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ABSTRACT

Two new hybrid algorithms have been suggested in this paper, the
first one utilizes four formula of self-scaling update matrix was used. The
matrix is selected according to Buckley method in each step. The new
algorithm has been compared with BFGS standard algorithm by means of
(10) multi-dimensional standard functions.

As for the second new hybrid algorithm, a new method is used to
test the conjugate coefficient (B) which consists of Hestenes Stiefel (HS)
and Dai and yuan (DY). Then it is compared with BFGS and PCG
algorithms, which uses BFGS update, by means of (10) multi-dimesional
standard functions.

Numerical results in general indicates the efficiency of the
algorithms proposed in this paper by using this number of non-linear
functions in this domain.

Keywords: Large Scale Optimization, Quasi-Newton Algorithms, self-
scaling update matrix.
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Appendix Galdl .8

1. Generalized Powell Function
n/4

F(X)= Z[(qu-s -10 X4i.5)" +5(ki1 - Xa)* + (K2 =2 X4i.0)* +10 (Kyig - %4)*]
i-2

X,=(3,-1,0,1,...)"

2. Generalized Cube Function
F(X) =100 (X, - X3)? + (1- x,)?

X, =(-1.2,1)7

3. Generalized Shallow Function
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n/2

F(X) IZ(XEH - X2i)2 +(1- X2i—1)2
i=2

Xo=(-2,..)7

4. Nondiagonal Variant of Rosenbrock Function
n/2

FO) = Y [1000x; - x}) + (1-x)*]
i=2

Xo=(-1,..)7

5. Generalized Cantrel Function
n/4

FX) = Z[(eXp(Xm-s) —Xgi.a)* +100(X4i_5 - X41)° + @rctan(X iy - Xg))* + Xy _g]
i1
X,=(1,2,2,2,..)"

6. Generalized Miele Function
n/4

F(x) = Z[eXp(Xm-a - X4i—1)2 +100(X 4. - X4i-1)6 +(tan(Xgi4 - X4 ))4 + XEH + (Xgi —1)2]
i-1

X,=(1,2,2,2,..)"

7. Generalized Wood Function
n/4

FO) = Y [100(x41.2 = XGi.5)% + (1- X4i0)” +90(Xg; - X5i)* + (L= XGi_y)? +10.1]
i=2

X, =(-3,-1,-3,-1,..)"

8. Generalized Dixon Function

F0 =310 %) + (1,2 + D6 -x,)?]

i=1 i=1
Xo=(-1,...)"
9. Generalized Rosenbrock Function
n/2
FOJ = Y 100(x5 = X5.1)% + (1= X51.0)?
i=2

Xo=(-1,2,1,...)7

10. Beale Function
F(X) = (15— x; (1—X3)) + (2.25— X (1— x3))? +(2.625— x, (1 x3))?

X, =(0,0)"
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