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Abstract — In this research we estimation a new hybrid conjugate gradient algo-
rithm, whom is convex combination of the Liu-Story algorithm and Dixon algorithm,
the descent property and global convergence are establish for the new suggested me-
thod. Numerical comparisons show that the present method often behaves better than

Liu-Storey and Dixon methods.
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1 Introduction
Estimation the non-linear unconstrained optimization problem

min{f(x):xeR"} (1)
where f:R"™ =R is continuously differentiable function and bounded from below.

There are many different methods for solving the problem (1) see [7], [9], [11] and [14].
We are attentive in conjugate gradient (CG) methods, which have low memory require-
ments and strong local and global convergence properties [1], [12]. For solving the prob-

lem (1), we estimation the CG method, which starts from an initial point X, € R" and

generates a sequence {x, } < R" as follows:
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Xy = X, +,d, (2)

where «, >0is a step size, recipient from the line search, and directions d, are given

[16], [1] by, d, =-g, and
dk+1 = =01 + BiSk (3)
In the equation (3) g, = Vf(x,), S, =X, —X.and g, is the conjugate gradient parame-

ter. The standard Wolfe line search conditions are repeatedly used in the conjugate gra-
dient methods, these conditions are given by [17]

f(x, +a,d,)< f(x)+pa,0.d, (4)

Ol 20 g d, (5)
where d, is descent directionie g,;d, <0 and 0< p <o <1. Strong Wolfe conditions
contain of (4) and the next stronger version of (5)

‘g;udk‘é_o'g;dk (6)

Various choices of the scalar ,Bk exist which give different performance on non- qua-
dratic functions, yet they are equivalent for quadratic functions. In order to select the pa-
rameter ,Bk for the method in current paper, we mention the following choices:

ﬂFR _ gL—l gk+1 DY — g-ll<—+1 gk+1 DX _ _g-kr+1 gk+1
gggk dIYk gldk
O Vi r Ora Vi s OeaYe

pe =Sk k BT === B =
dey, 9y 9, -9y d,

Where Y, =0, .,;—0, . Balance that these algorithms can be classified as algorithms
with g,., d,., in the numerator of £, and algorithms with g, Y, in the numerator of
parameter 3, . The first CG algorithm with 8™ (FR) for nonlinear function introduced
by [8]. A°Y (DY) method proposed by [4] and B° (DX) conjugate gradient method

suggested by [5]. With @,,, 0,. in the numerator of /3, having strong convergence

theory but all these methods are susceptible to strays. They begin to pick small steps
without making any marked progress to the minimum [9]. On the other hand the B™

(HSCG) suggested by [10], 8™ (PR) developed by [15] and B“° (LS) derived by [13]
methods with @, VY, in the numerator of parameter [3, , have a built in restart feature
that addresses the strays phenomenon. When the step S, =X, , —X, is small, the factor

Y| in the numerator of ﬂk tends to zero. Therefore ﬂk becomes small and the new di-

rection dk+1 in (3) is essentially steepest descent (SD) direction. With other words HS,
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PR and LS methods automatically adjust ,Bk to avoid strays and their performances are

better than the performance of method with g,,; g,,, in the numerator of /3, [1].

2 New hybrid conjugate gradient algorithm (NK1- say)

The conjugate gradient algorithms with g .g, ., in the numerator of S, having strong
convergence theory, but all these methods are susceptible to strays On the other hand the
methods with ¢, ..y, in numerator of parameter /3, performance better than perfor-

mance of methods with ngngin the numerator of ﬂk [9]. In this paper, we suggest a
new hybrid ﬂkNKl conjugate gradient algorithm for unconstrained optimization, which is

convex combination of 8 (Dixon) and f;° ( Liu-Storey) as follows:

Let AN =y B2 +(1-y) B ()
Where y € R is scalar, then
Qe =G + B¢ S (8)
To fined the value of, y we use the pure conjugacy condition i. e
Y Gy =0 ©)
Therefore

NK1,,T

yldku :_Yng+1+ﬂk Y S =0

- y: Ot (VﬂkLs +(1- 7)/3ka )yI s, =0

T T
WG+ LR @) 2y, —0

k Ik k Ik
with simple algebra we get

y = 9000V 0 * GaicsSi Vo (10)
Sk Y99

We restrict y by 0<y <1, for y <0 or y>1, we set y =1. In the following we sum-
marize our new suggested (NK1) algorithm as follows:

Algorithm NK1-CG
Step 1. Select an arbitrary x, € R", compute f(x;) and g,. Set

d, =g, and setthe initial guess o, =1/|g,|, and k=1.
Step 2. Fined «, >0 which satisfies the Wolfe line search condition
(4) and (5) or strong condition (4) and (5) and
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update the variables x,,, = x, +,d,.
Step 3. If ||g,.,| <107, then stop, balance evaluate g,;" from (7)

where ydefined in (10) and calculate d,,, according to

NK1

dea =—0Owa tBc Sk (11)
Step 4. Increase k by one and go to Step 2.

3 Global convergence analysis
In order to derive the global convergence to the NK1 conjugate gradient algorithm we
use the following assumptions.
Assumption 1
(i): The level set Q ={x e R": f(x) < f(x,)} isbounded, where X is the
starting point.
(ii): In some neighborhood N of €, f is continuously differentiable,
and it is gradient is Lipschitz continuous:
la)-ay)|<Lx-y] VxyeN (12)
under assumption (i) and (ii) it is clear that
IX|< x and [VE(x)|<® ¥ xeR"

where y and @ are scalars.

First we prove that our suggested algorithm (NK1) generates descent search directions in
the following theorem.
Theorem 3.1 Suppose that assumption_1 holds. Let the sequence {x,} be generated by

X, = X +a.d, where d, defined in equation(3), kall and y are computed from equa-

tions (7) and (10), if «, satisfies Wolfe conditions or strong Wolfe conditions, then

g,d, <— ||gk ||2f0r all kK >1, where ¢ >0.
Proof : The result can be establish by induction. When k=1 we have

9;d, =97 g; <= [g,[
Let g,d, <—|g,]||- To prove the conclusion for k+1, note that from strong Wolfe condi-
tion we have
Gy

¢ d,

—0 =< < O . From equations (3), (7) and (10) we have
2
dng K+l = _”g k+l|| +{7/ﬂk|_il +1-7) kDJi(l }SI Oy
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T e e ST

||gk+1|| +{- 7/Yk 9. — (- 7)gk+1gk+1} (k:ﬁl%kﬂ
S_||gk+1||2 +{-7 y-lk-gk+1_(1_7/) g-|[+19k+1}ako-
:_||gk+1||2 +{_7 gIT<+19k+1+7/ gT(+1gk _gl+1gk+1+7/ gl+lgk+l}ako-
__||gk+1||2 {7 910k — e a0t 0

since 919y <Jy.10,., therefore, we have
d;—+lgk+l ||gk+l|| +{7/||gk+l|| _||gk+1||2}o-ak
_||gk+1||2 + Yoo, ||gk+1||2 —oQy ||gk+l||2

=—({1-yoa, +Gak)||gk+1||2
=c[g.l
Where 0 <C = (1-yoa, +0a, ) <1.

Theorem 3.2 [9] Consider any iterative method of the form (3) and (7), where d, satis-

fies a descent condition or sufficient descent condition, and ¢, satisfies strong Wolfe
conditions, if the assumption 1 holds, then either

liminf g, =0 Z”g“”

I

In the following theorem we prove that our algorithm (NK1) is globally convergent
Theorem 3.3 Consider the iterative method (11). Let all conditions of Theorem 3.2 hold.

Then liminf|g,[=0
kK —o0
Proof : Assume, on the contrary, that the method is not convergent i. e there exists a real
number C,>0 such that ||gk || >, forall K. From (11) we get
NK1 LS DX
doy =-0at{r B +Q-7) B } s,
= 0 tV9a"7%aty ﬂkLSsk +(1-7) ﬁfx
== 79aty ﬂLSS +(1-7)0 .+ A=) ,BkDX
_7/dk+1+(1 7)dk+1
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Therefore
Jou] < o+ e o
Furthermore
s < owal+|A Isil
From assumption_1, |gk+1 = @ and by descent we have
1 1
—a'd. > <
outu zefocl wen Zorgm o]
Therefore
Yillgwa]  Llse] LD
[%S ykgkﬂ__ykgkﬂ<<” k < - —_— 14
P e el e T .
where D is a diameter of the level set €2. Similarly
‘ﬂDXL:glﬂgkﬂ<<glﬂgkﬂ ”ng” < (15)

dege  cfad]  cllod]
From (13), (14) and (15) we have

NK1 DX
Hdk+l ‘< Hdk+1 +Hdk+l
LD oD
= 20+—+—

C C

L +w)D

_ 20 \LX@)D

C
But, now we can get
4
”gk+J| C

Hd NKlH 260 (L +@)D -

||gk+l||

where from Z Hd NK1 ‘ - which is contradiction with Theorem 3.2.

k +1

4 Numerical results and comparisons

In this section we shall report numerical performance of FORTRAN implementation of
our new NK1 conjugate gradient algorithm on a set of unconstrained optimization test
problems pick from [2] and [3] . We choose (70) large scale test problems in extended or
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generalized form, for each function we have believe numerical experiments with the

number of variables n=100, ...,1000. We have compared the performance of these algo-
rithms versus to the Dixon method( 3™ )and Liu-Storey(S" ) method. All these algo-

rithms are perform with the standard Wolfe line search conditions with o =0.0001 and

o =0.9where the initial step size o, =1/Hgluand initial guess for other iterations i.e.
k>1); o, =, (|d,||/]|d.[)-
In the all cases the stopping criteria is the|g, |, < 10° and the maximum number of ite-

ration is 1000. The codes are written in double precision FORTRAN (2000) and compiled
with F77 default compiler settings. This code originally written by Andrei and modified
by us. Our comparisons includes the following:

1- iter: the number of iteration

2- fg : number of function and gradient evoluations

3- CPU time
Figs. 1, 2 and 3 shows performance of these methods for solving 70 unconstrained opti-
mization test problems, relative to the iterations (iter), function—gradient evaluations (fg)
and CPU time, which are evaluated using the profile of Dolan and More [6]. That is, for
each method, we plot the fraction p of problems for which the method is within a factor t

of the best (iter) or (fg) or CPU time.
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Figure 1. Performance based on iteration.
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The left side of the figure gives the percentage of the test problems for which a method is
the fastest, the right side gives the percentage of the test problems that are successfully
solved by each of the methods. The top curve is the method that solved the most problems
in a (iter, fg, time) that was within a factor t of the best (iter, fg, time).
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Figure 3. Performance based on time.
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