= 03-28-10C-10 St EA418kE =1 4] '03-10 Vol.28 No.10C
O = hd s
S 25 Al2F Backpropagation ¢xEls
HF L, D Ft, T A
Adaptive Error Constrained Backpropagation Algorithm
Soo-Yong Choi*, Kyun-Byoung Ko**, Dae-Sik Hong** Regular Members

£ %

Multilayer perceptrons (MLPs)E $J3F dubziel BP dar2l&9] s %2 /fAdslr] st ks zZ+= 3
3} 7] Akt o]& backpropagation (BP) U)ol A48tk WA AL Ak 2= LMS (noise
constrained least mean square : NCLMS) &wz]Z&3} od#ke- Ao} LMS (ZNCLMS) ¢we]Z% BP ¢ye|Sd
ZH43kc) o]zt dwBEES vhd 22 vHES visA e g dle] daE|Ee] olfel W Aok zherh
NCLMS dw2]&S o84 NCBP dxe|&s AEg A4 AHEE 43 Qlvkw 71l &gk ZNCLMS ¢ae]
Z-& o]83 ZNCBP dve|&e Ah29] A& 022 7MY, & #A8-S T8l g8 Al 2 =Roe
517}%] (augmented) Lagrangian multiplierE ©]-8-8}od, v]-&3g4(cost function)E ¥1&3glch o]& Esjod 2hed] of
3t 714-& |78l ZNCBP2} NCBP 9ire|&-2- &4}, ulslslo] 22 2% Aok BP(adaptive error constrained
BP : AECBP) &we|&S %, Aokl AlRRE di2lEEe] 4 &%= dubdel BP daei&Ro < 30
AT el S S2E vehlgled, oubEel A3 gejel Aol e p3Le s Jehlgick

2

8

ABSTRACT

In order to accelerate the convergence speed of the conventional BP algorithm, constrained optimization
techniques are applied to the BP algorithm. First, the noise-constrained least mean square algorithm and the zero
noise-constrained LMS algorithm are applied (designated the NCBP and ZNCBP algorithms, respectively). These
methods involve an important assumption: the filter or the receiver in the NCBP algorithm must know the noise
variance. By means of extension and generalization of these algorithms, the authors derive an adaptive
error-constrained BP algorithm, in which the error variance is estimated. This is achieved by modifying the error
function of the conventional BP algorithm using Lagrangian multipliers. The convergence speeds of the proposed
algorithms are 20 to 30 times faster than those of the conventional BP algorithm, and are faster than or almost

the same as that achieved with a conventional linear adaptive filter using an LMS algorithm.
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