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In this paper, we construct a new conjugate gradient method for solving unconstrained
optimization problems. The proposed method satisfies the sufficient decent property irre-
spective of the line search and the global convergence was established under some suitable.
Further, the new method was used to train different sets of data via a feed forward neural
network. Results obtained show that the proposed algorithm significantly reduces the
computational time by speeding up the directional minimization with a faster convergence
rate.
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1. Introduction

This study will consider the following model
min{f(x): z € R"}, (1)
where f is a smooth function defined by f: R™ — R whose gradient g(z) = V f(z) is always available [1].

Problem in the form (1) can be found in various specialized disciplines such as computer science,
machine learning, neural network, engineering, statistics and many more (see [2-7]). For simplicity,
the following abbreviations V(f(xx)) and f(xx) would be represented by Vi and fi throughout this
study and || || denote the Euclidean norm of vectors.

In recent years, different types of numerical algorithms have been developed for solving (1), however,
the conjugate gradient (CG) method has been considered as the most preferred, because of its low
memory needs, good convergence features and simple implementation, especially when solving large-
scale problems [8,9]. Like many optimization algorithms, CG method builds the sequence of iterate
using the following recursive computational scheme:

W41 = Wy + okdy, (2)

where wy, and wg4q1 are the present and the next iteration points, respectively, oy is the learning
rate obtained using either exact or inexact line search approaches [10]. The exact line search requires
computing oy such that the cost function is minimized along the search direction di. This procedure
is costly and time consuming, thus, many studies considered use the inexact line search approaches
such as Armijo line search (WP), backtracking and the Standard Wolfe line search (SWP) [11]. The
SWP is computed such as o}, satisfies

flae + awdi) < () + pogV f (2) " di,
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Vf(zk + odi) T dy = oV f (zk) T dy, (3)

with 0 < u < 0 < 1. In some cases, a constant value, like o € [0, 1], is set as the learning rate [12].
Recently, Sun and Zhang [13] proposed a new approach to replace the line search procedure discussed
above. The outcome from the study was very encouraging. For detail discussion of this see Sun et
al. [13] and Wu [14]).

Effective line search procedure and search direction di play important role in the convergence
analysis of the CG methods. For this reason, [15] highlighted the importance of starting the process
with the steepest descent direction, i.e. dy = —gg [16], otherwise, the convergence rate will be linear even
for a strongly convex quadratic function [17]. The successive directions are obtained in a predefined
sequence, defined as

dip = =V + Brdp_1 for k> 1. (4)
The choice of B lead to four classes of CG method, namely, scaled CG method [3], three term CG
method [18,19], classical CG method (two term) [11,20] and hybrid CG method [17]. All the classes
were developed to improve either the convergence or computational efficiency of the classical CG
algorithm [5].

Discussion on the convergence of the well known classical CG method like Hestenes—Stiefel (HS) [21],
Polak-Ribiere-Polyak (PRP) [22,23|, Fletcher-Reeves (FR) [|24], Liu-Storey (LS) [25], conjugate de-
scent (CD) [26], and Dai—Yuan (DY) [27] have been provided by many researchers [11,28]. The PRP
formula is considered to be the most effective in terms of numerical computation but its convergence
under the several line search is not guaranteed [5]. This drawback led to various modifications of the
PRP parameter. See Yuan et al. [29], Andrei [28], and Zhang et al. [30] for more detailed discussions
about the PRP method.

Recently, Rivaie et al. [5] defined a new denominator for the PRP method named the RMIL method
and discussed the convergence analysis of the method under both exact line search and inexact (Strong
Wolfe) line searches. However, Dai [31] raised concern about its convergence and suggested that the
convergence can only be valid if the CG parameter is restricted as follows:

g 1 (Ger1—9K) .
GRMIL+ _ S i gk < gkl (5)
0 otherwise.

Yousif [32] investigated this method under the Wolfe line search while Sulaiman et al., [33] presented
a new three-term direction using the above suggestion. The restriction above follows from the work of
Gilbert and Nocedal [34] on PRP method which states that if PRP method is restricted to be positive
and the learning rate is obtained by the line search strategy satisfying the sufficient descent condition:

gedr < pllgrl® n>0, (6)
then the method would be globally convergent [23]. Based on this result, Wei et al. [35] proposed the
WYL parameter with formula given as

WYL _ 9% <9k - ||gff|1|||9k—1> )
llgx—1112
The study shows that the parameter is always positive in addition to satisfying the important property
mentioned by Gilbert and Nocedel [34]. Various modifications of (7) satisfying the descent property
based on inexact line search have been provided (see [36]). One of the recent modifications is the work
of Zabidin et al. [37] with the parameter defined as

lgwll®>—1lgF gr—1]

if {lgkll® > wrlgi gr-1l,

BAlz m|gFdi_1|+lgk—1]I? ®)
[y~ Skl otherwise
dg,lyk—l ’
llsr—1ll
where p = )
A |

Based on the above trend, it is obvious that the modifications of the classical PRP CG method
are generally centred around changing the denominator or numerator. As indicated by Andrei [11,28],
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most of the modifications were defined by authors that a new denominator performs well but the
methods often consist of the previous search direction in the conjugate parameter. Kamilu et al. [12]
also construct a new denominator for the PRP coefficient which does not contain the search direction
as
KMAr _ 9k (9 — gk—1)
Bk - T : (9)
gk_1(gk + gk—l)

This new parameter has been found to be efficient under exact line search [12,19,38]. Another three-
term CG method based on the parameter has also been developed for unconstrained optimization and
image restoration [39].

Motivated by the above trend, this paper presents an improvement of (9) and applies the modifi-
cation to solving various data set in feed forward neural network. The remaining part of this paper
is as follows: Section 2 contains the derivation process of the new conjugate parameter with detailed
description of it algorithm. A sufficient descent condition and global convergence properties of the
method are discussed in Section 3. Section 4 consists of the numerical result generated by testing the
new method on some benchmark test problems. Lastly, the method was extended to solve real-life
application problems in feed forward neural network.

2. New method and algorithm
Consider the HS [21]| parameter defined as

T
95 (96 — gk—1)
BHS = . 10
g dl (gk — gr—1) 10)

Let the denominator for £ = 1 be defined as
M = di_y (g — gr—1)-
Substituting the initial search direction will give
M = —gi_1(9r — gr—1)
= 9} 19k1 — G 19k
= —gh1(gk + gr1).
Algorithm 1 KMAR + and KMAR++ methods.

Require: Initial point ¢y € R" for k = 0;

Ensure: ¢y > 0;

: Compute g(xp) set dg = —go, e =¢p and k=0

: Check if ||gx|| < € then stop.

: Compute the learning rate using (3)

: Update the new point using (2)

: Compute Sy using (11) or (12) and update dj, using (4)
: Set k =k + 1, Go to Step 2

S UL W N =

To modify the KMAR parameter, so as there is sufficient decrease in the function value, a number
of iteration and CPU time, and, above all, to make the parameter useful in the neural network, we
present the following two methods based on KMAR,

9F (gr—gK—1) . 2 T
BEMART _ ) g (gx+ox-1) if (gl > 19 gl ()

0 otherwise,

T gl

Ik (gk Tog—1119%—1
gt (g+gr—1)

0 otherwise.

GEMARTS _ it [|gxll® > pklgf gr-1l, (12)
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The new denominator employed in the new method is expected to play a significant role in the con-
vergence analysis. Note, this alteration differentiates the new method with classical PRP and WYL
method. Next, the algorithm of the new method called Algorithm 1 is presented below. The order of
the Algorithm was adapted from the work of Andrei [28] and Riviea et al. [5].

3. Convergence result

We begin this section by showing that the new parameter satisfies the sufficient descent property.
From [7], it follows that KMAR parameter will reduce to the following:

loxl?
0 < 5KMAR < , 13
: Tor 1T (13)

which would play an important role in the convergence analysis of the proposed method.

For a new CG method to be considered efficient, it must be able to possess the sufficient descent
property (6) and converge under certain conditions [15]. The proof presented in this section will be
supported by numerical results generated using different test functions in subsequent sections. The
convergence discussion will begin with the following assumption on the objective function.

Lemma 1. Let the sequence g, and d,, be generated by the KMAR+ and step length by the Strong
Wolfe line search, then

digr < =0lgel®, Yk >0. (14)
Proof. For k =0, we have
do = —4o,
96 do = — 95 9o
= —|lgg -
For k > 1, we have from (4), (11), and (13)
dy, = —gi + BEM ARy
gk |®
IR 7
Multiply both sides by g;{
2
9k
Ao = Nowl? + 12 gra (19
g1
Factor ||gx||? in RHS
[1gs Il 1]
o=~ |1 - TSl g e (16
hence (14) holds where § = [1 — ‘%w]. [

Assumptions A

1. The function f is bounded below on the level set Y = {x € R™: f(x) < f(z¢)}, where x — 0 is the
starting guess.

2. f is smooth in some neighbourhood N of Y and its gradient g(z) = V f(x) is Lipschitz continuous,
i.e., there exists a constant H > 0 such that ||g(z) — g(y)|| < H||lz — y|| Vz,y € N.

Lemma 2. Let Assumption A be true, using the new parameter, define in Algorithm A, where dy, is
a descent direction and the step length «y satisfying the standard Wolfe condition, then

o~ Vf () dy,
P AL 1
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Lemma 3. Let Assumption A hold and the parameter KMAR-+ generate the sequence
{xk,dk, ak, gr}. Then there exists a constant § > 0 such that

R=0 VE>1. (18)

Proof. The Lipschitz condition and first inequalities of standard Wolfe line search provide us with
the following

arH = (g1 — grr1) T di—1
> —(1—o)gldy
> (1-0)llgrll*

1o lal? | 1-0

Hldel* ~ H~y
Let X € (0, 15—;’) |
Theorem 1. Suppose Assumption A is true, consider Algorithm A with the step length satisfying
the standard Wolfe condition, then

o Z

lim inf ||g||* = 0. (19)
k—o0

Proof. If k£ = 0 then the statement holds. Suppose that (18) is not true, then there exists a constant

e > 0 such that
lgell =€ Vk. (20)

From (8), we have

dy, = —gi + Brdir—1

llgx|?
< ||ng + || Hgdk—ly
[lg]*
e ll* < llgell® + To H4Hdk 1%,
a2 1 ldeal?
lgell* llgell*  lgr—1l*
-l
<>
= 2
2 Ton]
k
< 9 21
- (21)
therefore, (18) implies
lgell® - 1
= — = +00,
2> L

which contradicts Lemma 2, hence
lim inf||gx|| =0,
k—o0

which completes the convergence proof. ]

4. Numerical results

The performance of KMAR+ and KMAR++ was investigated using the standard test function from
Andrei [11], with various initial points ranging from 2 to 10000. A comparison is made with ML+
and BAMEL hased on a number of iterations and CPU time.

A personal computer Intel Core i3-3217u 4GB DDR3 Memory 500 GB HDD was used to run each
algorithm after being coded on Matlab R2015b software. ||gi|| < € is set as the stopping condition
or the iteration would be terminated when the number of iteration exceeds 1000. A summary of the
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performance based on a number of iterations and CPU time is presented in Tables 1 and 2 respectively.
To further analyse the results, we employed a well-known performance profile tool introduced by Dolan
and More [40]. Details of the profile can be obtained in [5]. Figure 1 shows the performance in terms
of the number of iterations and CPU time.

Table 1. Performance Analysis Based On the Number of Iterations.

CG Method RMIL+ | KMAR+ | KMAR++ | AMRI+
Number of Success 17 79 51 15
Percentage of Success | 0.1604 0.7453 0.4811 0.1415
Number of Failure 24 0 0 24
Percentage of Failure | 0.7736 1 1 0.7736

Table 2. Performance Analysis Based On the CPU Time.

CG Method RMIL+ | KMAR+ | KMAR++ | AMRI+
Number of Success 0 32 59 17
Percentage of Success 0 0.3019 0.5566 0.1604
Number of Failure 24 0 0 24
Percentage of Failure | 0.7736 1 1 0.7736
1 T T = T T
RMIL+ RMIL+
0.9 —+— KMAR++| ] —+— KMAR++ | |
KMAR+ KMAR+
0.8 —— AMRI+ | ] —o— AMRI+ | ]
0.7 b
0.6 4
f;m 0.5 b
04 4
O.3§’ 4
02} .
01 .
0 e 0 . . . . . .
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1 0 0.5 1 1.5 2 25 3

t t

Performance profile outputs for RMIL+, KMAR+, KMAR++ and AMRI+ based on NOI (left) and
CPU time (right).

Fig. 1.

5. Application in neural network

Artificial Intelligence (AI) was designed to imitate the human brain [41]. There are various branches
of AI, popular among them is artificial neural network (ANN) [15]. This class is used in classifying,
optimizing, or prediction of a given set of data/information to give an appropriate results or output.
Training and testing of the data are the main stages in ANN. It is carried out in order to give the
room for the ANN to understand the pattern of data even when data set is incomplete [42,43|

In the literature, various learning methods have been designed for training set of data, function
minimization, and pattern recognition. A lot of these methods are based on the gradient descent
method [42,43|. One of the shortfall of this method is the bad convergence rate and poor computa-
tion results. To address this shortfall different Quasi-Newton methods have been employed and the
outcomes is remarkable [41,44]. However, this procedure requires the use of the inverse of the Hessian
matrix or its approximation, which requires a lot of storage and, therefore, cannot handle large-scale
data set.

To address this shortfall, this work applied a new CG method to train the set of data. The choice
of CG method due to the fact that it does not require any Hessian evaluation or its approximation
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during the iteration process. Also, the CG method can handle large-scale of data set. In what follows,
we present a CG based NN algorithm based on the ideas of [41-43|.

1. The given vector ug is transformed into the output vector ug by solving the following equation

() = 1(a) = £ X el 411,
j=1

2. The error that is the difference between the desired output and actual output is obtained using

F (k) = f'(xf)(di — uf).

(2 (2
3. Based on the following formula, we propagate the error signal at the output units backwards through
the whole network

n
=17\ _ -1 1,1
5j (k)_f/(xj )Z‘Sivij'
i=1

4. Learning update using CG search direction based on Algorithm 1.

To illustrate the performance of the proposed methods, their algorithms were coded in Matlab
program. The performance was compared with the classical training function like traincgf (FR) and
traincgp (PR) using the default parameters throughout.

6. Experiment and results

1. For the first problem, the study considers the Chemical sensor data set from the neural tool box.
The network architecture for this problem contains the one hidden layer with 10 neurons and a
single output layer. All the parameters use the default values as mentioned in the NN tool and a
maximum of 1000 iterations is set as the termination condition. For 100 simulation, the performance
based on the min number of iterations (epochs), maximum number of iteration (epochs) and the
percentage of the success of the algorithms are reported in Table 3. Figure 2 presents the regression
analysis of each of the training function for KMAR+ and FR methods while Figure 3 illustrates
the training performance. Also, Figure 4 presents the regression analysis and training performance
of each of the training function for PR method.

Table 3. Simulation Performance for Chemical Sensor Data Set.

Training Function | Min Epoch | Max Epoch | Succ
FR 17 97 100 %
PR 16 76 100 %
New 11 65 100 %

2. The second problem we consider is the Body fat percentage data set from a neural network tool
box. The network architecture for this problem contains the one hidden layer with 50 neurons
and a single output layer. All the parameters use the default values as mentioned in the NN
tool and a maximum of 1000 iterations is set as the termination condition. For 100 simulations,
the performance based on the min number of iteration (epochs), maximum number of iteration
(epochs) and the percentage of the success of the algorithms are reported in Table 4. Figures 5 - 7
demonstrate the training and validation performance of each of the training function for KMAR+,
FR, and PR methods, respectively. Based on these results, it is obvious that the proposed method
is efficient and can further find applications in other fields.

Table 4. Simulation Performance for Body Fat Percentage Data Set.

Training Function | Min Epoch | Max Epoch | Succ
FR 19 87 100 %
PR 18 46 100 %
New 10 41 100 %
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7. Conclusion

In this paper, a modified KMAR conjugate parameter is proposed for solving unconstrained opti-
mization problems. The new method is an improvement of the classical CG method and possess the
sufficient descent property irrespective of the line search. Further, the global convergence of the method
is discussed under suitable conditions. Results from numerical computation show that the new method
is promising. In addition, the method is extended on feed forward neural network and the outcome
has shown a reduction in a number of iterations and CPU time when compared to Classical training

function of FR and PR.
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OLI,IHKa l'IpO,D,yKTVIBHOCTI HOBOIO METO,EI,y cnmeeHoro rpa,u,leHTa AnA

HaB4adHHA Hel/lpOHHOI Mepe>K| 3 NpaMmunm 3B A3KOM

Kaminy K.!, Cyneiiman M. 123, Myxamman A. JI.', Moxamaz A. B.4, Mamar M.5

! Kagedpa mamemamuurux nayk, Paxysvmem 06uuUCM06aAbHOT METHIKU MA MAMEMAUMUKL,
Hayroso-mexnivunuii ynisepcumem Kawno, 718101, Bydia, Hizepis
2 IIxona winvkicnux nayk, Ynieepcumem Ymapa Manatizis, 06010, Kedax, Manatisisn
3 Inemumym modentosania cmpamezivnux npomucaosux piwens (ISIDM), SQS,

Vuisepcumem Ilieniunoi Manatiszii, Cinmox, 06010, Kedax, Manaatizis
4 IIxona cmomamonoziviux nayx, Ynicepcumem Cesmux Manratisii,

Kamnyc 3dopos’s (USM), 16150, Kybane Kepian, Keaanman, Manaiisis

5 Dakyavmem HPGOPMAMUKY Ma 064UCAI08AADHOT METHIKY,

Vuisepcumem Cyamana 3atinana A6idina, Tepernzany, Manatisis

YV miit cTarTi CTBOPEHO HOBUU METOJ[ CIIPSZKEHOTO TPAJI€HTa JJisi PO3B’sI3aHHS 3a/1ad
HEeOOMEKEeHOI OIITUMi3alii. 3amporoHOBAHNN METO, 33/ I0BOJIbHSIE BJIACTUBICTD TOCTATHBO-
r'o CIIyCKY He3aJIeXKHO Bif JiHiffHOrO TomyKy, i riiobasbHa 30iKHICTE OyJia BCTAHOBJIEHA 32
Jedaknx yMoB. Kpim Toro, HOBuil MeTO BUKOPUCTOBYBABCS JIJIsi HABYAHHS Pi3HOrO HAOOPY
JIAaHUX Yepe3 HEeHPOHHY Mepexy 3 HpsMuM 3B’s3koM. OTpuMaHi pe3ysibTaTi MOKa3yoTh,
1[0 3aIIPOITOHOBAHUN AJITOPUTM 3HAIHO CKOPOUIY€E 9aC OOUUC/IEHHS 38 PAXYHOK IIPUCKOPEH-
He CIIPSIMOBAHOI MiHIMI3aIll 3 BUIIOIO MIBUJKICTIO 3012KHOCTI.

Kntouosi cnosa: memod cnpsasicerozo epadichma; HEUPOHHa Mepestca; AHITHUT nowyk;
anai3 301oCcHOCT.
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