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Abstract. In this paper we propose a new multi-dimensional method to solve unconstrained global
optimization problems with Lipschitzian first derivatives. The method is based on a partition scheme
that subdivides the search domain into a set of hypercubes in the course of optimization. This parti-
tioning isregulated by thedecision rulethat provides eval uation of the"importance" of each generated
hypercube and selection of some partition element to perform the next iteration. Sufficient conditions
of global convergence for the new method are investigated. Results of numerical experiments are
also presented.
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1. Introduction

In this paper we consider the problem of finding the global (or absolute) minimizer
for amultivariate function f(y), i.e.,

minf(y), y € D, (1.1)
where the domain of search D is ahypercube,
D={yeR":a; <y <bj,1<i< N}, (1.2)

RY isthe N-dimensional Euclidean space and the objective function f(y) to be
minimized may be multiextremal. These problems are of substantial interest — see,
for example, Archetti and Schoen (1984), Dixon and Szego (1978), Horst and
Pardalos (1995), Horst and Tuy (1990), Pardal os and Rosen (1990), Pintér (1996),
Rinnooy Kan and Timmer (1989), Strongin (1978), Torn and Zilinskas (1989).

Generally any estimates of the global minimizer of the function f(y) are based
on some assumptions about the properties of the function behaviour. One of the
fruitful approachesis using the idea that the function f(y) satisfies the Lipschitz
condition

|f(y1) = f(y2)| < K||ly1 — yl| for any y1,y2 € RV, (1.3
* Thiswork was supported by RFBR Grant N 95-01-01073.
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where K isaconstant. In the framework of this approach a number of well-known
global optimization methods are proposed (see, for example, Evtushenko (1971),
Hansen et al. (1992), Piyavskii (1972), Shubert (1972), Strongin (1978)).

In recent years the above mentioned approach has been extended to take into
account some additional information about the functions to be minimized. For
instance, Hansen et al. (1989), Gergel (1992), Breiman and Cutler (1993), Bari-
tompa (1994) considered the functions with Lipschitzian first derivatives, i.e. sat-
isfying the condition

|f' (1) — f'(y2)| < L||y1 — v2|| for any y1,y2 € RY, (1.4)

where f’(y) isthefirst partial derivative of f(y) with respect to the direction y1%5.
Choosing any iteration point in the optimization process, these methods use the
values of the first derivatives of the objective function in addition to the function
values. This additional search information is used to increase the efficiency of
finding the global minimizer.

In this paper we discuss a new method for minimizing multiextremal functions
for which the first derivatives satisfy the Lipschitz condition (1.4). This method
generalizesthe univariate global optimization techniquegivenin Gergel (1992) toa
multi-dimensional case. Theextension of the original algorithmisbased ontheidea
of reducing the initial multi-dimensional optimization problemsto equivalent one-
dimensional problems using the scheme given in Pintér (1986) (some alternative
schemesfor such reduction are reviewed, for example, in Butz (1968), Evtushenko
and Potapov (1994), Meewella and Mayne (1989), Strongin (1978)).

Optimization problems considered in this paper are rather specific. In contrast
with various known methods (see, e.g., Breiman and Cutler (1993), Baritompa
(1994)), we assumethat the value of the Lipschitz constant may be unknown a pri-
ori. Similar problems (in the case when the condition (1.3) is used instead of (1.4))
have been investigated in the framework of the information approach to global opti-
mization (see Strongin (1978)). Such problems are also studied in Sergeyev (1995)
where the mgjor attention was dedicated to estimating local Lipschitz constants.

If the problem belongsto thistypethen any guaranteed boundsfor thefunctionto
be minimized can not be determined. Asaresult, the general approachesdevel oped
in Horst and Tuy (1990), Pintér (1996) cannot be used in this case to establish
convergence properties of global optimization techniques. That is why to analyse
the proposed method we have to carry out some extended investigations.

For the sake of simplicity we present our approach in two successive steps.
Initially the one-dimensional caseis considered and Section 2 contains the general
scheme of the method, a detailed description of the univariate version of the
method and some results of numerical experiments. Then we apply this scheme
to the multi-dimensional case (Section 3). First we briefly discuss how to extend
the univariate optimization technique to a multivariate one and then provide the
algorithmic scheme of the method. Finally, we investigate convergence properties
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of themethod (Section 4) and describetheresults of numerical experiments(Section
5).

2. Algorithm for the One-Dimensional Case

In this Section the objective function is a univariate differentiable function f(z),
the domain of search D isan interval [a, b] and the condition (1.4) is satisfied with
an unknown constant L.

APPROACH. Let us start with a brief description of the univariate global opti-
mization method proposed in Gergel (1992). This method belongs to the class of
characteristical optimization algorithms(see Grishagin (1979), therel ated approach
presented in Pintér (1986)) and can be described as follows.

Iteration points generated by the method subdivide the initial search domain
into a set of subintervals. At any iteration, to make the next optimization step, the
method examines the "importance” of each subinterval and selects a point for the
next function value evaluation within the most "important" subinterval. To solve
the optimization problem successfully the "importance” of the subinterval must
correspond to the possibility of the global minimizer being within the subinterval
(the value of importance expressed numerically is called the characteristic).

To assign characteristics for subintervals of the search domain the following
approach has been used.

As can be proved from the condition (1.4), taking into account the Taylor
expansion of f(x), limited to the second order term, the next inequality is satisfied

f(2) > f(2) + f(2)(& — ) — O5L(z — )’ 21)

with z, z € [a, b]. It meansthat if for any subinterval [z1, z2] € [a, b] the function
values are evaluated at the interval endpointsthen

f(@1) + f'(z1)(x — 21) — O5L(z — 71)?
f(x2) — f'(x2)(x2 — z) — 0.5L(z2 — x)? ) , (2.2)

wherex € [z1, z2]. From (2.1), (2.2) we can estimatetheleast value of the objective
function f(z) within theinterval [z1, z2] (see Figure 1)

f(@) > Rlz1,22] = f(z1) + f'(21) (2 — 21) — 0.5L(% — z1)?, (23)

f(z) > max <

where

—(f(z2) — f(z1) + (f'(z2)m2 — f'(21)71) + 0.5L(25 — 23)
L(zz2 — 1) + (f'(z2) — ['(71)) '
Below the expressions(2.3), (2.4) are used to calculate the values of theinterval

characteristics, but various numerical estimates of the Lipschitz constant are used
instead of L.

(2.4)

T =
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Figure 1. The least value estimate of the function f(z) within the interval [z1, z2] using the
Lipschitz condition for the first derivatives.

SCHEME. The global Method using Derivative values (MD) proposed in Gergel
(1992) can be described as follows.

To start with MD, the values of the function f(z) and its derivative f'(z) are
calculated at the points 20 = a and ' = b (such calculations will be referred to
astrials at corresponding points). The point z(5t1, s > 1 of the next (s + 1)-th
iteration is selected in the following way:

1. Order the points z°, ..., z* of previous trials by increasing their coordinates,
e
a=20<T1< ... <x; < ...<x5=0"0 (2.5)
2. Compute absolute values of the slopes of the function to be minimized over
eachinterval (z;_1,2;), 1 <14 < s,

(|21 — 24
Ti — Ti—1
2[—(z; — 2zi—1) + 24 _q(m; — @i
M; = max (7~ 7i-1) 1(2Z Zl)],lgigs, (2.6)
(z; — wi-1)
2[(zi — zi-1) = zj(%;i — xi-1)]
\ (xz - xi—l)z ’

where z; = f(z;), z} = f(zi), 1 <i<s,andz;, 1 < i < s, arefrom (2.5);
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3. Compute an estimate of the Lipschitz constant

1ifM=0,

M = mex M, m:{rM it M >0,

max 2.7
wherer > 1isthe parameter of the method and M;, 1 < i < s, arefrom (2.6);
4. Calculatefor eachinterval (z;-1,;), 1 <i < s, thevalue

R(Z) =z, 1+ Zéfl(i"i — :L"Z',l) — 057’)7,1(531 — :131;1)2, (28)
where
m; = 0.5m(1+ (M;/m)?), (2.9)

b = —(2 — zi—1) + (2w — 2}_qwi—1) + 0.5m;(z2 — 22 ;)
' mi(zi — zi-1) + (2] — 2_1)

(2.10)

We shall call R(7) the characteristic of theinterval (z;_1, ;);
5. Find among the intervals (z;_1, z;), 1 < 7 < s an interval with the minimal
characteristic

R(t) = min R(i); (2.12)

1<i<s

6. Execute a new trial at the point z5*1 = %, , where t is from (2.11) and i; is
calculated according to (2.10).

The algorithm stops when
(71 — m-1) <, (212)
where ¢ isfrom (2.11), and e > O isapreset accuracy. The values

*x : ) *x : )
25 = gmin f(a"), @ =arg min f(z") (2.13)

may be taken as an estimate of the global solution of the problem (1.1), (1.2).

REMARK 1. Thevalueof m in (2.7) presentsanumerical estimate of the Lipschitz
constant. Increasing the method parameter » improvesthereliability of the method
implementation (because an adequate estimate of the Lipschitz constant of the
objective function may be provided). But, on the other hand, large values of » can
be a reason for increasing the number of method iterations implemented by the
method until the stopping condition (2.12) is satisfied.

It should be noted that the value of m may overestimate the Lipschitz constant
obtained for the objective function over subintervals of the search domain (see the
related discussionin Hansen et al. (1992), Sergeyev (1995), Pintér (1996)). That is
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why the method usesa"local” estimation of the Lipschitz constant for each search
subinterval (z;-1,;), 1 < i < s, in accordance with (2.9).

REMARK 2. The characteristic R(i) from (2.8) is alower estimate for values of
the objective function f(z) within the interval (z;_1, ;) (see Figure 1). Taking
account of (2.11) we can conclude that the point 251 of anew trial istaken within
theinterval (z;_1, z;) containing the estimate of the smallest possible value of the
objective function f(z) over theinterva [a, b].

CONVERGENCE. The convergence properties of the method are given by the
following Theorem (see Gergel (1992)).

THEOREM 1. If MD is used to solve the problem (1.1)—(1.2) and the condition
(1.4) istrue, then for any accumulation point z of the minimizing sequence {z*}
generated by this algorithm the following statements are valid:

(1) the point Z is a local minimizer if the function f(z) has a finite number of
local extrema within the interval [a, b];

(2 2* = f(z*) > f(z),s > 1, i.e. the algorithm does not converge to points
where the function value exceeds the result of some realized trial;

(3) if thereis another accumulation point  of the sequence {z*}, then f(z) =
f(), i.e. a smultaneous convergence to points with different function values is
impossible. Hence, if the minimized function is not a constant then the method will
produce a nonuniformnet in the interval [a, b];

(4) if at some step we obtain m > 2L , wherem isfrom (2.7), then z will be a
global minimizer of f(x) and, moreover, the set of all accumulation points of the
sequence {z* } will coincide with the set of global minimizersof f(x).

NUMERICAL EXAMPLE. To demonstrate the method potentialities we present
the results of minimizing the objective function (see Strongin (1978), Hansen et
al. (1992))

f(z) =sinz +sin10z/3 + Inz — 0.84z + 3, z € [2.7,7.5]. (2.14)

The parameter r from (2.7) and the accuracy parameter ¢ from (2.12) have been
taken asfollows: »r = 1.1, ¢ = 0.0001(b — a).

The function to be minimized is shown in Figure 2a. In Figure 2b the series
of vertical strokes indicates the trial points z;, 0 < 7 < 20, from (2.5) in which
the values of the function f(z) and its first derivative f'(z) have been calculated
(the dark rectangle denotes the group of closely located points). In Figure 2c¢ the
segments of the broken line connect successively (from bottom to top) the points
corresponding to pairs (z*, s), (z°*1, s + 1), where z* is the coordinate, s is the
number of trials. The total number of iterations is 21 until the stopping condition
from (2.12) is satisfied.
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Figure 2. An example of implementation of the Method using Derivative values (a) the view
of the function to be minimized, (b) the points generated by the method, (c) optimization
dynamics.

Results of more extended numerical experiments for this method are given in
Gergel and Sergeyev (1994) where some comparison with other methods are also
presented.
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3. Algorithm for the Multi-Dimensional Case

Let us consider the N-dimensional (N > 1) case. Assume that the objective
function f(y) from (1.1) is differentiable and the condition (1.4) is satisfied with
an unknown constant L.

APPROACH. We propose a method for solving multi-dimensional global opti-
mization problems that is formulated as a diagonal extension of the univariate
optimization technigque described above (the approach is used for such extension
has been suggested in Pintér (1986)). Some necessary concepts and notation are
given below.

In accordance with this approach at any iteration the search domain D is subdi-
vided into several hypercubes. Let D;, 1 < i < s, denote these hypercubes, o and
3 denote the lower left and the upper right vertices of D;, 1 < i < s, accordingly,
i.e

Di={yeD:ai<y; <P}, 1<j< N}, 1<i<s, (3.2)

where s is the number of the current iteration. To split the search domain, the
hypercubes have to be taken in such away that

U;_1D; = D, <Di>ﬂ<D]‘>=®, i # g,

where < D > denotestheinterior of D (the pair D; and D; may have a common
face). It isalso required that the values of the objective function and itsfirst partial
derivatives at the points o, 3°, 1 < i < s, of the current partition of D should be
calculated at previousiterations. An example of such a partition of D is depicted
in Figure 3a (trial points are denoted by bold dots).

Onthe basisof some partition of the search domain a multi-dimensional method
can be formulated as an univariate one. To perform an iteration, the method has
to calculate characteristics for the hypercubes D;,1 < i < s, then to choose the
hypercube which has the best (maximal or minimal) characteristic. Finally, the
chosen hypercubeis used for selecting some new iteration pointsand then it is split
into several parts.

To describeamulti-dimensional extension of our univariate method let usdenote

vi = f(a), ui=f(B), 1<i<s, 3.2)

tﬁm@@>/A21<i<s, (3.3)

fi( i)dﬁ-) JAT, 1<i<s, (34)
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Figure 3. The method using derivative values for the multi-dimensional case (MDM): a) the
structure of the search domain partition (N = 2), b) the scheme of splitting a partition element
(N =23).

where f;(y) isthefirst partial derivative of f(y) with respect to the j-th coordinate
of y, d; isthelength of the j-th edge of D;, 1 < i < s,i.e

di=fi—al, 1<j<N, 1<i<s, (35)

and A’ isthe length of the main diagonal of D;, 1 <i < s, i.e.

|-N -|1/2
Al = p(af, BY) = [Z(Bj- — a;l)ZJ . 1<i<s. (3.6)

=1

As it can be noted, v;(u;) and v}(u}) denote the values of the objective function
f(y) and itsfirst directional derivative with respect to the main diagonal of D; at
the paints o, 8%, 1 < @ < s, respectively.

SCHEME. The global Method using Derivative values for the Multi-dimensional
case (MDM) can be described as follows.
First, two initial trials are calculated at the points y>! = a, y'2 = b, i.e.

Di1=D, a'=a, gt =0, (3.7

where the vectors a and b are from (1.2). The points 3551, 5112 s > 1 of the
next (s + 1)-th iteration are selected in the following way:
1. Compute the absolute values of the slopes of the function f(y) over the hyper-
cubes D;,1<i < s
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( v — vil
St
2 (ui—v) + oA
M; = mazx (A7)2 » 1<i<s, (3.8)
2[(u; — v;) — Ul Al
\ (A))2 ’

where v;, vl, u;, ulb, A%, 1 < i < s, arefrom (3.2)~3.6);
2. Compute an estimate of the Lipschitz constant

V=t m={ 57 it S o 9
wherer > 1isthe parameter of the method,;
3. Calculate for each hypercube D;, 1 < 7 < s, the characteristic
R(i) = v; + v}6" — 0.5m;(8%)2, (3.10)
where
m; = 0.5m(1+ (M;/m)?), (3.11)
5= —(ui — ;) +ufA" + 0-5mz'(Ai)2_ (3.12)

m; A" + (uj — v;)

4. Find among the hypercubes D;, 1 < i < s a hypercube with the minimal
characteristic

R(t) = min R(i); (3.13)

5. Execute new trials at the points

y = e, (3.14)
g2 = (i), (3.15)
where
L B, J#l,
S 1)
ys—|—1,2 — O‘;‘a J 7é L,
ol +8tdi Al G =1,
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and [ is the number of the longest edge of Dy, i.e.

di = max_d:

max - dj, di, 1< j < N, from(35). (3.16)
\.]\

6. Subdivide the hypercube D, into two parts

Di={yeDy:ai=af<y;<fi=y;"1<j<N}), (317
Di={yeD;:al=y"? <y <Bl=pL1<j <N},  (318)

wheret isfrom (3.13) and y* 11, 1.2 are from (3.14)—3.15). Then replace
the hypercube D; in the search domain partition by its subhypercubes Dy, D;
(the scheme of such subdivision is shown in Figure 3b).

The algorithm stops when
At < €, (319)
wheret isfrom (3.13), and £ > 0 isapreset accuracy. The values
* — . . ’L,] * — . . ’L,]
7 = min 1@!22]" (y™'), =3 =arg min - mi sz (y"7) (3.20)

may be taken as an estimate of the global solution of the problem (1.1), (1.2).

REMARK 3. The hypercube characteristics can be computed according to the
equivalent formula based upon the upper right boundary point of the hypercube

R(i) = u; — ul(A? — %) — 0.5m;(A? — §%)2, (3.21)

where §° isfrom (3.12) and A? from (3.6).
The convergence conditions of MDM are considered in the next section.

4. Conditions of Convergence

It should be noted that though our method has been formulated in the framework
of the partition algorithm scheme (see Pintér (1986)) but the assumption that the
Lipschitz constant of the function to be minimized is unknown prevents us from
using general convergence results obtained in Pintér (1986). In particular, in this
case one cannot propose any characteristics (a partition operator) which satisfy the
monotonicity condition (see for details Pintér (1996)). That is why to analyse the
proposed method we have to carry out some extended investigations.

LEMMA 1. For thevalueof §%,1 < i < s, from(3.12) the inequality

maz[6', A" — 5] < % (1 +- i 1) A (4.2
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is satisfied, where A’ is the length of the main diagonal of the hypercube D?,
1< <s, from(3.0).
Proof. From (3.8) it follows that

—(u; — v;) < —vi A" + 0.5M;(AY)2,
Taking into account (3.12), we shall get

(uj — v))A* + 0.5(m; + M;)(A")*
m; A + (uf — o)) N
— Aif1- I N (i UL e A R
(1 mi+(u;~—v2)/A’> s ! mi + M;
0.5(1— M; /m¢)>
1+ Mz/mz) )

" <

= A’ (1 -
From (3.9), (3.11),

5 < A (1—M> = %(1+ 2 A

1+1/r) r+1
The inequality,
1 2 .
A=< (14 —)A?
2( + 7’—1—1)

can be shown similarly.

LEMMA 2. Let y be alimit point (a point of accumulation) of the sequence {y*}.
Then for any other limit point g, it follows that

@) = f(@) (4.2)

Proof. As g isalimit point and Lemma 1 is true then a sequence of hypercubes
D5y should exist so that

j € Dj(s) and lim A7 =0, (4.3)
where A7 isfrom (3.6). Asaresult

lim R(j(s)) = f(©), (4.4)

S§—00

Then for any # > 0 there exists an iteration p > 1 so that the inequality

f(@) —0<R(j(s)) < f(g)+0 (4.5)

isvalidif s > p.



SOLVING PROBLEMSWITH LIPSCHITZIAN FIRST DERIVATIVES 269

Now let us assumethe contrary, i.e. that the condition (4.2) is not true. Without
loss of generality, let

(@) < f(®) (4.6)
In this case any hypercube D; with
g€ D;yand R(I) > f(y) — 6, (4.7)

where 6 isfrom (4.5) and

0= (f(9)—f®)/2 (4.8)

cannot be chosen by MDM as the hypercube with the minimal characteristic (see
(4.5)—«4.8)). From (3.13)—3.16) it follows that if s > p then new trial points will
not fall within such hypercubes. As aresult (4.3)—(4.4) cannot be obtained for 4,
but this contradicts the fact that ¢ is alimit point.

Thusthe condition (4.2) must be true.

THEOREM 2. Let {y°} be the sequence generated by MDM in the course of
solving the problem (1.1)—<(1.2) and assume that the condition (1.4) is satisfied. If
at someiteration p > 1 for the value mfrom (3.9) the inequality

m > yL, (4.9
where

B {2(7“4—1)]2[5 <3r+5) +1]

7= r—1 Le \ r+1

(K is the Lipschitz constant from (1.3), ¢ is from (3.19), r is from (3.9)) is true,

then any point of the absolute minimum y* is a limit point of the sequence {y*}.

Moreover, any limit point ¢ of this sequencewill be a global minimizer of f(y).
Proof. Initially we shall prove that if (4.9) istrue then

R(i) < f(y) (4.10)

forany y € D;, 1 < i < s. Let o bethe distance between o and v, i.e.
N 1/2
o' = pla’,y) = [Z(yj - a§)2] :
j=1

From (3.10)

R(i) = v; + v'6" — 0.5m;(0%)? = v; — Ko® — 0.5L(0%)% + Q;,
where

Qi = vi6' + Ko' — 0.5m;(6")? 4+ 0.5L(0%)2.



270 V. P GERGEL

Taking into account the Taylor expansion of f(y) at o’ it followsthat (4.10) istrue
if @Q; < 0. Letusconsider acasewhen thisinequality isvalid.
From (4.1) we can conclude

Qi < K(0"+ A% — 0.5m;(69)2 + 0.5L(AY)? <
T r4+3 r—1\?
KA | = =05 |m; (57— ) +L
< [2(7"-|-1)+1] Oslm’ <2(r+1)> i

From (4.11) it can be shown that Q; < O if

2 2 . .
my > 2 {2(”1)} (i) [O.SKN?’T_:-lS +o.5L(N)2} >

(AH2. (4.11)

r—1 Al r
2r+1)12[K 3r+5
> — 1| L
[7"—1] [L£7"+1+ }

(the last inequality follows from A* > ¢).
Now let us prove that y* hasto be alimit point of the sequence {y*}.
Assumethe contrary, i.e. y* isnot apoint of accumulation. Then therewill exist
anumber ¢ > Osuchthat for all iterations/ > ¢ trialswill not fall in the hypercubes
D; suchthat y* € D;. But in accordance with (4.9), (4.10)

R(i) < f(y") (4.12)

if s > max(p, q). Onthe other hand, for any limit point y it follows (4.3), (4.4). But
f(y) > f(y*) and (4.12) contradicts to (4.4). Then our assumption is not true and
the point y* of absolute minimum of f(y) isalimit point of the sequence {y*}.

Thefact that any limit point y hasto be aglobal minimizer followsimmediately
from Lemma 2.

REMARK 4. The coefficient -y from (4.9) can be written in asimple form for the
range of large values of the method parameter »

v >~" =4(1+ 3K/ Le).

MODIFICATIONS. To provide additional convergence properties for MDM we
shall consider some modifications of the rules (3.8), (3.10)—<3.12).

L et us extend the expressions (3.2)—3.6) for any two pointsp, g € D:

- the distance between p and ¢ is equal to

N 1/2
A(p,q) = [Z 5 (p, q)] (4.13)
=1

where d;(p, ¢) isthe difference between the j-th coordinates of p and ¢, i.e.,

di(p,q) =q; —pj, 1<j<N. (4.14)
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Instead of (3.3)—(3.4) now we calculate the values

A(p,q), if |I| > 1,
Wzlgf ]/@)|H> w15
1g"gv[f (p)sign(di(p,q))], if [I] <1,
o [ s ]/A(p, Q). it |7]> 1, w16
@%m@m@@mmLﬁuml
where
I'={i: 1<i<N, fi(p)di(p,q) <0},
Jz{j 1<]<N7f]()](7)>0}7

and |I| (|.J]) denotesthe number of elementsof theset I (.J), sign(x) denotesthe
sign of z. Asaresult of caculations, 7’ (@) in (4.15)—(4.16) contains the smallest
(the largest) value of the first directional derivative of f(y) with respect to any
direction

apy suchthat (y; — p;)d;(p,q) >0, 1< j <N,
(aqy suchthat (y; — q;)d;(p,q) >0, 1< j < N)

at the point p (¢), whered;(p,q), 1 < j < N, arefrom (4.14).
The modification the MDM is formed by the following rules.

M odification 1. The formula
M; = maz § M(a,y2), yi # o, (4.17)
M(ys, 0%, s # 15,
where y} isfrom (3.20) and
|ﬂ, - Q_),|/A(p, Q)a
M(p,q) = maz { 2[—(u—v)+0'A(p,q)]/A%(p,q), (4.18)
2[ (U’ - ’U) - ﬂIA(pa Q)]/Az(pa q)a
has to be used instead of (3.8) for

ielr={i, 1<i<s : y; €D} (4.19)
M odification 2. The formula
R(i) = min § R(a',y5), y5 # o, (4.20)
R(ys.6'), ys # 06",
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where m; isfrom (3.11) and

R(p,q) = v+ 0’6 — 0.5m;62, (4.21)
—(u—v) + @A(p, q) + 0.5m;A%(p, q)
miA(p, q) + (@' — ')

hasto be used instead of (3.10) for the case (4.19).

5 =

: (4.22)

REMARK 5. The hypercube characteristics R(p, ¢) from (4.21) can be computed
according to the equivaent formula based upon the upper right boundary point of
the hypercube

R(i) = u —u'(A(p,q) — 0) — 0.5mi(A(p, q) — 0)?, (4.23)

where § is from (4.22) and A(p, ¢) is from (4.13).
We shall denote the multi-dimensional method combined with (4.17)—(4.22) as
MDM1.

THEOREM 3. Let the point y be a limit point of the sequence {y*} generated by
MDML1 in the course of solving the problem (1.1), (1.2). Then the function values
at any iteration point cannot be lessthan f(y), i.e.

Fy™) > (@), 521, 1< <2
Proof. Assume the contrary, i.e. the value

FP) < f(y)

has been obtained at someiteration p > 1. Asaresult the minimum function value
f(y¥) from (3.20) isalso lessthan f(7), i.e.

zs = fys) < f®) (4.24)

If s > p, then the rules (4.15)—(4.16) provide that there exists a hypercube D,
1 <1 < s, that contains the point y* and

o' (e, y}) <0ord(y},B") <O0.

In both casesthe characteristic of D, calculated in accordancewith (4.21) or (4.23)
islessthan 2} , i.e.

R(l) < z* (4.25)

Thusfrom someiteration s > p there existsahypercubewhich hasits characteristic
less than the characteristics of the hypercubes containing the point 7 (see (4.4),
(4.24), (4.25)). As aresult y cannot be a limit point. This fact contradicts the
assumption of the Theorem.
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THEOREM 4. Let the point ¢ be any limit point (a point of accumulation) of the
sequence {y°} generated by MDML in the course of minimization of the bounded
function f(y), y € D. If the point y belongs to the interior of D then y will be a
local minimizer of the function f(y).

Proof. Let us assume the opposite, i.e. that the limit point 7 is not a local
minimizer. Then thefirst partial derivative of f(y) with respect to some coordinate
of y isnot equal to zero (f/(y) # Ofor somei, 1 < i < N). Otherwise, the point
will bealocal maximizer, or asaddle point. Let us consider all possible situations.

(1). Consider the case f/(y) # 0 for some 4, 1 < 7 < N. Without loss of
generality, let f/(y) < 0. Then the two following situations are possible.

In the first case at some iteration g a new trial is carried out precisely at the
point y. Therefore for al iterations s > ¢ there exists a hypercube Dy, | = I(s),
containing the point y and

Bl — 7> 0.

From Theorem 2, (4.15) and taking into account our assumption it follows that
(7, B') < 0. Asaresult,

R(I) < f(y)
and from (4.3)—(4.4)
lim A0 — 0.

Since, in accordance with (3.16), the coordinates y;, 1 < 7 < N, for subdividing
the hypercube D, from (3.13) are used consecutively, so at some iteration p > 0
the point ¢ of anew trial is such that

f(@) < f(). (4.26)

Thisineguality contradicts Theorem 3.

Now it is necessary to consider the second situation when we have i # y*",
s> 1 1< v <2 e trid points do not coincide with the limit point. Let
the point § belong to a hypercube D;, j = j(s), at the s-th iteration. If there
exists convergence to the point § then (4.3)—(4.4) are true. Due to the fact that the
coordinatesy;, 1 < @ < N, for subdividing the hypercube D; from (3.13) are used
consecutively and taking account of our assumption, at someiteration ¢ > 0 anew
trial is carried out at some point ¢ in which (4.26) holds. But this situation also
contradicts Theorem 3.

Now we can conclude that, if the point 7 is not alocal minimizer of f(y), it
should haveat least f/(y) = Oforanyi, 1 <4 < N.

(2). Consider the case when f/(7) = 0 for any i, but the limit point 7 isalocal
maximizer. As isalimit point then there exists a subsequence of hypercubessuch
that (4.3)4.4) are true. Therefore, at some iteration ¢ > 0 a new tria is carried
out at some point ¢ such that (4.26) holds.
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Asit contradicts Theorem 3, the limit point cannot be alocal maximizer.

(3). Similarly, it can be shown that the situation when the point 3 is a saddle
point is aso impossible.

Having considered al this, we can conclude that ¥ must be a point of local
minimum of f(y) and the Theorem has been proved.

5. Numerical Results

In this Section we present some numerical experiments to study computational
behaviour of the proposed optimization techniques.

In the first series of experiments we use test optimization problems given in
Dixon and Szegt (1978). The first of these functions is the Goldstein and Price
(GP) function stated as follows:

F(y) = [1+ (y1 + y2 + 1)%(19 — 14y + 3y% — 14y, + 6yry2 + 3y3)] *
[30 4 (2y1 — 3y2)?(18 — 32y1 + 12y? + 48y, — 36y1y2 + 27y3)],

where —2 < y1,y2 < 2. Level curves of this function are shown in Figure 4. As
it can be noted, f(y) has four local minima. The global minimum is at the point
(0, —1) with the value F'(0, —1) = 3.

Initially to solvethis problem we have set the method parameter » = 1.4, where
r isfrom (3.9), and the accuracy ¢ = 0.1||b — a||, where ¢ is from (3.19) and a, b
isfrom (1.2).

The Method using Derivative values for the Multi-dimensional case (MDM,
see Section 3) has made 66 iterations, that corresponds to 132 function and first
derivative value evaluations. The global minimum estimate is

ZF =17.63, y* = (—0.21,—1.11).

To estimate the global minimum more precisely the proposed method can be
applied in the mixed mode when purely global iterations are combined with local
steps around the current estimate of the optimum. According to this scheme (see
Strongin et al. (1988)) for each odd iteration the value of R(i) in (3.10) and (4.20)
are replaced with

R(i) = (R(6) — R~ (8))/[((u; — 22) (v; — 22))? + 10 °my;], (5.1)

R™ (i) = 12|28R(z),
and z} isfrom (3.20), m; isfrom (3.11).
Making the second experiment we have set ¢ = 0.01|b — «a|| and
r = 1.4 and the mixed scheme has been employed after 50 iteration MDM. In
this case the total number of iterations is 68 that corresponds to 136 function and
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Figure 4. Minimizing the Goldstein and Price function by MDM.

first derivative value evaluations. Trial points marked by bold dots are shown in
Figure 4. The global minimum estimate is

25 =377, yF = (—0.045,—1.037).

Let us discuss how to set a value of the method parameter » from (3.9). As
it can be noted, the parameter is used to increase a numerical estimate of the
Lipschitz constant of the function to be minimized (see (3.9)). Inthisconnection the
parameter can be regarded as a reliability coefficient of the method. Increasing the
value of the parameter can improve the probability of finding the global minimum
(because an adequate estimate of the Lipschitz constant is provided). On the other
hand, large values of » can be a reason for increasing the number of method
iterations implemented by the method until the stop condition is satisfied. To
illustrate the influence of the method parameter, the experiment with » = 2.0 and
e = 0.01)|b — a]| has been carried out (the mixed scheme has been employed
similarly). In this case the total number of iterationsis 78, that correspondsto 156
function and first derivative value evaluations. The global minimum estimate is
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Figure 5. Minimizing the Goldstein and Price function by the modified version of MDM.

Z* =3.0011, y* = (—0.00031, —0.99851).

In practice the range from 1.5 to 3.0 can be recommended for the parameter val ues.

To solve the same problem the modified method MDM1 (see Section 4) with
r = 1.4ande = 0.01||b—a|| hasmade 96 iterations. Theglobal minimum estimate
is

2+ =3.03, y* = (0.0042, —1.0067).

To compare both variants of the proposed method the trial points of MDM1 are
givenin Figure 5.

Table 1 contains the results of minimizing the Goldstein and Price function
by other methods (these examples are taken from Breiman and Cutler (1993)).
Besides, Table 1 also givesthe results of minimizing the Branin (RCOS) function:

F(y) = (y2 — (5.1/47%)yZ + (5/7)y1 — 6)* + (10 — 1/87) cosy; + 10,

where —5 y1 < 10,0 < y2 < 15.
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Table 1. Results of Minimizing Test Problems by some well-known

methods
Method Number of function evaluations
Function
GP RCOS

Torn 2499 1558
de Biase and Frontini 378 597
Price 2500 1600
Bremermann 300 160
Rinnooy Kan and Timmer 148 206
Snyman and Fatti 474 -
Vanderhilt and Louie 1186 557
Breiman and Cutler - 269
MDM 136 124
MDM1 192 148

Themethodol ogy of the computational experimentsto compare numerical meth-
odsisdiscussed widely (see, for example, Jacksonet al. (1991), Horst and Pardalos
(1995), etc.). The scheme used in the paper has been proposed in Grishagin (1978),
Strongin (1978). In the framework of this approach the method to be compared has
to be applied for solving awide variety of test optimization problems. In perform-
ing these computations, the values of method parameters have to be fixed and the
problems have to be selected in a random way. As aresult of these calculations a
number of pairs {(s, ps)} can be obtained , where s is the number of function and
first derivative evaluations and p; is the fraction of functions for which the global
minimum has been found with the given accuracy after this amount of optimization
iterations. These pairs are referred to as operational characteristics of the method
and they can be plotted as a broken line graph.

To estimate operational characteristics of the proposed method we used a set of
multiextremal functions, each of them stated as follows (see Strongin (1978)):

i=1j=1

7 7 2
fly) = (ZZ [Aijaij(y)+Bijbij(y)]) +
oy 12

7 7
+ (Z > [Cijaii(y) - Dijbz'j(y)]) : (5.2)

i=1j=1
where

aij(y) = sinmiyy SINTjyo,
bij(y) = cosmiyy COSTjy2,
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Figure 6. Minimizing the function from the second series of numerical experiments.

and 0 < y1, 92 < 1. To explain the nature of these functionsit should be noted that
the expressions (5.2) describe the stresses of athin elastic plate under transverse
load. Level curvesfor one such function are shown in Figure 6.

Thevalues A;;, B;;, C;;, D;; for any function to be minimized are generated
by arandom mechanism. A total of 50 functions has been chosen.

Within these experimentswe use MDM with the method parameter » = 1.4 and
the accuracy ¢ = 0.01||b — al|. The results of minimizing (tria points) for one of
the functions (5.2) are shownin Figure 6.

Each function has been minimized several timeswith different numbersof pure-
ly global steps when the formula (5.1) was not applied. Operational characteristics
that have been obtained are givenin Figure 7. To compare the results, we present in
Figure 7 operational characteristicsfor some other methods (see Strongin (1978)),
viz.:

—the uniform grid (UG) algorithm;,

— the random or Monte-Carlo (MC) method;
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Figure 7. Operationa characteristics for the globa optimization methods.

— the multi-start (MS) local scheme of using the Nelder—Mead (1964) method
from various start points selected randomly in the search domain.

To mark the operational characteristics of the presented optimization techniques
we usethesigns"+", "x" and "O0" respectively.

Asit can be expected, operational characteristics obtained for the method with
various parameter values are different. For instance, when we use r = 2.0 instead
of r = 1.4 the average number of optimization iterations is increased by approxi-
mately 10%.

Operational characteristics of MDM1 with ¢ = 0.01j|p — a|| and
r = 1.4 are also presented in Figure 7 (the dashed broken line).

6. Conclusions

A new multi-dimensional method for solving unconstrained global optimization
problems with Lipschitzian first derivatives has been proposed in this paper. In
accordance with this method, the search domain is subdivided into a set of hyper-
cubesin the course of optimization. This partitioning is regulated by the decision
rule that provides evaluation of the "importance" of each generated hypercube and
selection of some partition element to perform the next iteration. Sufficient condi-
tionsof global convergence havebeen established for two variants of the algorithm.
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The second modification has additional theoretical properties (see Theorem 4) but
the first one demonstrates a better numerical behaviour.

To examine computational behaviour, operational characteristics have been
calculated by solving awide variety of test global optimization problems. As we
can conclude, the proposed method is quite competitive in comparison with the
other optimization techniques.
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