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1. Introduction

Davidon [7] was the first to propose using conic models for optimization. Sorensen [6] soon
after developed an algorithm for updating collinear scalings, the superlinear rate of
convergence he was able to achieve. There is a strong connection between this work and those
by Grandinetti [16] and Ariyawansa [15]. A solution to the issue of developing algorithms that
minimise a conic objective function in a finite number of steps was then addressed . Gourgeon
and Nocedal [13], and others considered this problem and developed conjugate gradient
analogues to solve it.

We describe a few basic properties of conic functions in constrained optimization problems
and how they are defined.

min Q(x) .. (1)
s.t

ei<0 fori=1,2,...... .p

ci=0 forj=1,2,...... ,m

Q : R —» R Smooth function e: is inequality constrained and c; equality constrained [14].

As mentioned in the previous research [1], it is possible to construct an unconstrained objective
function as follows

®(x,0) = Q(x) + gE(x) .. (2
Where u — 0 and [7] defines E (x):
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E(x) =2m ... (3)

=1 ¢)(x)

we derivative the functions we get :
Vo (x,0) = VQ() + o ¥ (—)Ve () .. (5)
L N

Now we'll look at the second half, which is an unconstrained optimization method that will
help us apprehend in problem (2), where ®: R — R a continuous real-valued and accessible
derivation function. It's an iterative process.[1]

we will write any xo € R® asx = xo + s . The conic function is defined in light of this
vantage position.

— — T
00) =@ \+9) =0, 4 s 41 s ®)
—als)
1—als
We can consider that g(xk+1) = VO (xk+1, Ok+1) (7)

Such that ¢,a € R® and A is an n X n a matrix with a positive definiteness and symmetry.
The horizon vector is called a and the domain of Q is called D, i.e., D = {x: 1 — a”s # 0}.

Since the term s/(1 — a”s) it is evident that by letting it appear in the second term on the right-
hand side of (6), and twice in the third term

S

W= 1—als (8)

the conic function becomes a quadratic in the variable w,

Qx) =& +s)=0Q +47 1 7 (9)
0 0 oWt oW Aw = h(w)

We can say that s by using the term :

§s=— (10)

" 1+adTw

To simplify the formulas we define

y(x) =1—als =

1+aTw (11)

sothatw = s/y. Wecall H = {x: 1 — aTs = 0} It'simportant to remember that if y(x)y(y) <
0, then x and y are on opposite sides of H the single hyperplane, and vice versa. We'll need to
figure out how to relate the derivative of Q to the derivative of h. Since

w
1+aTw

Q(x) =Q(xo+s)=Q (xo + ) = h(w) (12)

it follows from the chain rule that
h(w) = y(x)(I — as)g(x) (13)

so that gradient of Q is denoted by ¢ [18]. As an example function for minimizing, the conic
(7) is most beneficial if it has only one minimizer. The conditions [13] guarantee this.

A>0and aTA g, # 1 (14)
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It will be called a normal conic function if it holds. With Broyden [10], Fletcher [11], Goldfarb

(12) and Shanno (13), we have a well-known quasi-Newtonian BFGS approach. The BFGS

approach is quick and efficient, and it is now utilised to solve unconstrained and constrained

optimization problems in a variety of optimization tools. For small and medium-sized

unconstrained optimization problems, the BFGS approach proven to be one of the most

efficient quasi-Newton methods. Dennis and Moré [20, 1] provided an outstanding exposition

of the theoretical features of this method's characteristics and convergence. where
approximation to the hessian of function positive definite and symmetric

So, the search for BFGS direction is achieved as a solution of the linear algebraic system.
dk = _B_lk Ik (15)

Where g, is the gradient . In (14) the matrix Bx is the BFGS approximation to the Hessian
V2Q(xx) of Q at xk, being updated by the classical formula:

T T
BeiP g vk, (16)
skBksk y,fsk

Bi+1 = Br —

k =0,1,.., where sk = xi+1 — xr andyx = g, ., — g, An important property of the BFGS

updating formula (16), which we call standardBFGS, is that Bk+1 inherits the positive
definiteness of B if yZSk > 0. The condition y]:Sk > 0 holds

The Line searches are frequently use to ensure the global convergence of nonlinear constrained
optimization . The so-called strong Wolfe line search is use here, in which the step length ax
in (6) is determined in such a way that [23,22]

Qr+1 — Qk < Sakg] dk a7)
lg"  dik| < —ogldk (18)
k+1 k
where the positive constants ¢ and 6 satisfy 0 < ¢ < § < 1. We note that the condition y"sx >
0 is also guaranteed to hold if the stepsize ax is determined by the exact line search:

min{Q (xr + adk), @ > 0}. Since B is positive definite, the search direction di generated by
(15) is a descent direction of Q at xx, no matter whether the Hessian is positive definite or not.

Then we'll go through the next two qualities, which will be crucial in our subsequent study. If
dr holds for each search direction, we say the descent condition holds.

71dk <0 Vk>0 (19)
adding, the sufficient descent condition holds if 3 ¢ > 0 constant so all direction dj, obtain
gidi < —c|lgi||* forall k > 0. (20)

2.  The Generalization conic model

We have derived a general formula for the conic model, where we expanded the conic model
and expanded the space to degree n, and this reduces the cutting error, which makes us obtain
more accurate results. This model has several cases where for the time being, we assume that
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f is sufficiently smooth. We were able to identify a unique scalar for &. using the n-order Taylor
expansion for the objective conic function around the iterate:

The general form of the conic model is:

Qk+1 Q)+ JES——I— 1 sTGs lsT(Cs)s 1 sT(F(s)s)s lsT((U(s)s)s)s
(1—aTs) 2!(1—aTs)2 ~ 31(1—aTs)3 4! (1—-als)* 5! (1-als)s
...... b sTomhs (21)

(n—1)! (1—aTs)n-1

Where s = xpyq — x, Tpe1 € RPN Y, € RPN and [, € R™MXnxn - gro
symmetric and

n
ST(Ck+ S)S — Z aSQ(Xk+1) Si SjSl

1 N dxt dx/ Ox!
ijl=1
" 4
ST((Fk+1S)S)S = 2] 6 Q_(xk+1) sisistsm
N dxt 0x/ dx! dxm
ijlm=1
> 5Q (k1)
sT (((Uk+1s)s)s)s = > 0°Q(Xre+1 i giglgmgn

Oxt dx/ 0x! Ox™ Oxn
ijlmn=1

Now determined the derivative of eq . (21) then multiplying with s we get :

STg STg sTGs i sT(C(s)s )s i sT(F(s)s)s 1_sTU(s)SSSS N
k+1= k + (1-aTs) = 2! (1—aTs)2 31 (1-aTs)3 = 4 (1-aTs) = ™ (22)

next mathematical operations and abbreviations we get:

sTGs = (1 — aTS)STg — (1 — aTS)STg _isT(Cs)ss _lsT(F(s)sss)s (23)
k+1 k21 (1-aTs) 3! (1—aTs)?
1 sT(Cs)s _ 1

sTF(s)s)s +

sTGs =2(1—a’s)2(Q  —Q )—2(1—a’s)g"s—_
k+1 k K 3(1—daTs) 12(1—aTs)2

(24)
Now by Multiply 4 by ¢

esTGs = 2e(1 —a’s)2(Q —Q ) —2e(1—als)g"s —_
k+1 k K 3 (1—aTs)

s sT(Cs)s _

S
S T + .
a2 F(s)s)s (25)

And Multiply 3 by (¢ — 1)

(e = 1)sTGs = (¢ — 1)(1 — aTs)sTy (e — 1D(1 — aTs)sTg _ G=DsT(Cs)ss _
k+1— k 21 (1—aTs)

(s—1) sT(F(s)sss)s
31 (1—aTs)? to (26)

Then subtracting 26 from 25 we obtained:
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sTGs = 2e(1 — a’s)2(Qr+1 — Quv1) + (e = DL — a's)g’s — (e = D(1 —a's)g” s+
s ) k k+1
(—(—1 ) sT(Cs)ss — (—= )sT(F(s)sss + - (27)

6(1—als) 12(1—aTs)2

The formula when € = n

STGS = 2n(1 — a’s)2(Qr+1 — Qi) — (m+ V(1 — als)g"s — (n — D(1 — als)gs +

(_(ﬂl )ST(CS)SS * (ﬂ)ST(F(S)SSS + - (28)
6(1—aTs) 12(1—aTs)?

This is suggested general formula for conic model
Locking that we can be return to all model as
for n=1 the linear model we don’t have derivative

Qk+1=Qk (29)

for n=2 the quadratic we have first derivative g

T
Qk+1=0Q + (—flg}s) (30)

sTGs = 2(2)A2(Qk+1 — Qk+1) — (3)/1915 - (1)/’197;{ S
+
sTGs = 422(Qk+1 — Qi+1) — 2 Mg, +g,,,1)7s + Ayls
and n=3 conic model we have first and second derivative g,G

Qr41=Qp +_os—+ 1 _s'Gs (31)
(1—-aTs) 2! (1—aTs)?

Then the general formula for conic model:

sTGks = 2nA(1 — aTs)2(Qk+1 — Qk+1) —_Zgn + DA —a’s)gls —(n—1)(1 -

a's)g’ + ( ) ST(Cs)ss + ( (n—)sT(F(s)sss (32)
k+1 6(1—aTs) 12(1—aTs)2

3. Generalzation secant equation in constrained optimization:

Second, we develop a novel class of modified secant equations to achieve high order accuracy
in approximating the goal function's second-order curvature. Then, we propose a novel
SCALCG algorithm modification.

As a next step, we investigated the modified secant equation proposed by (32) Bk, The new
approximation of G , should be taken into consideration.

sTBks = 2nA2(Qi+1 — Qi+1) —nA(g,, +g,,,)7s + Ayfs (33)
Let 6 = 2A(Qk+1 — Qi+1) — (gp + 95,47 (34)
sTBks =n A0 + Ay[s = Sy (35)
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The suggested of new quasi-Newton equation:

Bks ="y (36)

Where

y=2y7 +"u (37)
k sTu

with sTu #= 0 and u € R".

The vectors sk, yk , g *Zik+1 For as long as the inside product s™u # 0 is still usable you have

a few alternatives for substituting the vector u since the choice u = sT invariance aspect of the
QN method is not satisfied, we choose to adopt a different approach u = yx [13].

The standing by u = yj This means the Q.N. equation’s can be reduced to the next formula.

y=2yT + "y (38)
koo sy, K
Leto =1+ "o
sTyk
Biks ="y= Aoy« (39)

It is now possible to adapted quasi-Newton updating formulas when yx is changed by’y. As a
result the inverse BFGS formula given By

Hierr = (I = pusiyD) Hill = piyies”) + pesis” (40)

Then
Ha=U- kakA)Z)AH(I - pk“ysT)k+ P SkST )

Wherey= Aoyk

He1 = (I — prsk leszj(I — Dk AgykST)l;I- PrSkST ) (42)
H =U—-psy")HI—p AsT)+Phs sT (42)
k+1 k kK kT Ok ko ko g, kK
Whereo=1+ "% p=_"
sy sTyk

4. Properties of the modified QN method
Convergence analysis
Assumption: 1 [16]

I The level set 3 = {x | Q(x) < Q(x1)} is bounded, namely, there exists a constant B >
0 such that lIxlI<B for all xe3J (43)
Denote & to be the closed convex hull
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ii. In some neighborhood N of @, Q is continuously differentiable, and its gradient is
globally Lipschitz continuous, namely, there exists a constant L >0 such that
lg(x) —gO) IS LI x—vyI forall x,y € N. (44)
It is well known that the convex closure of a bounded set in R~ is still bounded.

As a result, when combined with Assumption i"a® is a bounded convex subset in R”. As a
result, Assumption ii holds for any function Q that meets Assumption i and has Lipschitz
gradientg locally. Furthermore, we can see from (43) and (44) that there is a constant y > 0

such that || z(x) Iy forall x € 3 (45)
Lemma 1.
Provided Assumptions i, ii, and the descent condition are accurate. Let ax be found through

the line search of strong Wolfe. Then there's
|6k] < Lllskll? (46)
Wherever L is the same it is from Assumption ii.

Proof:

Because ak derived from the S.W.C search eq. (19)

We know that xx € 3:={x|Q(x) <Q(x1)} for V k>1. (47)
From the other aspect, we know that there exists a mean value theorem. {x € [0,1] such that

Qk+1 — Qk = g(xk + {ilxr+1 — xk))T(xk+1 — xk) = g(xk + Cksk) sk. (48)
From (47) we get :
Xk + (kSk = xk + {e(Xk+1 — Xk) (49)

As a result of the formulation of Pk

T
0 = 2A(Qk+1 — Qr+1) — (g, T 2441) S

= 2Ag(xk + (ksk)Tsk — g's — g7 s
k k+1

1611 < llgy, — AgCte + Cisi) 'Sk = gy — Ao+ Tisi) ] s
< lllg, — Ag(xr + Cisi) || + gy — Ag(xie + Cisi) |11l

< g, — Ag(xr + Cksi) | + gy — Ag(xr + Cisi)  I1Isll

< [llg, — Ag(xk + Cisi) |l + Nlggyq — AgCxic + Cisi) ] sell

< [ALSklIskll + AL(1 = i) [l sl Tl swll

< AL||sk||?

The initial inequality is derived of triangle inequality with Cauchy—Schwartz inequality, and
the next inequality has derived of Assumption ii and(49). now we complete.
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Corollary 1
Suppose that Assumption | and ii hold for“defined by
Brks ="y
Where
. n A0
y=Ay" + y
0 = 24(Qk+1 — Qi+1) — (g, +,,.,)7s
We have
I < Lllskll (50)
Proof:
Considering lemma 1 and assuptions | &ii hold and become A € [0,1] we have
20
Iyl =12y” + """y | (51)
k k T k
sy
lykll < Lilsxll (52)
< Allysc || + A2 (53)
Il sTyll
By lemma [|8]| < AL||Sk||?
2
< AL||sk || 4+ ALl Ll sl (54)
I sTyll
212 2
< AL+ (55)
Tyl K
< Nl|sl (56)
212 2
Where N = [AL +2 sk
Il sTyll
Theorem 1
If sTye >0 Vk  then G is symmetric positive definite .
Proof
we have y=2yT + "%y
o Ty, K
By multiply by s7,
™y = )sT 26
“Vk /’1521 Kkt nT S,Zyk (57)
sy
Vol. 71 No. 4 (2022) 714
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s]i“)g = AsTy, +n A0 (58)

6 = 2A(Qk+1 — Qk+1) = (7341 T2, )7s (59)
sTy = AsT (g +g )+ nA22Qk+1 —Qk+1) — (¢ +g )Ts (60)

k k' k+1 k k+1 k

T

skyk = 2n22(Qk+1 — Qip1) + A —M)sf g, —A(1 + n)slg, (61)
By strong wolfe line search
sTy < 2nA28akgTdr + A(1 —n)akozg’dr  — A(1 + n)akg" dk (62)

k k k k
sTy < [2nA26 + A(1 —n)oz — A(1 + n)]arg”dr (63)

k k

Because sTg, = akg’drk < 0

k k

There exist constant M < 0
M =2nA2 + A(1—n)oz— A(1+n) <0 (64)
sTy < Makg"dr = 0 (65)

k k
sty =0 (66)

Theorem 2

Say the sufficiently Q (x) is smooth, and the ||Sk || is adequately tiny, then obtain

sTG s—sTy _ -1 Fntl 4 Q|[s |72 (67)
k k™ k™ (n+Dan-1 k

sTG s — $ _ —1 Fntl 4 QO|s ||**+? 68
k % k= 1 I k” (68)

Proof

T T, T T r
s 428 15 1STE)s 1STFE)s 1 5TWE)s)s

P T T T R TR 7 B R L

For n=1
sTG s—sTy = _1_F2 +0|s |3 (69)

k Kk k
sTGrs — slyk = —1 F2 4+ O ||skl|3
F2 =sTGs
n=2
STG s =Ty, :;71 ST(Cs)s + 0 s |I* (70)
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sTG s—§y =__ sT(Cs)s+0|s ||*

k k k 22 k
n=k
sTG s—sTy _ -1  Vk+l 4 Q|ls [|**2 71

ST = Is I (71

-1

sTG s —sTy = V1 + 0 ||s ||+2

k K ko 31 k

Now prove for n=k+1

sSTG s—sTy _ -1 VktZ2 4 Q||s |k+3 (72)
k k™ k™ (er2)ak k

sTG s —sTy = Vk+2 + 0 ||s ||+3
ook k(e DAk k

5. Quiality of global convergence

The quality global convergence of the QN technique with upgrades satisfying the modified QN
equation is presented in this section. the BFGS matrix with line searches subject to the
conditions of Wolfe (17) and (18). The result has global convergence on uniformly convex
functions [19] . the BFGS technique be demonstrated The assumptions of next about the Q (x)
and & (x) are required.

Assumption 2. [3]

(@)A double differentiable continuously Q(x) has The objective function, and for a known
pointxo, the equal set Q={x:Q(x) < Q(x0)} is CONVex.
(b) Close by occur constants is positive m and M so

mllzIII2<zTGz< M | z ||? (73)

for all zZ € R and x € Q.
(c) At be existent a constant L > 0 such that

Il g(x) =g IS LIl x =yl Vx,y€Q. (74)

(d) Ist—qul = p llw Il lisk-1ll, p € (0,1] (75)

If u = sk-1the form (iv) is happy withu = 1and if u = yk-1 it holds with 4 = g1/02 so
o1 and a2 positive coefficients so that o1 || v I2< vTG(x)v < a2 || v 112 clamps V x close x*
& some vector v in R .

Now The present theorem is used to investigate the convergence of the BFGS is global for
uniformly convex functions that obey conditions (17) and (18).

Theorem 3.

Assume for a given pointxo, the function Q(x) meets conditions (i)-(ii), and thatBo is
symmetric positive definite. There are positive constants A1, Az, A5 and A4 if the sequence {xi}
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created by the BFGS technique with step length « satisfying requirements (1) and (2) is not
terminated at some point xx with g, = 0, such that:

ez
_SP_}(T <A1
i
SkBkSk <Ra
2 k
shy
1 Bisill2 > A, Gk

k k k k
[\_ngkSkI < A Ak
sTvg 4 cos B«

When all k are kept constant, the converges of sequence {xx} is unique minimizer xx of f (x).

First: Id_ - &, (76)

y=T+ y (77)

I = Ally el +M | (78)
I sTyell ™ %

By assumes
Il sTyill = Ml|skllllyll
lyell < Lllskll

161l < Nllskll?

Then we have

< ALlls 1+ lis | (79)
k YL
I <AL+ ""M1Is | (80)
Iy k
M < alls«ll (81)
Where 0 = [AL +n7’w]

By uniform convex

sTy > yAsTyr = yml||sk||? (82)
IMH2 < 02|skll? (83)
Iz <

S T

- sTy (84)
I 2> <A (85)
s ym 1
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. SkBrsk
Second: 2Kk < Ayqy (86)
Sk ¥
Proof :
From cos —= llskllsg Bisk — siBiSk
1Brsillllsill?  1IBrskllllskll
We have
ST Bksk = ||Bkskl|l|lskllcosO ....................... a
| Biskll = aillgll voveveeeieiiiiii b
— 2,75k = llg llIskllcosO ..o C
0 = 22(Qr+1 — Qu+1) — g, +g,,,)7S (87)
From wolf condition
—(Qr+1 — Qr+1) = —bak g, Tdk
0 > —21—dax 9, Tdr — Piet1 Tsk — ykTSk
0 = 2A8ak g, "dk — ak g, Tdk — g, TSk (88)
By wolf condition
o147dr < g7 dik < —02¢47dk
k k+1 k
0 = 2A8ax ngdk — ako1gldr — ngSk
0 = 218 g"sk — 01 ¢, TSk — g, Sk
6 = [2A6 — 01— 1] g Tsk
0 = N 47sk (89)
Where N = [2A46 — 01 — 1]
sTy= AsTy + nie .
k Kk STYK Sk Yk
Py=AsTy +nAlf
i r= Skyk "
From yTsk = ¢ sk — g'sk = —(1 — B)g'sk
k k+1 k k
—(1 = B)g'sk < yTsk
k k
Ty=2AsTy +nlf
P T
S,{'\yz —/1(1 — B)gSk + Tl/lNg kTSk
sfy=—A[1-B—nN]g si
Now by a,b,c we obtain
SkBksk = —ak ngSk
Vol. 71 No. 4 (2022) 718
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Then
T _ T
S BkSk < A gk Sk (90)
shy — —A[1-B-n Nl g s
sTBrsk
k <Aa
2 k
si¥
Where A; = !
2 T A1—B—nnN]
2
ird - IIBkskl x ay
Third : B 5 = A3 coszo-
Tk ok
Proof
| Brsk|l = allg,l
T T
B s;.Bjs
From cos@ = sils Bl = ki
[1Brsklllskll IBrskllllsgll
SkBkSk = ||Bi§Sk|||LSk||COSH .
IB s II? llg |l allg |l
ke k — k_ k
TBuse  IBisilllsellcos®  arllyll sellcosd
2
WBkskll® — ak”?k”
'555—5— = iz ttcose
k k k k

From ci||g, |l cos@ < |[skl| < c2|lg, |l cosb

lIsell < cz|l Il cos®

1 < 1
lIskll — c2llggll cos®
IBrskll® < aillgll

s,ZBks — c2llggll cosbcoso
1BEskll ar
T >

k k k = c2cos?6

B BkSk o _a
Forth : —k—bTT L R, —%
YiSk cos O

Proof
kaB"S"l _ IellBrskl

A~ T - ~

ViSk Vi Sk
INell < N|skll

| Beskll = akllg|
sfy=—=A[1-B—nN]g kTSk

From

—g0sk = |lg Jliskllcosé

siy= A1 =B —nN]|lg |lllskllcosé

bka"S"l _ IbelluBrsill
A T - ~
ViSk Vi Sk
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1 1
<
Vsw - A1=B—n Niglllisellcosd (103)
Y Biskl - N |l gl lLsye (104)
yhsk = Al1—=B—n Nlllg;lllisklicos6
apN
~ A[1—B—n N]cos0 (105)
DhBiskl < N
Ay};sk ~— AM1—B—n N]cos8 (106)
_r:gBkSkl S A ak
Vs * cosO
R, = N
Where A4 = Tm—r—
6.  Calculated results;

We present some numerical results from our suggest model. The first we see how well our
modified secant equation (35,37) performs in the updated SCALCG method, we ran the code
against the 8 techniques listed below.

(1) M1.: the quadratic Algorithm when n=2 consistent to eq. (30 )
(2) M2: the conic Algorithm when n=3 consistent to eq (31 )

(3) M3: Consider Algorithm 1 when n=4 consistent to eq (32)
(4) M4: Consider Algorithm 2 when n=5 consistent to eq (32)
(5) M5: Consider Algorithm 3 when n=6 consistent to eq (32)
(6) M5: Consider Algorithm 4 when n=7 consistent to eq (32)
(7) M5: Consider Algorithm 5 when n=8 consistent to eq (32)
(8) M5: Consider Algorithm 6 when n=10 consistent to eq (32)

It subsection details some calculations from the PC computer's implementation of test cases
from collection [2]. The codes are written in Fortran 77 in double-byte format, with BFGS
included. A software that comprises the general formula of the conic model and is implemented
in cases n=2 quatratic n=3 conic n=4,5,6,7,8,10 was developed.

We consider the conditions below the discontinuation criterion [5]

For unconstrained part
||Xk_xk—1||<E.>v £ =107
For constrained part

Iy Ni=1€i+ g Li=mr1 6 <$§ g =10"°
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NOI : the total number of iterations

NOF : the total number of function evaluation

NOC : the total number of constrained

Mathematical Statistician and Engineering Applications

ISSN: 2094-0343

2326-9865
The two Tables shows the numerical computations of these algorithms proposed to check their
performance and we have used the following well-known measures or tools used normally for
this type of comparison of algorithms:

Table 1 : Comparisons of the quadratic algorithm with conic algorithm , newl and nwe2

algorithm

NO | M1 M2 M3 M4

N=2 QE N=3 conic N=4 NEW1 N=5 NEW2

NOF(NOI)NOC | NOF(NOI)NOC | NOF(NOI)NOC | NOF(NOI)NOC
1 167(32)696 135(26)550 146(29)659 164(32)659
2 81(22)472 104(23)570 89(23)489 89(23)489
3 182(46)872 175(44)877 157(41)794 171(45)826
4 58(9)169 39(7)143 43(9)232 39(9)188
5 369(90)608 369(90)608 369(90)608 369(90)608
6 401(114)269 258(57)256 184(56)200 165(49)185
7 104(26)289 103(26)290 101(26)272 102(26)279
8 121(36)246 109(32)263 102(29)295 98(28)295
9 119(31)414 116(31)384 119(31)409 99(27)330
10 | 162(54)55 156(52)53 120(40)41 75(24)28
11 | 337(99)370 205(59)290 256(73)351 156(46)264

Table 2 Comparisons of the new3 algorithm with new4, new5 and nwe6 algorithm

NO | M5 M6 M7 M8
N=6 New3 N=7 NEW4 N=8 NEWS5 N=10 NEW6
NOF(NOINOC | NOF(NOI)NOC | NOF(NOI)NOC | NOF(NOI)NOC

1 | 672(147)1690 326(72)901 357(77)920 810(240)1516

2 | 89(23)489 89(23)489 89(23)489 89(23)489

3 167(43)830 171(45)807 167(43)767 172(46)814

4 No. 57(15)133 84(18)272 No.

5 | 369(90)608 369(90)608 369(90)608 356(89)581

6 169(51)182 157(46)180 151(45)191 165(49)191
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7 106(26)283 105(26)269 105(26)268 101(26)281
8 | 124(37)280 107(31)298 115(33)298 122(35)274
9 117(31)372 116(31)375 123(32)402 116(31)383
10 | 72(24)25 99(33)34 18608(6196)6217 | 115(37)41
11 | 147(42)320 175(46)275 322(94)374 198(55)311

The second we demonstrate the computational performance of our strategy on a set of test
issues restricted optimization. we selected (11) large-scale restricted optimization problems
Each problem must be tested using a general conic model and. To demonstrate the usefulness
of the suggested approach, we employed the Dolan and more'[10] technique.

The following figures (1-3) is illustrate the results using the Dolan and more'. Displays the
Dolan-More performance profile for these methods, which are susceptible to the frequency of
suitable performance when compared to the basic methods.

Performance profile: 1.332000e-01

Performance Profile

U

U U

——CE

NEW4 ||
—— NEW7?
:

0.2

0.3

Tau

0.4 0.5

0.6

FIGURE 1 . data relating to how™ well the aforementioned methods perform in terms of
function evaluations
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Performance profile: 1.332000e-01
1 T T T T T
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[od

0.4

CE
03 NEW4 ||
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FIGURE 2 . data relating to how well the aforementioned methods perform in terms of
iteration evaluations

Performance profile: 1.332000e-01
l U U T U T

Performance Profile

~—— CE
03[ NEWA4 ||
—— NEW7
02 [ [ I [ T I
0 0.5 1 1.5 2 2.5 3

Tau

FIGURE 3. data relating to how well the aforementioned methods perform in terms of
gradients evaluations

By examining the Dolan-More performance profile, which is measured in CPU time, we may
conclude from the three forms shown that the new method is particularly suitable for tackling
problems with numerous dimensions

/.  Conclusions

We present a new secant equation has been proposed by using the n-order Taylor expansion of
the objective conic function. The suggest secant equation BFGS the Global convergence of it
have be established. and the account of numerical results display the effectiveness of it
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8.  Recommendations
We recommend use the new extended area the application in metaheuristic algorithms.
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