ISSN 2278-3091

Volume 8, No.5, September - October 2019

International Journal of Advanced Trends in Computer Science and Engineering

Available Online at http://www.warse.org/IJAT CSE/static/pdf/file/ijatcse80852019.pdf
https://doi.org/10.30534/ijatcse/2019/80852019

On Modification of Preconditioning Conjugate Gradient Method with Self-
Scaling Quasi-Newton

Salah Ghaze Shareef'' Hasan Hazim Jameel?
'Department of Mathematics, Zakho University, Duhok, Kurdistan region-Iraq,
Salah.gazi2014@gmail.com
Department of Mathematics, Duhok University, Duhok, Kurdistan region- Irag,

Hasan.hazim@uod.ac

ABSTRACT

In this paper, a new class of self-scaling Quasi-
Newton method updates for solving unconstrained
non-linear optimization problem is investigated. The
general strategy of self-scaling quasi newton is to
scale hessian approximation matrix before it is
updated at each iteration. This is to shun huge
differences in the eigenvalues of the approximated
Hessian of the objective function. The methods are
convenient for large scale problems because the
amount of storage required by the algorithms can be
controlled by user. In comparison to standard serial
Quasi-Newton methods, the suggested parallel self-
scaling quasi newton algorithms show noticeable
improvement in the total number of iterations and
function/gradient evaluations needed for solving a
broad extent of test problems.

Key words: Self-Scaling, PCG, SR1 method, quasi-
Newton method, optimization.

1. INTRODUCTION
This study is launched into analyzing self-scaling

SR1 method for solving the unconstrained
minimization problem.
min{f (x):x € R"}, (@)

where f is a smooth function of n variables. At each
j™ , the iteration of the self-scaling method, a
symmetric and positive definite matrix H; is given for
the search direction to be computed by:

d; = H;g;, 2

where g; is the gradient evaluated at the current
iterate x;. One then computes the next iterate by

Xiv1 = X; +6;d;, 3

Where §; is the step length and which obtained by
Wolfe line search

f(x; + 8;d;) — f(x;) < 0,8;9d;
g(x; + 8;d;)d; = 0,9]d;

(4)
®)
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Where 0 <o, <o, <lwhich known as weak
Wolfe condition [6,7]. Several self-scalings have
been propounded by some scholars like Oren [9] who
put forward some useful insights. With a self-scaling
parameter Kk, this class of updates can be written as

H..= H,_Mq.d, yTH:y; 1717T>w.
Jjt1 ( J ijijj ( 77 1) 171 J
sTs;
+J1 (6)
S/ Sj
Where
Sj = Xj T X, Y= Vf(x]-+1) - Vf(x]-),Ho =1,
g; = Vf(x]-)
o — S Hjyj
=L 4+ X1
YTy Ty,

Oren and Luenberger [8] suggest utilizing the self-
adjusting values for the parameter

55 4 (1—my-L
& Hyyj yj Hyy)
And usually the value t = 0 is recommended for the
update in the convex class.
To enhance the performance of Qusai- Newton
update, Biggs proposes to opt Hj,; to meet the
following modified equationH;,,y; =t;s; where
t; >0 is a scaling parameter[2]. He showed that a
modified BFGS could be derived as follows:
Hivn) =
H, + HiYiSiTT’fSiYiTHi

S]- y]-
T T

1, 9j Hij) Sj Sj

| = 7
(Ti sfvi /sivi ")

1 6

Where t; = i (f(x;) = f(Xj41) + 57 9j41) — 2

Also, Yang, Xu and Gao [10] made slight
amendments for self-scaling symmetric rank one

update with Davidon's optimal condition [3]
(SHSR1) as follows:-

(si0159)(si9y19)
Hisr = pjH) + = )

ACR)
Where P, is scaling factor,



1+0; T
y= (S,T_y;) Y6 = 6(f1' - fj+1) + 3(gj + g,-+1) s; and
f; = (x;).

2. SYMMETRIC RANK ONE MODIFICATION

Many approaches have been propounded to better the
quasi-Newton Hessian approximation updates. In this
section, we outline some recent suggested updates
attained by modifying the vector y;. Modifying y;was
originally suggested by Powell who proposed a
BFGS method for constrained optimization with
y=y; +(1—‘9)(6ij _J/j) )
where 0 < 6 <1, (see Al-Baali [4]).

In a bid to use the Hessian matrix in H; and Andrei
[5] suggested a nonlinear conjugate gradient
algorithm in which the Hessian/vector product
f(X;41)v; is approximated by finite differences:

y=y+@-0)(2-y) (10)

Where o = 2Vem(1+[wj44l)
[Is;lI

used for accuracy which is the smallest positive less

thanl.

So, HIeY =H, +

, and €, is error machine

(sj—Hj9)(s;-H;m)T
¥ (5=HY) (1
3. DERIVATION OF NEW SELF-SCALING
QUASI-NEWTON METHOD SR1

In this section, we study the algorithm of PCG with
new self- scaling Quasi-Newton methods SR1. The
objective is to modify the performance of QN update,
by selecting H;\'}" to satisfy Quasi-Newton condition:

Consider
diy1 = —Hj10541

df,; = —9{\1H;+1 multiplying both sides from right
by y; we get
djT+17] = _ng+1Hj+17]
(12) and (13) we get
djT+17] = _ng+1“)ij
djT+1Yj (1 +(1-9) (é - 1)) = _ng+1“)Sj
It is defined t scalar as below (see [Al-Assady [1] )
djT+1Yj = _ngT+1Sj

s}ry]-
25 gj—6(fj41—f)
_ngT+1Sj (1 +(1-9) (é - 1)) = _ng+1Sj“)
60=T(1+(1—9)(§—1)) where 0<6 <1, o is

defined in (10).
Then, the new algorithm becomes as follows

(13) From

where t =
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_ (sj—©H,)(s—oH;5;)"
H. =H. +

LS oy, (5—0H;7)
0 (14)
And the search direction of New algorithms is given
by:

Ay

, where o >

_ ViHj 41841
= —Hj;10j41 + 45, d; (15)
j

So, Hj41Y; = ws; is QN condition where 0 < 6 < 1.

3.1 The Outlines of PCG-Method with New1.

Step 1. Let x, be initial point as well as identity
nxn symmetric positive definite matrix H, , € >0,
j=0.

Step 2. Compute d; = —H;g; where g; = Vf(x; ).
Step 3. Calculate §; to minimizef(x; + §;d;).
Step 4. Find new point of X;.; = X; + §;d
Yi = 9j+1 —Gj -

Step5 Evaluate gy, = Vf(X;y,), if ||Vf(x;,,)|| <e
then x* = x;,,and stop.

Else find s; from s; = X;,; — X; go to step5.

Step 5 Evaluate H;, ; by using (14).

Step 6 Evaluate d;., from (15).

Step 7 setj = j+ 1 go to step 2.

and

Theorem 1. If the new algorithm New is applied to

the quadratic with Hessian matrix

G =G"then H;;,¥; = 0s;,j=0.

Proof. Multiplying both sides of (14) by y; from

right, we have

Hi Y =

(5~ H;¥j)(0si—H;y) T
¥ (osi-Hyz) )

is clear that (ws; — H;%;)Ty; and ¥;"(ws; — H;y;)

are scalars

Hjy; +

(16) It

So

(08 = H¥) 7Y (0 5 — H;¥,) @an
Therefore

H;1y; = H;y; + ws; — H;y;, (18)

Hi 1y, = ws;m

Theorem 2. If H; is a positive definite, then the
matrix H;,, generated by the new algorithm is also
positive definite.

Proof. Multiplying both sides of (14) by y; from right

and by y;" left, we have

Y Hjna¥y =
_T — —\T—
Ty — . ) (osj—Hjyj)(es;-H;jy;) 'y,
H.y, + 19
v, Hy, e - (19)
So

¥ Hjs1Y, = 03]y (20)
By substituting (10) in (20) we get

Y, Hja¥, =



osT[(; + (1 —0) (Z—y)1 >0
=osly;[1+ @ -0) (3= 1)]

Suppose that k = [1 +(1-0) (i - 1)]
Ifk >0anditis clear thato > 0

Since s; = §;d;, d; = —H;Vf(x;)

sty; =sf (Vf(xjH) - Vf(xj))
= sVf(X;j41) — ST VE(x;) ]
= §;dVf(X;4,) + &;VF(x;) H;Vf(x))
By using Wolfe condition (5)[6,7].
STy, = 80 dTV(x,) + 8, VH(x;) HVf(x))
where0 < g, <1
Since 0 < 0; < 1, and H; is positive definite
and hence
sjy; >0,
Sy [1+@-0(2-1)]> o0
If k < 0. Since
5Y; > 57 V()
and

—s79H(x,) = — (~5,71(x)) "Hvr(x)

T
= §;Vf(x;) H;Vf(x)
Therefore
os'y; > 0.
¥, Hj41Y, > Om.

4. NUMERICAL RESULTS

This section is devoted to testing the implementation
of the modified methods. Modified method is
compared to the standard SR1. The results given in
Table 1 specifically quote the NOI and NOF. The
results in Table 1 illustrate that the modified SSSR1
method is superior to standard (SR1) method with
respect to NOI and NOF.

Table 1: The comparison between modified and
standard PCG Algorithm

Test Standard PCG New SSSR1
Function | N NOI NOF NO | NOF
|
4 36 253 23 117
100 43 331 26 153
G-Central | 500 60 496 34 236
1000 66 554 42 324
5000 72 616 47 391
4 34 329 32 143
100 47 182999 | 40 183
Miele 500 53 183098 | 40 183
1000 53 183098 | 47 219
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5000 65 189123 | 45 209
4 31 90 30 87
100 32 94 31 85
Rosen 500 33 98 31 85
1000 37 115 34 92
5000 37 120 37 99
4 15 48 14 40
100 16 66 14 41
Cubic 500 16 51 16 47
1000 16 55 16 47
5000 16 50 16 46
4 50 105 29 88
100 72 228 21 61
G-Powell | 500 71 231 15 35
1000 65 214 24 79
5000 71 248 26 82
4 3 11 3 11
100 14 83 14 81
Sum 500 21 119 21 120
1000 23 123 21 111
5000 38 176 27 124
Total 1206 743222 | 816 | 3619

Table 2: The rate of improvement between modified
algorithm and Standard PCG.

Tools | Standard PCG SSSR1
NOI 100% 67.6616
NOF 100% 0.4869

The above table illustrates the rate of improvement in
the modified algorithm self-scaling symmetric rank
one with standard algorithm symmetric ran one. The
numerical results of the new algorithm are better than
the standard algorithm. As noted, the number of
iterations and the number of functions of the standard
algorithm are about 100%. That means that the new
algorithm has improved as compared to standard
algorithm with 32.3384 % in NOI and 99.5311%
when 0 € (0,1).

1500
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0 A T 1
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Figure 1: Comparison between standard PCG and
the New algorithm according to NOI
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5. CONCLUSION Jiaotong University, 2005, 100-103.

This work, propounded a modification of self-scaling
PCG (symmetric rank one) by using gradient-
difference vector. The quasi-newton condition and
positive definite have been proved. In addition to
what is listed above of findings, the outcomes of a
modified method self-scaling symmetric rank one are
more superior and effective than the standard SR1.
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