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Sclve the follcuins systewm of lintar equations
Ax = b

Where the n-by-n wmatnx A is symmetnc (.e. AT =
A) pesitive definite

.. XTAX > 0 for all non-2ero vectors X wn Bn),
and real
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Suppese that (P} is a sequence of n mutually
con _iusa{:e directions.

Then the @ form a basis of &,
Sc W€ Can e)((nmd the solution of
Ax = b

wm this basis:
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GZtep 1: quess X
step L. gradient 1, p
step 3 : by cat

S‘EQP & -
SQEP 5 .
step b :







step 1: queéss x
step .. gradient r, p
S{’.ﬁp 3. by qu

AA O [ | enwikipedia orgiwikiConjugate

BENT > RESRRLES - BICKLHRE | S*"QP h: %, by €q7-
. e step S: r, by eqd

ro = b — Axy Ao ool

Po -=— To

k=

repeat

o I'II'L-
k
pr Apy

Xk+1 = Xg + O Pk
41 i= T — O Apy
if ri.1 is sufficiently small then exit

, Ty 1Tkl
dk — T
I Ty
Pk+1 = Tr+1 + OxPrk
k=k+1

end repeat
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questions

Are all p, conjugate?

Does the algofithm exactly find all p dehined by
eqi-4?

Flow chart?

How to mplement the alsori&\nm by Matlab codes?
Are youf codes correct?

How te extend for solving nonlinear systems?
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ABSTRACT

This study Investigates the use of several variants of conjugate gradient (CG) optimisation and line search

methods 1o accelerate the convergence of an MLP neural network learning two medical signal classification
problems, Much of the previcus work has boen done with 2rtificial peobiems which have Sttie relevance to real
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e, wung momencum and roscaling vanables As-
other category of resemrch has focused oo standard numencal
optimization techniques (¢.g.. [6}-{%])

The mont popular approaches from the second category have
used conjugate pradient of quas Newton (secant) methods.
The quasi-Newton methods are comssdered 8o be more efficent.
but theur sorape and (omgutationsl requements fo o Se
square of the size of the network. There have boen some b
ited memory quasi-Newion (cne siep secant) slgorithens tha
[5.00). If exact lime searches are wsed, the one sicp secamt

ral networks is a sum of squares of other nonlmcsr funcions.
The minimization of obyective functioms of ths type is called

Beve-layer serwork of Fig. |
The et impet 50 anit & in layer k + 1

.
W = Y et s 4.
1

The cutpet of enit ¢ will be
.DOI(.) - rcl(..ol('”_
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