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ABSTRACT. In this paper, a new hybrid conjugate gradient algorithm
is proposed for solving unconstrained optimization problems. The new
method possesses the sufficient descent property for any line search.
Moreover, the global convergence of the proposed method is proved under
the Wolfe line search. Numerical experiments are also presented to show
the efficiency of the proposed algorithm, especially for solving highly di-
mensional problems.
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1. Introduction

In this paper, we consider the following unconstrained optimization problem:
1.1 i
(1.1) min f(z),
where f : R® — R is a continuously differentiable function, R™ denotes an
n-dimensional Euclidean space, and the gradient g(z) := Vf(x) is available.
Conjugate gradient (C'G) methods are efficient for solving unconstrained opti-
mization problem (1.1). Generally, the CG method for (1.1) is of the form:

(12) T4l =Tk + Ozkdk,

where z; € R” is the current iterate and aj > 0 is a step length determined
by some suitable line search. dj € R" is the search direction generated by the
following:

_ _gk)’ if k = 17
(13) di ‘{ gy + Bedr, if k22,
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A new hybrid CG algorithm for unconstrained optimization 2068

where g; denotes the gradient g(zy) and S € R is a scalar parameter. Some
well-known C'G methods are the Hestenes-Stiefel (H.S) method [14], the Dai-
Yuan (DY) method [6], the Polak-Ribiere-Polyak (PRP) method [20,21], the
Fletcher-Reeves (FR) method [10]. The parameters i in these methods are
given respectively by

HS _ _8iyr— 3Dy — llgell®
(1.4) k di_ yk—1’ k di_ yk—1’
PRP _ 8iyk—1 FR _ el
k [ k [
In (1.4), yg—1 := g, — 8x_1 and || - || stands for the Euclidean norm.

In practice, the positive step length oy of the CG method usually is com-
puted by the standard Wolfe line search conditions:

(1.5a) f(zp + ardy) — f(zx) < Saugt dy,

(1.5b) g(ar + ardy) dip > ogf dy,

or the strong Wolfe line search conditions, i.e., (1.5a) and |g(xs, + ardy)T di| <
olgFdy|, where 0 < § < o < 1.

As is well-known, the FFR and DY algorithms possess good convergence
properties, but their practical performances are not so good in general. Under
the strong Wolfe line search, Al-Baali [1] proved the global convergence of the
FR algorithm with the parameter 0 < o < . Dai and Yuan [7] showed that
the DY algorithm is global convergent under the standard Wolfe line search
conditions (1.5a) and (1.5b). In contrary, the PRP and HS algorithms are
generally regarded to be two of the most efficient C'G algorithms in compu-
tational point of view, but their convergence properties are not outstanding.
Hager and Zhang [13] conducted a detailed analysis to show that the PRP
and HS algorithms can automatically adjust Sx to avoid jamming and their
practical performance is outbalance the algorithms with ||g, [ in the numera-
tor of fB. In [23], Powell’s example shows that if the function is not strongly
convex, the PRP algorithm may not converge, even with an exact line search.
By Powell’s example, the HS algorithm may not converge for a general non-
linear function, with an exact line search. There has been much research on
convergence properties and computational performance of these CG algorithms

(see [2,5,13,19,23] etc).

In recent years, based on the original C'G algorithms and their variants,
several hybrid algorithms have been studied. Wei et al. [26] gave a variation of
the F'R method (shortly, V FR method), that is

XFR _ 1| I

 pelgldi—1| + psllgr 1 1>

where py > 0, pug > 0, po > p1 + €; and €7 > 0 is an any given constant.
The VFR algorithm always satisfies the sufficient condition ggdk < —(pg —
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w1)/pzl|gl|?, independently of choices of the parameter ) and the line search.
Simultaneously, Wei et al. [27] gave a variant of the PRP method (shortly,
V PRP method), that is

2 el T
VPRP’::”gk” Ter 1] 8k Sk—1
’ lg—112
The V PRP method inherits the excellent properties of the PRP method, such
as good numerical performance and the [11, Property (*)]. Furthermore, under

the strong Wolfe line search with the parameter 0 < o < i, Huang et al. [10]
showed that the VPRP method possesses the sufficient descent property and
the global convergence. Shortly afterwards, Yao et al. [25] extended this result
to the HS method and introduced a new method which we call the YW H
method with

2 _ el T
BYWH _ [l Men_ .1 &k Bk—1
F dg;lyk—l
Yao et al. [25] established that the YW H method can also generate sufficient

descent directions under the strong Wolfe line search with greater parameter
o € (0,3). Zhang [28] made a little modification to the V PRP method and
suggested a new method, that is

wrpp  Enl? = 2l leT e, |
NPRP _
EE ’

which we call the NPRP method. Zhang [28] showed that the N PRP method
possesses the sufficient descent property if 0 < o < % in the strong Wolfe
line search and converges globally for nonconvex optimization with the strong
Wolfe line search. According to the idea of [26], Dai and Wen [8] proposed a

new method, denoted it by DPRP method, that is

(1.6) DPRP _ Ik ll® Hgfﬁ!\l I8 851

k 9
plgt di—1| + llgp_1 12

where > 1. Dai and Wen [8] proved the sufficient descent property for
any line search and the global convergence of the DPRP method with the
standard Wolfe line search conditions (1.5a) and (1.5b). Recently, according
to works [6,25], Jiang et al. [18] introduced a hybrid method which we call the
JHJ method with

2 _ llgell T lgell T
(L) IHT _ llgxl* — max{0, Tde 1T 8k Dh—15 g, 7 8k k1)
: kT A .
k—1Yk—1
Jiang et al. [18] proved the global convergence of the JHJ method with the

standard Wolfe line search conditions (1.5a) and (1.5b). More recently, Jian
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et al. [17] took a little modification to the JHJ method, and proposed the N
method as follows,

(1.8) BN el — gy max{0, g g1}
| C o max{llgal? df vk}
Jian et al. [17] proved the descent property for any line search and the global

convergence of the N method with the standard Wolfe line search condi-
tions (1.5a) and (1.5b).

Motivated by the works of Wei et al. [27], Dai and Wen [8] and Jian et
al. [17], we introduce a new hybrid method (referred to as N HC method):

lel? — Ll max{0, gf gy}

max{max{0, ug} dr—1} + llgx_1 1%, d{_1yp—1}’

(1.9) R e =

where u > 1. It is easy to see that ﬁ,iVHC is one of hybrids of ﬁ,iv, ,fR, ,?Y,

VFR QYWH AQVPRP DPRP
L B , By and f;; .

The remainder of this paper is organized as follows. In the next section, a
new hybrid C'G algorithm is introduced, and then we show the sufficient descent
property of the new algorithm for any line search. In Section 3, some properties
of the proposed algorithm are presented, and the global convergence of the new
algorithm is also proved under the standard Wolfe line search. In Section 4,
some numerical results are reported to show the efficiency and feasibility of the
introduced algorithm. Finally, we give the conclusion.

2. A new hybrid conjugate gradient algorithm

In this section, based on (1.9), a new hybrid CG algorithm is proposed and
the sufficient descent property of the introduced algorithm is also proved.
The framework of the proposed algorithm is given as follows:

Algorithm NHC

Step 1: Select a starting point 7 € R"™, and accuracy tolerance e > 0. Compute
dy = —g; and the initial guess ay = 1/||g||. Let k = 1.

Step 2: If ||g;|| < e, then stop. Otherwise, skip to Step 3.

Step 3: Line search. Compute step length oy > 0 by the standard Wolfe line
search conditions (1.5a) and (1.5Db).

Step 4: Let 41 = @) + ogdy, and gy = g(w441). Compute ﬁ,ivﬁc.

Step 5: Generate dpew = —8p41 + B2 dg. If the Powell [22] restart criterion

g 18kl > 0.2]lg) 411

holds, then let dy11 = —g; 1, otherwise define dy1 = dypew. Compute
the initial guess ax = ag—1||dp—1]|/l|dk]-
Step 6: Let k := k + 1 and return to Step 3.
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It is well-known that the initial selection of the step length ayj weightily af-
fects the practical behavior of the standard Wolfe line search. If f is bounded
below along the search direction dj, then there exists a step length «j satis-
fying the standard Wolfe line search conditions (1.5a) and (1.5b). At the first
iteration, the initial guess of the step length is given as a; = 1/||g;||. At the
following iteration, the starting guess for the step length «y in the standard
Wolfe line search is computed as ag_1||di—1]|/||dk||. This selection is firstly
introduced by Shanno and Phua in CONMIN [24].

The following theorem shows that the search direction d in Algorithm N HC'
satisfies the sufficient descent property without any line search. The char-
acterization of dj plays an extremely significant role in analyzing the global
convergence property.

Theorem 2.1. Let the sequences {g,} and {di} be generated by Algorithm
NHC. Then, for all k > 1,

gk di < —cllg ],

Wherec:l—%andu>1.
Proof. For k = 1, it is easy to know that g7'd; = —||g,||*.

If BNHC = 0 for k > 1, then from (1.3), gfd, = —||g/|?. Since 0 < ¢ < 1,
the conclusion holds.

We next assume that Y7 #£ 0. To prove gld, < —c||g;||? for k > 1, we
divide the proof into eight cases:

(i) gFdr—1 < 0, dF jyp—1 < |lgp_1l/* and gfg,_, > 0. In this case, the
denominator of (1.9) is equal to ||g;_;]|?, and the numerator of (1.8) is equal

to [lg,ll? — H!fﬂﬂg{gk_l. Then, from (1.8), we have

2 el T
JJCVHC _ el Ten_ .1l Bk 8k—1 _ 31‘C/PRP
lgk—111
It follows from (1.3) that
lesl? — leeleley )
gl di = —llgi|I? + T ol
llgk—1l
||gk||2(1 — cos(gy, 8—_1)) T
= — el + gk dk—1
¥ g1l g
< —lggll®
1 2
(2.1) < == )llell”

(i) gf'di—1 < 0, dF_jyr—1 > |lgr_1|*> and gFg,_; < 0. In this case, the
denominator of (1.9) is equal to df _,yx_1, and the numerator of (1.9) is equal
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to ||gx||?. Then, from (1.9), we have

BNHC [ = pPY
dg_lyk—l

It follows from (1.3) that

(£

2.2 Tde = —|lgpl|? +
(22) g gkl iy

1
g i1 < =llenl® < = (1= =)llexl|*

(iii) gfdr—1 < 0, d}_jyr—1 > |lgp_1]|* and gl g,_, > 0. In this case, the
denominator of (1.9) is equal to df_,yx_1, and the numerator of (1.9) is equal

to [|gxll® — Hgfﬂll g} g,_1. From (1.9), we have
2 _ ekl T
P - Il vy £ —
ﬁk - dT - ﬁk .
k—1Yk—1
Again, from (1.3), we deduce that
gl — ”Hng oo
g, _1]| Ok Sk—1
ghde = —|lgel + —— gt di—1
dk_lykfl
lggl*(1 — cos(gy: ge—1))
= —|lgil* + == a7 WOk 6T ey
k—1Yk-1
< —llgxl?
1 2
(23) < (1= Dl

(iv) gfdr—1 <0, df jyk—1 < |lgi_1||* and gl g;_; < 0. In this case, the
denominator of (1.9) is equal to ||gj_;||?, and the numerator of (1.9) is equal
to |lg;|I>. Then,

NHC _ g1 = pFR
g1l

Hence, by (1.3), we obtain

2.4 Ty — _ 2 g ll?
24)  gpdp=—lell” + 7 =13
gkl

(v) gfdi—1 > 0, dF_jyr—1 < ugFdr—1 + ||gp_1]|* and glg,_; < 0. In this
case, the denominator of (1.9) is equal to ug? dj,_1+||gj_1 %, and the numerator
of (1.9) is equal to ||g;||*. Note that u; =1, uo = u > 1 and pz = 1. Moreover,
we have

1
g k-1 < —llenl® < =1 = =)llexll*

NHC _ [ — BYFR
ugg d—1 + g1 [?
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So, from (1.3), one has

A
ugT s + 1

gk di = —|lgll” +

2 Hgk” T
< —llexll” + —F>—er dk—1
Il + 75—

(25) = (- Dl

(Vi) gidi-1 > 0, di_yyr—1 < ugidr—1 + [lgy 1] and gfgp 4 > 0. In
this case, the denominator of (1.9) is equal to ugldi_1 + [|g,_1]|?, and the

numerator of (1.9) is equal to ||g;||* — Hgfk!l\gk gr_1. Then, one has

||gk||2 ”!fkll‘”gkgk 1

ugy dy—1 + [|gg_1 ]2

NHC __
A =

ﬂDPRP

Consequently, from (1.3), we obtain

2 &l
llgwll® — ”gk lugkgk 1o

gL k-1
uglde—1 + g1l

g dr = —lgl® +

2 ||gk|| T
< —llgill* + —5—8g1 di—1
leul” + o

(26) = (- )l

(vii) gFdk—1 > 0, d}_ yk—1 > ugldi—1 + |lgr_1||* and glg,_, > 0. In this
case, the denominator of (1.9) is equal to d}_,yx_1, and the numerator of (1.9)

is equal to ||g,||* — ”!fﬁll‘ﬂgggk_l. Again, from (1.9), we get
2 llgel
gnHC _ lgwl® = i T8k 8r—1 _ gy,
dk_lykfl
It follows from (1.3) that
gl — llgxll oTg
T 2 Mgp 1Ok Sk—1 1
g dr = —llgxll” + 8k dr—1
i = gl et
27) <l + B g Dy
ugl dip—1 U

(viil) gfdg—1 >0, dF yx—1 > ugFdi_1 + |lgr_1||*> and gF'g,_; < 0. In this
case, the denominator of (1.9) is equal to d}._,yx_1, and the numerator of (1.9)
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is equal to ||g,||?>. Then,

ﬁ]iVHC: ||gk:||2 _ by
d%¥1yk—1

It follows from (1.3) that

£
A P
k—1Yk—1
lgkll® 7 1 2
2.8 < — 22k ol = (1= .
(2.8 < il + P gl = —(1= sl
Hence, from (2.1)-(2.8), we obtain the desired result. O

Remark 2.2. It is easy to find that 0 < ﬁ,iVHC < B,ZCV by expressions of ﬁliv and
BNHC - Furthermore, it is easy to gain descent of our algorithm by means of
idea of the [17, Lemma 1]. But this idea is invalid to show the sufficient descent
property of the proposed algorithm. From the proof process of Theorem 2.1,
it clearly shows that the range of choice of scalar B is widen further and the
sufficient descent property of our algorithm is also proved.

3. Convergence analysis

In this section, we analyze the global convergence property of Algorithm
NHC. To do this, the following basic assumptions for the objective function
are given.

Assumption 3.1

(a): The level set L ={x € R": f(z) < f(x1)} is bounded.

(b): In some neighborhood N of £, the gradient g(z) = Vf(z) is Lip-
schitz, i.e., there exists a constant L > 0 such that ||g(z) — g(y)| <
L||z —y||, for all z, y € N.

The following well-known lemma is usually called the Zoutendijk condi-
tion [29].

Lemma 3.1. Assume that Assumption 3 is satisfied. Consider any CG method
of the form (1.2) and (1.3), where dy, is a descent direction and oy, satisfies the
standard Wolfe line search conditions (1.5a) and (1.5b). Then,

—+oo

T 2
(3.1) (g de)” _
2

From Theorem 2.1, it is easy to derive the following interesting property
about the parameter (3 in (1.9).
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Theorem 3.2. Let BNHC be defined by (1.9). Then
Td
(3.2) 0<pNHO < ITE ks
gk 1dk 1

Proof. We first show that the left inequality of (3.2) holds. By the definition
of BVHC in (1.9), we obtain

lel? — Ll max{0, gl gy}

max{max{0, ugi d—1} + llgg—1[I*, dg_1ve—1}

NHC __
A =

el = el gl llgp |

= max{ulgl de 1| + [gal” A1}

Let us now show that the right inequality of (3.2) holds. If BNHC = 0 and
g, # 0, from Theorem 2.1, we have
Td
BNHC =< _BETh g s,
gk_ldkfl

Assume that ﬁNHC > 0. To prove ﬁNHC < ggk% for all k£ > 1, we consider
T di—

eight cases: (i) gf dx—1 <0, d}_ yr—1 < |lgr_1|*> and gf g,_; > 0. In this case,

ﬂ,iVHC = BVPRP. Then, we have

Hng2 gl gkgk 1
el d = —lgul> + Naﬂ el di
k—1
ley )2 — pleslgTe,
= _Hgk”2+ H kk 1”2 (Hgk71”2+g£71dk71)
-1
[F=A]
_Hgk || k 18k— 1+5NHcgk ldk*1
1
<5NHCgk 1dk—1.

T
HC _ _8pdr
< gi_1dp_1"

(ii) gkdk 1 <0, d Y1 > g1 l? andgkgk 1 < 0. In this case, BNHC—
DY | Then, we have

By Theorem 2.1, we obtain 35"

P =l + 2 gga
dg_lyk—l
2 ||gk||2 T T
= —lgill” + ﬂ(quykq + 8h_1dr—1)
fe—1Yk—
NHC T

_1dg—1.
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T

d

Therefore, we obtain i ¢ = fgkidk-
Bk—1%k—1

(iif) gkdk—l <0, dk—lyk—l > [lgg—1lI* and gggk—l > 0.
NHC — B{WH. Then, we have

In this case,

k
Hgk”2 |H@kn g g
o 1N 8k 8k—1
ghdr = —|lg;|I? yT g d—1
L_1Yk—1
llgll* — H!gk”ugkgk 1
= —|lgl? 7T kykl ) (di_1yn—1 + gt _1dk—1)
k—1Yk—
Hng gkgk 1_’_5NHCgk (i1
lgr—1ll
<6NHC T 1dk: 1.

T
It follows from Theorem 2.1 that BN H¢ < gg’“%
k 1

(iv) ggdk,l <0, d _1Uk—1 < |lgp_ 1|17 and gk gr_1 < 0. In this case,
BER. Then, we have

BNHC

[
ggdk = _||gk||2 || ||2gkd -1
< _ 2 g ll? 2 T 4
= ||gk|| + ||gk ||2(||gk71|| + 8r—1 kfl)
1
= B

Again, from Theorem 2.1, we have gV H#¢ < gg’“%.
k—1 -

(v) gfdi—1 > 0, dF_jyr—1 < ugFdr—1 + |lgy_1]|* and glg,_; < 0. In this
BNHC = BVFR_Then, we have

case,
T 2, Hng2 T
grdr = —lgll” + 8 dk—1
ugi d—1 + [|gg 112
el
< —llgell* + L (ugh dr—1 + g1 I + g _1dk—1)

ngdk 1+ ”gk 1||2

NHC
= Pk gk 1dk—1.

By Theorem 2.1, we obtain iV #¢ < gg’“%
k—1
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(vi) gFdg—1 > 0, dL_ yr—1 < ugldr—1 + |lgp_1]|* and glg,_; > 0. In this
case, BNHC ﬁ,?PRP. Then, we have

2 llell
lgell® — ek g1 .

8 k-1
uglde—1 + lgp_i[?>

le|? — el ele,

ngdk 1+ [lgr_1?

A

< —lgll® + (ugh dr—1 + llgp 1 II” + gh_1dk—1)

g

e k8 1+5NHCgk 1dk—1
llgr—1ll

< BYHCl dy_y.

T
e < gi’ij:fl '
(Vii)g,~C di_1 > 0, df_lyk,l > uggdk,l + |lgp_1|* and g%g,wl > 0. In this

From Theorem 2.1, we obtain B,]CV

case, BNHC = pYWH Then, we have
ley |2 — rlesl oTg, |
grdi, = —lgp > + iy = g dy—1
k—1Yk—1
lexll? — slieTe
e ]| Ok 8k—1
= _Hgk”2 + ar kykl ) (d{_lyk,l —|—g£_1dk,1)
k—1Yk—
gl NHC d
- gt 8e_1 + By gt _1di
lgr_1ll
< 5NHC8§{ 1dk—1.
NHC _ _gide
Consequently, one has < oA

(viil) gf dk—1 > 0, d}_ yr—1 > ugf dp—1 + |lg_,[|* and gf g, < 0. In this
case, ﬁNHC ﬁ,?y. Then, we have

[EAl
grde = —|lgll” + o B gld
k—1Yk—1
2 g l? T T
= el 7 (] e+ B adi)
k—1Yk—1
NHCgk 1dk 1.
T
Therefore, we get NHC = gf"“%.
k—1%k—
Hence, based on the discussion above, the desired result holds. O

The following result shows the global convergence of Algorithm NHC.
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Theorem 3.3. Assume that Assumption 3 holds. Let the sequences {g,.} and
{di} be generated by Algorithm NHC. Then,

. lim inf g, || = 0.
(3:3) lim inf [|g |

Proof. Suppose that (3.3) fails. Then, there exists a constant r > 0 such that

(34) gl =7,

for all k. It follows from (1.3) that di + g, = B 7“dy_1. This combining
with (3.2) implies that

ldell* = (B ) ldi—1lI* — llgxll* — 2gx d

gt di
(3.5) < (F-— kd P llde-1l1* = llgxll* — 285 di.-
Zr_10k—-1

Dividing both sides of (3.5) by (g7 dj)?, we have

1 I diall o llewlly2 2

2
<
(g{dk) ~ gl di gfdk) grdy,
ldk—1ll 2 llgell 2 2, ollgell 1 1
= (Metlye el Loy
gF_di—1 g} dy, el gide llgell”  lleell?
B B S P B
gi_1dk1 e II? &l
ldr—1ll 2 1
(36)  <( .
gt dr—1 k|2
Since ||g,|| > r and (Hd1d|1\) = ||g1\|27 by a recurrence of (3.6), we obtain
ldkll\2 o (_llde-all 2 1
( Td ) — T d 2
g1 Ok 8r_10k—-1 gl
|\dk72|| 2 1 1
<( +
gh_odr— ||gk||2 gkl

Hence, (ig—gﬁ) > % this evidently implies that Z+°°(ﬁ’zldﬁ) = +o0, which
contradicts (3.1). Therefore, (3.4) does not hold and the conclusion (3.3) is

proved. O

IgJII
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4. Numerical experiments

In this section, we present some numerical results to show the efficiency and
feasibility of the proposed method. All codes were written in Matlab 7.10 and
run on a DELL with 1.60 GHz CPU processor, 4.00 GB RAM memory, and
Windows 10 operation system.

In order to examine the numerical performance of our algorithm in practice,
the following five C'G algorithms are tested and compared:

NHC: with 8 = BNHC defined by this paper, i.e., formula (1.9),

N: with 8 = B defined by Jian et al. [17], i.e., formula (1.8),
JHJ: with B = B{#7 defined by Jiang et al. [15], i.e., formula (1.7),
DPRP: with 8, = B2PHP defined by Dai and Wen [3], i.e., formula (1.6),
HuS : with 8, = max{0, min{3f%, 37 }} defined by Hu and Storey [15].

The above methods are tested by taking advantage of 71 unconstrained
optimization test problems from [3]. In all CG algorithms, the standard Wolfe
line search conditions (1.5a) and (1.5b) are implemented with o = 0.9, 6 =
1074, In DPRP and NHC we set i = v = 1.1. The initial guess of the step
length at the first iteration is a; = 1/||gy]|. At the following iteration, the
starting guess for the step length oy is generated as ap_1||dk—1]|/||dk||. This
selection is firstly introduced by Shanno and Phua in CONMIN [24] and is
proved to be one of the best selections of the initial guess of the step length.
Stop the program if criterion |gx||cc < € = 1077 is satisfied, where || - || is
the maximum absolute component of a vector. In addition, we declare failure
if the criterion does not hold after 1200 seconds.

In order to make comprehensive comparisons according to Time, Iter, Fn and
Gnx !, respectively, we use the performance profile introduced by Dolan and
Moré [9] to evaluate and compare the performance. Performance profile gives,
for every t > 1, the proportion ps(t) of the best problems that each considered
algorithmic variant has a performance within a factor of ¢ of the best. The
left axis of the figure gives the percentage of the test problems for which an
algorithm is the fastest; the right axis of the figure gives the percentage of the
test problems that are successfully solved by each of the algorithms, which is
a measure of an algorithm’s robustness. The top curve is the algorithm that
solved the most problems in a time that is within a factor ¢ of the best time.

From Figures 1 to 4, we can see that our algorithm possesses evident advan-
tages based on Time and Iter. The main reason is that the standard Wolfe line

IFor convenience of our discussion, some illustrations are given as follows:
Time : the computing time of CPU for computing a problem (Units: second);

Iter : the number of iterations;

Fn : the number of function evaluations;

Gn : the number of gradient evaluations.
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FIGURE 2. Performance profiles on Time (NHC versus DPRP
and HuS)

search at each iteration can be more easily satisfied with the sufficient descent
property. In addition, Figures 5 and 6 show that the introduced algorithm
is also competitive according to Fn + 3Gn by Hager and Zhang [12]. The
reason may be that the parameters 5 in these algorithms possess the differ-
ent structure. From the above analysis, the N HC algorithm is preferable and
promising.

5. Conclusion

In this paper, a new hybrid CG algorithm has been proposed for solving
unconstrained optimization problems. The proposed algorithm always gener-
ates a sufficient descent direction at each iteration unrelated to the line search
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JHJ

FIGURE 4. Performance profiles on Iter (NHC versus DPRP and HuS)

strategy. Furthermore, the global convergence of our algorithm is proved under
the standard Wolfe line search. Finally, a mass of numerical experiments are
done, which show that the proposed algorithm is effective and feasible.
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