known classification problems are considered to compare the gen-
eralization error of compact ensemble with the generalization error of CNNE, Bagging, Boosting
and other existing neural network ensemble model. The experimental results show that the error
rate on testing sets can be decreased with compact ensemble model by 8% to 16 %.
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