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Abstract: This paper puts forward a two-parameter family of nonlinear conjugate gradient (CG) method without line search for solving 
unconstrained optimization problem. The main feature of this method is that it does not rely on any line search and only requires a simple 
step size formula to always generate a sufficient descent direction. Under certain assumptions, the proposed method is proved to possess 
global convergence. Finally, our method is compared with other potential methods. A large number of numerical experiments show that our 
method is more competitive and effective.
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0　Introduction

Unconstrained optimization methods are widely 

used in the fields of nonlinear

dynamic systems and engineering computation to 

obtain the numerical solution of the optimal control 

problem[1,2]. In this paper, we consider the following un‐

constrained optimization problem:

min f ( x )  xÎn (1)

where f: n® is sufficiently smooth high-dimensional 

function. The nonlinear conjugate gradient (CG) meth‐

ods are highly useful for solving this kind of problem be‐

cause they can avoid storing and remembering matri‐
ces[3,4]. In general, the iterative formula of the CG 
method is obtained by

xk + 1 = xk + αkdk (2)

where αk is step size along the search direction dk, and dk 
defined by

dk =
ì
í
î

-gk k = 1

-gk + βkdk - 1 k ≥ 2
(3)

where gk denotes the gradient Ñf (xk ). βk is scalar and it 

is chosen differently so that there are different CG meth‐
ods corresponding to the different βk. Some well-known 

formulas for βk are given by
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βHS
k =

g T
k yk - 1

d T
k - 1 yk - 1

 (Hestenes-Stiefel (HS) method[5]),

β FR
k =

 gk

2

 gk - 1

2
 (Fletcher-Reeves (FR) method[6]),

β PRP
k =

g T
k yk - 1

 gk - 1

2
 (Polak-Ribiere-Polyak (PRP) 

method[7]),

β CD
k =-

 gk

2

d T
k - 1 gk - 1

 (Conjugate Descent (CD) 

method[8]),

β LS
k =

g T
k yk - 1

-d T
k - 1 gk - 1

 (Liu -Storey (LS) method[9]),

and

βDY
k =

 gk

2

d T
k - 1 yk - 1

 (Dai and Yuan (DY) method[10]),

where  ·  is Euclidean norm and "T" stands for the trans‐

pose, yk - 1 = gk - gk - 1. In general, DY and FR methods 

based on inexact line search have good convergence per‐
formance, but the computational efficiency is not as 
good as that of PRP method. In order to establish meth‐
ods with both good numerical performance and conver‐
gence properties, many scholars have proposed im‐
proved conjugate gradient methods in recent years[11-14]. 
They showed that the method is globally convergent if 
the following strong Wolfe line search conditions for αk 
are satisfied,

ì
í
î

ïï
ïï

f (xk + αkdk )- f (xk )≤ ραk gk
Tdk

|| g(xk + αkdk )Tdk ≤-σgk
Tdk

 (4)

where 0 < ρ < σ < 1.

The line search in the conjugate gradient method is 
usually chosen by a strong Wolfe line search, however, 
the line search skill usually brings computational bur‐
den, especially in solving large-scale nonlinear uncon‐
strained optimization problem. To overcome this prob‐
lem, Sun and Zhang[3] introduced five CG methods re‐
spectively without line search in which the line search 
step is replaced by a simple step size formula αk:

αk =
-δg T

k dk

 dk

2

Qk

, (5)

where  dk Qk

= d T
k Qkdk , δÎ (0 vmin /μ) is chosen such 

that δμ/vmin < 1, μ is Lipchitz constant defined in Assump‐

tion 1 below, and {Qk} is a sequence of positive definite 
matrices satisfying for positive constants vmin > 0 and 
vmax > 0 such that "dÎn, vmind Td ≤ d TQkd ≤ vmaxd Td.

Chen and Sun[4] extended this technique to two-

parameter family CG method, which can be deemed as 
generalization of the HS and LS without line search. 
Yu[15] and Narushima[16] applied this method to memory 
gradient method and obtained their global convergence, 
respectively. Yin and Chen[17] showed that three-term CG 
methods without line search are globally convergence. 
Other modified CG methods without line search reader 
may see Refs.[18-20].

As supplementary of these results, in this paper, we 
continue their research and would show that the pro‐
posed CG method without line search in which the line 
search step is replaced by fixed step-length formula (5), 
is global convergence for following new βk:

βk =
 gk

2

ωk gk - 1

2
+ μkd

T
k - 1 yk - 1

, (6)

where ωk ≥ 0, μk ≥ 0. This motivation mainly comes from 

Refs. [3, 4]. Our main aim is to develop a new method 
and obtain better property of the new method while 
keeping its simple structure. It should be noted that the 
formula (6) includes some important special sub-classes. 
For example, when ωk = 0, μk = 1 the proposed CG 

method can be deemed as DY method without line 
search; when ωk = 1, μk = 0 the proposed CG method 

can be deemed as FR method without line search. 
Hence, the proposed CG method (6) without line search 
can be deemed as generalization of the DY and FR.

The rest of this paper is organized as follows. In 
Section 1, we first give some preliminary results on the 
CG method without line search and discuss our method 
sufficient descent property. Furthermore, we prove the 
global convergence of the proposed method without line 
search and present algorithm frame. A large amount of 
numerical experiments are given for illustrative pur‐
poses in Section 2. Conclusions appear in Section 3.

1　Analysis of Global Convergence 
and Algorithm Frame

1.1　Analysis of Global Convergence

We adopt the following assumption on function of 
which is commonly used in the literature.

Assumption 1[3] The objective function f is LC1 in a 

neighborhood Ω of the level set L: = { xÎn | f ( )x ≤
}f ( )x1  and L is bounded. Here, by LC1 we mean that 

the gradient Ñf ( x ) is Lipschitz continuous with modu‐

lus μ i.e., there exist μ > 0 such that
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 Ñf ( )xk + 1 -Ñf ( )xk ≤ μ xk + 1 - xk  

for any xk + 1 xkÎΩ.

Assumption 2[3] The function f is LC1 and strongly 

convex on Ω. In other words, there exists λ > 0 such that

[Ñf ( xk + 1 ) -Ñf ( xk ) ]T( xk + 1 - xk ) ≥ λ xk + 1 - xk

2
 

for any xk + 1 xkÎΩ.

Lemma 1  Suppose that xk is given by (2), (3) 

and (5). Then

gk + 1
Tdk = ρk gk

Tdk (7)

holds for all k, where

ρk = 1 -
δϕk dk

2

 dk

2

Qk

 (8)

and

ϕk =

ì

í

î

ïïïï

ï
ïï
ï

0 for  αk = 0

( )gk + 1 - gk

T( )xk + 1 - xk

 xk + 1 - xk

2
 for  αk ¹ 0.

   (9)

Proof  See Lemma 1 in Ref. [3].

Lemma 2  Suppose that Assumption 1 holds and 

that xk is given by (2), (3) and (5). Then

lim inf
k®¥

 gk ¹ 0 implies ∑
dk ¹ 0

 gk

4

 dk

2
<¥. (10)

Proof  See Lemma 5 in Ref. [3].

Lemma 3  Suppose that Assumption 2 holds and 

βk is given by (6). Then gk
Tdk ≤-  gk

2
.

Proof  We prove Lemma 3 by induction. For 

k = 1, it is easy to obtain that g T
1 d1 =-  g1

2 ≤-  g1

2
. 

Suppose g T
k - 1dk - 1 ≤-  gk - 1

2
 holds, now we prove that 

g T
k dk ≤-  gk

2
 holds.

By (3), (6) and Lemma 1, we have
       gk

Tdk = gk
T (-gk + βkdk - 1 )

= gk
T( - gk +

 gk

2

ωk gk - 1

2
+ μkd

T
k - 1 yk - 1

dk - 1 )
=-  gk

2
+

 gk

2

ωk gk - 1

2
+ μkd

T
k - 1 yk - 1

gk
Tdk - 1

=-  gk

2
+  gk

2 ρk - 1 gk - 1
Tdk - 1

ωk gk - 1

2
+ μkd

T
k - 1 yk - 1

.

From Corollary 3 in Ref. [3], we know 0 < ρk - 1 ≤ 1. 

From the induction hypothesis, we have ρk - 1 g T
k - 1dk - 1 ≤

-ρk - 1 gk - 1

2 ≤ 0. Furthermore, one has

μkd
T
k - 1 yk - 1 = μkd

T
k - 1( )gk - gk - 1

= μk (d T
k - 1 gk - d T

k - 1 gk - 1 )

= μk (ρk - 1 g T
k - 1dk - 1 - g T

k - 1dk - 1 )

= μk( )ρk - 1 - 1 g T
k - 1dk - 1 ≥ 0

which is due to μk ≥ 0, ρk - 1 - 1 < 0 and g T
k - 1dk - 1 ≤ 0. From 

above analysis, we have 

 gk

2 ρk - 1 gk - 1
Tdk - 1

ωk gk - 1

2
+ μkd

T
k - 1 yk - 1

≤ 0,

where ωk and μk are not equal to zero at the same time. 

Thus, we obtain gk
Tdk =-  gk

2
+

 gk

2 ρk - 1 gk - 1
Tdk - 1

ωk gk - 1

2
+ μkd

T
k - 1 yk - 1

≤-  gk

2
. This finishes our 

proof.
If there exists a constant c > 0 such that gk

Tdk ≤
-c gk

2
(k ≥ 1), then we say the search direction dk of the 

method satisfies the sufficient descent condition. Lemma 
3 means that the search direction dk is the sufficient de‐
scent direction, which is often required in the conver‐
gence analysis of CG method.

Theorem 1  Suppose that Assumptions 1, 2 hold 
and that βk is given by (6). Then

 dk

2

 gk

4
≤  dk - 1

2

ωk gk - 1

4
+

H

 gk

2
,

where H is a positive constant.
Proof  By (3), we have

dk =-gk + βkdk - 1，

squaring both sides of it, we obtain

 dk

2
=  -gk + βkdk - 1

2
.

By Lemma 1 and substituting the expression (6) 
into above formula, we have 

 dk

2
=











 










-gk +

 gk

2

ωk gk - 1

2
+ μkd

T
k - 1 yk - 1

dk - 1

2

=  gk

2
-

2 gk

2

ωk gk - 1

2
+ μkd

T
k - 1 yk - 1

gk
Tdk - 1

+
 gk

4 dk - 1

2

é
ë

ù
ûωk gk - 1

2
+ μkd

T
k - 1 yk - 1

2

=  gk

2
-

2ρk - 1 gk - 1
Tdk - 1

ωk gk - 1

2
+ μkd

T
k - 1 yk - 1

 gk

2

+
 gk

4 dk - 1

2

é
ë

ù
ûωk gk - 1

2
+ μkd

T
k - 1 yk - 1

2

≤  gk

2
|

|

|

|
||
|

||

|

|

|
||
|

|
1 +

2ρk - 1 g T
k - 1dk - 1

ωk gk - 1

2
+ μkd

T
k - 1 yk - 1
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            +
 gk

4 dk - 1

2

é
ë

ù
ûωk gk - 1

2
+ μkd

T
k - 1 yk - 1

2
 

≤  gk

2
|

|

|

|
||
|

|
1 +

2ρk - 1 g T
k - 1dk - 1

ωk gk - 1

2

|

|

|

|
||
|

|
+

 gk

4 dk - 1

2

é
ë

ù
ûωk gk - 1

2 2


which is due to μkd
T
k - 1 yk - 1 > 0 that is deduced in Lemma 

3. By g T
k - 1dk - 1 ≤-  gk - 1

2
 in Lemma 3 , we have

2ρk - 1 g T
k - 1dk - 1

ωk gk - 1

2
≤- 2ρk - 1 gk - 1

2

ωk gk - 1

2
=-

2ρk - 1

ωk

.

Now by 1 - δμ/vmin ≤ ρk - 1 that is deduced in Ref. [3], 

and the two inequalities above, we obtain

 dk

2 ≤ |

|
|
||
|
1 -

2ρk - 1

ωk

|

|
|
||
| gk

2
+

 gk

4 dk - 1

2

é
ë

ù
ûωk gk - 1

2 2

≤ |

|
|
||
||

|
|
||
|
1 -

2(1 - δμ/vmin )
ωk

 gk

2
+

 gk

4 dk - 1

2

ωk
2 gk - 1

4
.

Let H =
|

|

|
||
|
|
|
1 -

2 ( )1 - δμ/vmin

ωk

|

|

|
||
|
|
|
, we obtain

 dk

2 ≤H  gk

2
+

 gk

4 dk - 1

2

ωk gk - 1

4
,

 dk

2

 gk

4
≤  dk - 1

2

ωk gk - 1

4
+

H

 gk

2
.

The proof is completed. There holds 1 - δμ/vmin ≤
ρk - 1 for all k if Assumption 1 is valid.

Theorem 2  Suppose that Assumptions 1, 2 hold 

and that sequence {xk} is given by (2), (3), (5) and (6). 

Then lim inf
k®¥

 gk = 0.

Proof  Suppose, by contradiction, that the stated 

conclusion is not true. Then, in view of  gk > 0, there 

exists a constant ε > 0, such that  gk ≥ ε for all k, and by 

Theorem 1 we have 
 dk

2

 gk

4
≤  dk - 1

2

ωk gk - 1

4
+

H
ε2

.

Thus, we have a recursive equation which leads to

 dk

2

 gk

4
≤  dk - 1

2

ωk gk - 1

4
+

H
ε2
≤  dk - 2

2

ωk gk - 2

4
+

2H
ε2

≤ ≤  d1

2

ω2 g1

4
+

(k - 1)H
ε2

. (11)

Thus, equation (11) means that

 gk

4

 dk

2
≤ 1

ab + (k - 1)c
(12)

where a =
1
ω2

, b =
 d1

2

 g1

4
 and c =

H
ε2

, a b and c are con‐

stants. From equation (12) we have ∑
dk ¹ 0

 gk

2

 dk

2
=+¥, 

which is contradictory to Lemma 2. Hence we ob‐

tain lim inf
k®¥

 g k = 0.

Theorem 2 denotes that our proposed CG method 
without line search possesses global convergence.

1.2　Algorithm Frame

Based on the discussion above, now we can de‐
scribe the algorithm frame for solving the unconstrained 
optimization problem (1) as follows:

Step 0  Given an initial point x0În, constants 
ε0 > 0, ρÎ(01), σÎ(01), ωk ≥ 0, μk ≥ 0 and let k: = 0.

Step 1  If a stopping criterion  gk < ε0 is satis‐

fied, then stop; otherwise, go to Step 2.
Step 2  Compute a step size αk by formula (6).
Step 3  Let xk + 1 = xk + αkdk, compute dk and βk by 

(3) and (6).
Step 4  Let k: = k + 1 and go to Step 1.
From above algorithm, we note that the step-length 

αk depends on the Lipschitz constant, but in general, the 
Lipschitz constant is not known in previously. It should 
be noted that if f (x) is a twice continuous differentiable 

strictly convex function, the Lipschitz constant can be re‐
placed by a positive constant[15]. So, we choose δ = 1.

2　Numerical Experiments

In this section, in order to show the performance of 
the given method, we test our proposed method with 
fixed step-length (5) (denoted by OMFSL), method (6) 
with the strong Wolfe line search (4) (denoted by 
SSWLS), and some other considered algorithms without 
line search such as DY and FR method [3] and Chen and 
Sun 􀆳s method[4]  via 24 test problems from Ref. [21]. We 
use the same convergence criteria in Ref.[21].

The parameters are chosen as ρ = 0.04, σ = 0.5, ωk =
0.7 and μk = 0.3. All codes are written in MATLAB 7.5 

and ran on Lenovo with 1.90 GHz CPU processor, 2.43 
GB RAM memory, and Windows XP operating system. 
In our numerical experiments the no-line-search method 
with Qk=I (the unit matrix) show bad convergence be‐
havior. Thus we consider BFGS updates for Qk  in for‐
mula (5).

The test results are shown in Tables 1 and 2. The re‐
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Table 1　Numerical results for the tested problems

No.

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

Functions/n

Sphere/100

Rastrigin/10

Froth/2

Pqd/5

Ewh/10

Raydan1/2

Raydan2/100

Etri/10

Epow/4

Wood/4

Ewood/4

Perq/3

Etri1/34

Emic/8

Erosen/20

Grosen/3

QUARTC/50

LIARWHD/10

Staircase1/4

Staircase2/4

POWER/20

Diagonal4/4

EBD1/2

CUBE/2

OMFSL

2/2/2

2/2/2

59/59/59

41/41/41

284/284/284

8/8/8

7/7/7

124/124/124

127/27/27

213/213/213

268/268/268

21/21/21

11/11/11

290/290/290

1 072/1 072/1 072

9/9/9

2/2/2

57/57/57

14/14/14

14/14/14

44/44/44

2/2/2

14/14/14

F/F/F

SSWLS

7/20/25

15/164/297

1 144/16 759/31 229

67/209/283

76/998/1847

29/30/30

5/9/7

F/F/F/F

159/1 765/3211

509/2 720/4 993

F/F/F

21/67/87

F/F/F

F/F/F

54/732/1357

2 141/6 137/11 293

F/F/F

F/F/F

34/143/217

29/123/187

F/F/F

57/435/755

18/82/127

196/2 529/4 665

k/NG/NF

DY[10]

2/2/2

2/2/2

1 996/1 996/1 996

14/14/14

F/F/F

8/8/8

8/8/8

61/61/61

28/28/28

1 512/1 512/1 512

1 033/1 033/1 033

27/27/27

43/43/43

F/F/F

403/403/403

383/383/383

2/2/2

78/78/78

23/23/23

23/23/23

102/102/102

7/7/7

F/F/F

F/F/F

FR[3]

2/2/2

2/2/2

50/50/50

13/13/13

406/406/406

8/8/8

8/8/8

71/71/71

23/23/23

296/296/2 996

248/248/248

18/18/18

45/45/45

F/F/F

1 121/1 121/1 121

202/202/202

2/2/2

59/5/59

14/14/14

14/14/14

117/117/117

2/2/2

F/F/F

F/F/F

Chen and Sun[4]

2/2/2

2/2/2

F/F/F

13/13/13

F/F/F

8/8/8

8/8/8

67/67/67

18/18/18

F/F/F

F/F/F

23/23/23

50/50/50

F/F/F

62/62/62

776/776/776

2/2/2

72/72/72

14/14/14

13/13/13

53/53/53

2/2/2

13/13/13

F/F/F

Note: F denotes that the method fails to convergence within 5 000 iterations or there exists numerical overflow
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Table 2　Results of f (
-
x) and Tcpu for the tested problems

No.

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

Functions/n

Sphere/100

Rastrigin/10

Froth/2

Pqd/5

Ewh/10

Raydan1/2

Raydan2/100

Etri/10

Epow/4

Wood/4

Ewood/4

Perq/3

Etri1/34

Emic/8

Erosen/20

Grosen/3

QUARTC/50

LIARWHD/10

Staircase1/4

Staircase2/4

POWER/20

Diagonal4/4

EBD1/2

CUBE/2

OMFSL

0/0.062 5

0.0/0.004

7.854 2E-16/0.015 6

2.707 2E-9/0.046 9

2.578 8E-11/0.025 0

0.3/0.015 6

9/0.015 6

2.300 1E-11/0.015 6

1.169 2E-13/0.015 6

3.999 3E-9/0.078 1

2.966 6E-10/0.048 1

3.548 7E-10/0.0156

4.211 3E-14/0.031 3

0.108 9/0.156 3

1.045 3E-9/0.354 9

5.245 9E-10/0.015 6

3.111 5E-60/0.015 6

4.331 6E-14/0.015 6

4.476 1E-9/0.015 6

1.119 0E-9/0.015 6

1.976 9E-10/0.015 6

3.841 6E-14/0.015 6

9.253 8E-13/0.015 6

F/F

SSWLS

1.924 7E-11/0.312 5

3.836 9E-13/0.187 5

2.583 1E-10/2.187 5

2.001 3E-8/0.078 1

1.978 4E-9/0.593 8

0.3/0.046 9

9/0.062 5

F/F

7.092 5E-12/0.140 6

9.306 7E-10/0.234 4

F/F

3.870 9E-10/0.015 6

F/F

F/F

1.456 5E-11/2.031 3

8.216 8E-10/0.484 4

F/F

F/F

3.536 8E-10/0.031 3

1.888 4E-9/0.015 6

F/F

1.122 0E-10/0.062 5

1.624 6E-11/0.015 6

1.161 1E-8/0.265 6

f (
-
x)/Tcpu

DY[10]

2.169 4E-30/0.171 9

0/0.015 6

1.148 3E-12/0.046 9

7.629 2E-8/0.015 6

F/F

0.3/0.015 6

9/0.015 6

1.304 4E-10/0.015 6

4.052 5E-13/0.015 6

7.0341 E-10/0.109 4

3.848 0E-100.078 1

2.891 0E-10/0.015 6

5.408 7E-10/0.031 3

F/F

2.845 6E-9/0.015 6

4.786 7E-9/0.031 3

0/0.015 6

6.953 2E-10/0.015 6

5.005 0E-9/0.015 6

7.512 6E-8/0.015 6

1.206 6E-9/0.046 9

2.555 0E-14/0.015 6

F/F

F/F

FR[3]

2.169 4E-30/0.078 1

0/0.005

5.928 8E-13/0.015 6

1.6000E-8/0.031 3

1.008 8E-9/0.031 3

0.3/0.015 6

9/0.015 6

7.070 4E-10/0.015 6

9.708 0E-13/0.046 9

8.009 0E-11/0.031 3

5.499 0E-10/0.062 5

5.533 2E-10/0.031 3

3.246 5E-10/0.031 3

F/F

1.321 7E-9/0.046 9

3.265 7E-9/0.015 6

0/0.015 6

1.923 9E-10/0.015 6

4.595 9E-9/0.015 6

6.4898 E-8/0.015 6

3.272 9E-10/0.031 3

3.841 6E-14/0.015 6

F/F

F/F

Chen and Sun[4]

2.169 4E-30/0.265 6

0/0.007

F/F

9.231 9E-8/0.031 3

F/F

0.3/0.015 6

9/0.015 6

6.3120 E-10/0.015 6

8.836 6E-11/0.078 1

F/F

F/F

2.783 2E-11/0.078 1

6.731 8E-11/0.031 3

F/F

4.224 8E-9/0.031 3

3.725 3E-12/0.078 1

0/0.015 6

6.228 2E-11/0.015 6

6.299 0E-9/0.015 6

9.150 1E-9/0.015 6

7.501 9E-10/0.015 6

3.841 6E-14/0.015 6

2.601 2E-10/0.015 6

F/F

Note: F denotes that the method fails to convergence within 5 000 iterations or there exists numerical overflow.
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sults for each problem by each method are shown in the 
form of k/NG/NF/f (

-
x )/Tcpu, where k NG NF f (

-
x ) Tcpu 

denote the number of the iteration at the terminate itera‐
tion, the total number of calculations of the gradient 
value of the objective function, the total number of com‐
putations of the objective function value, the value of 
function at the terminate iteration, the CPU time in sec‐
onds, respectively. n indicates the variable dimension of 
the test problems. 

From Tables 1 and 2, it is easy to see that OMFSL  
performs better than other considering methods. Mean‐
while, we presented the Dolan and Moré[22] performance 
profiles for OMFSL and other considered methods. Note 
that the performance ratio p(τ) is the probability for a 

solver for the tested problems with the factor τ of the 
smallest cost. In Figs. 1-5, the performance of OMFSL 
with fixed step-length (5) and other considered methods 
are presented.

As we can see from Fig.1, OMFSL is superior to all 
other considering methods for the absolute errors of f (

-
x ) 

versus f (x* ) (the function value at the optimal solution). 

Figures 2-5 shows that OMFSL is better than all other 
considered methods for the number of iteration, the num‐

ber of gradient evaluations (NG), the number of function 

value evaluations (NF) and CPU time (Tcpu). In conclu‐

sion, we can see that OMFSL without line search is very 

competitive for the test problems, and OMFSL is alterna‐

tive for solving nonlinear unconstrained optimization 

problems.

3　Conclusion

In this paper, we have combined a two-parameter  

conjugate gradient method defined by formula (6) with 

Fig. 1　Performance profile on the absolute errors of f (
-
x) 

versus f (x* )

Fig. 2　 Performance profile on the number of iteration

Fig. 3　Performance profile on the NG

Fig. 4　Performance profile on the NF

Fig. 5　Performance profile on the Tcpu
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Sun-Zhang􀆳s step-length formula  defined by formula (5) 

and have proved its global convergence property under 

the appropriate assumptions. This step-length formula 

(5) might be practical in case that the line search is ex‐

pensive or hard. We allow certain flexibility in selecting 

the sequence {Qk} in practical computation, and we also 

can consider other updates for Qk. Our proofs require 

that the function is at least  and the level set  is bounded. 

Reducing the requirement of optimization function and 

finding completely constant step-length might be topic 

of further research.
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无约束优化问题的一种新的无线搜索的两参数族非线性共轭梯度法无约束优化问题的一种新的无线搜索的两参数族非线性共轭梯度法

朱铁锋

内蒙古财经大学 统计与数学学院，内蒙古自治区 呼和浩特 010070

摘要摘要：：针对无约束优化问题，提出了一种无需线搜索的两参数族非线性共轭梯度法。该方法的主要特点是不依

赖于任何线搜索，仅需要一个简单的步长公式总能产生充分下降的方向。在一定的假设条件下，证明了该方法

具有全局收敛性。最后，我们的方法与其他数值效果较好的方法进行了比较。大量的数值实验表明，该方法更

具有竞争力和有效性。

关键词关键词：：无约束优化；无线搜索共轭梯度法；全局收敛性

□

武汉大学学报武汉大学学报(自然科学版英文自然科学版英文)专题征稿专题征稿

数智守护数智守护: 基础设施的智能检基础设施的智能检(监监)测与数字孪生测与数字孪生

如何将智能检（监）测技术、无人机器人作业技术、物联网技术、人工智能及数字孪生技术进行有机结

合，构建全面、高效的基础设施管智慧管理养护体系，已成为学术界和工业界共同关注的热点问题，也是推动

智慧城乡、安全城乡、智慧路网、智能交通等领域发展的必然要求。为了及时反映该领域最新的研究进展，

Wuhan University Journal of Natural Sciences（武汉大学学报（自然科学版英文））将进行“数智守护：基础设

施的智能检（监）测与数字孪生”的专题征稿。征集的稿件通过严格评审后，计划于2025年以正刊专辑的形

式出版。我们诚挚邀请国内外从事相关研究的学者、专家踊跃投稿，分享最新研究成果，共同推动基础设施智

能检（监）测与机器人及数字孪生领域的科技进步。

征文范围包括但不限于以下主题征文范围包括但不限于以下主题:

灵巧传感器技术及智能检（监）应用

基础设施智能监测技术与数据原生

设计、建造及装备数字化关键技术研究

基于深度学习的基础设施缺陷检测与诊断研究

面向结构监测的智能传感器新技术

无人作业平台及作业机器人控制技术

异构网络数据安全与保密技术

基础设施智能检（监）测物联网系统构建及优化

传感器数据处理与网联数据传输处理技术

基础设施检测（监测）系统计量校准技术

基于多传感器数据融合的基础设施安全评价

基础设施管理中的人工智能与机器学习应用前沿研究

基础设施数字孪生模型的构建与验证研究

信息与物理空间数据共生共享

智慧运营维护与虚实共生

基于BIM与数字孪生的智能施工技术研究

管养数字化技术与平台

健康监测与智能预警技术

基础设施安全管理养护大数据平台构建与管理

智慧城市交通基础设施管理与优化研究

基于无人作业机器人的基础设施多源数据自动获取

智能传感器数字化可靠性评价技术

适应基础设施复杂环境下服役的高可靠测量技术

投稿网址投稿网址: https://www.editorialmanager.com/wujns/default2.aspx(投稿系统中 Article type 选择 Special issue-

Intelligent Inspection and Digital Twin for Infrastructure);

投稿截止日期投稿截止日期: 2025-01-10

更多期刊信息详见官网: http://wujns.whu.edu.cn/homeNav?lang=en(国内) https://wujns.edpsciences.org/(国外)

如果您有任何问题，请随时与我们联系:whdy@whu.edu.cn
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