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Abstract. The results of experimental testing of balanced random interval arithmetic with typical
mathematical test functions and practical problem are presented and discussed. The possibility
of evaluation ranges of functions using balanced random interval arithmetic is investigated. The
influence of the predefined probabilities of standard and inner interval operations to the ranges of
functions is experimentally investigated.
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1. Introduction

Many problems in engineering, physics, economic may be reduced to global optimization
problems. Mathematically the problem is formulated as

. .
f* = min f(),

where f(x) is a nonlinear objective function of continuous variabjes®" — R,

D C ®"is a multidimensional feasible region,is the number of variables. Besides

the global minimumyf* one or all global minimizers*: f(xz*) = f* should be found.
Interval global optimization methods are based on interval arithmetic proposed by

Moore (1966). The lower and upper bounds for the function values in the subregion are

estimated applying interval operations with intervals instead of the real operations with

real variables in the algorithm calculating the function values. The bounds are useful to

detect the subregions of the feasible region not containing a global minimizer.
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The disadvantage of interval methods is the dependency problem (Hansen, 1992):
when a given variable occurs more than once in an interval computation, it is treated
as a different variable in each occurrence. This causes widening of computed intervals
making it more difficult to obtain tight intervals. One should always be aware of this
shortcoming and take appropriate steps to reduce its effect. However it is not always
possible to overcome the problem, when the objective function is defined by means of a
computer code.

In random interval arithmetic proposed by Alt and Lamotte (2001) the standard or
newly defined inner interval operations are chosen randomly with the same probability at
each step of the computation producing comparatively tight bounds (although it cannot
guarantee that all values of the objective function in the subregion are within bounds).
Random interval arithmetic has been applied to compute ranges of some functions over
small intervals. Alt and Lamotte (2001) have shown that random interval arithmetic pro-
vides ranges of functions over small intervals which are much closer to the exact range
than the standard interval arithmetic. However random interval arithmetic provides too
narrow bounds when intervals are wide, therefore it can not be applied to global opti-
mization directly.

Balanced random interval arithmetic proposed by Zilinskas and Bogle (2003) is ob-
tained extending the ideas of random interval arithmetic by choosing standard and inner
interval operations at each step of the computation randomly with predefined probabil-
ity. The influence of the probabilities of the standard and inner interval operations to the
ranges of functions is experimentally investigated on a practical problem. The value used
for the probability depends on the balance required between efficiency and robustness.
The preliminary test results seem promising for the construction of global optimization
algorithms based on these ideas of probabilistic generalized interval methods. In this pa-
per the experimental testing results on more functions are presented.

2. Interval Global Optimization Methods

Interval global optimization methods are based on interval arithmetic proposed by Moore
(1966). Interval arithmetic operates with real intervals= [z, 23] = {z € R |z <

x < xz2}, wherez; andz, are real numbers. For any real arithmetic operatioop y }

the corresponding interval arithmetic operatio¥l p Y'} is defined, whose result is an
interval containing every possible number producedbwgy}, = € X, y € Y. Denot-

ing [a V b] = [min (a,b) ,max (a,b)], x. = min (|z1], |z2|) andzq = max (Jz1], |x2|),

the standard interval arithmetic operations are defined as:

X+Y = [(z1+y1) V(22 +12)],
X =Y = [(x1—y2) V (x2 — m1)],

[(weye) V (Taya)] , 0¢X, 0¢Y,
X xY = q [(z1ya) V (z2ya)] , 0eX, 0¢Y,

[min {x1y2, 2y1} , max {x1y1,z292}], 0€ X, 0€Y,
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{ [(ze/ya) V (za/ye)], 0¢ X, 0¢Y,
XY =
[(1/ye) V (z2/yc)], 0€X, 0¢Y.

The guaranteed lower and upper bounds for the function values can be estimated ap-
plying standard interval operations with the intervals instead of the real operations in the
algorithm to calculate the function values. The bounds are useful to detect the subregions
of the feasible region not containing a global minimizer. Such subregions may be dis-
carded from the further search. If the objective function is differentiable it is possible to
compute the intervals of the derivatives and discard the subregions where the objective
function is monotone. If the objective function is twice continuously differentiable it is
possible to compute the intervals of the second derivatives and discard the subregions
where the objective function is concave. If the objective function is twice differentiable
the special interval Newton method can be applied to reduce the subregions, and discard
the subregions where there are no stationary points (Hansen, 1992).

The first version of the interval global optimization algorithm was oriented to min-
imization of a rational function by bisection of sub-domains (Skelboe, 1974). Interval
methods for global optimization were further developed in (Moore, 1977; Hansen, 1978a,
1978b), e.g., the interval Newton method and the test of strict monotonicity were intro-
duced. A thorough description including theoretical as well as practical aspects can be
found in (Hansen, 1992) where the very efficient interval global optimization method
involving monotonicity and nonconvexity tests and special interval Newton method is
proposed. The method assumes that the objective function is twice continuously differ-
entiable. The mathematical expressions of the functions should be available. If the mono-
tonicity and nonconvexity tests and interval Newton method are not used the method can
minimize even noncontinuous functions, but then it is not so efficient.

A branch and bound technique is usually used to construct interval global optimiza-
tion algorithms. An iteration of a classical branch and bound algorithm processes a node
in the search tree representing a not yet explored subspace of the solution space. lIter-
ation has three main components: selection of the node to process, bound calculation,
and branching. The rules of selection, branching and bounding differ from algorithm to
algorithm. All interval global optimization branch and bound algorithms use the hyper-
rectangular partitions and branching is usually performed bisecting the hyper-rectangle
into two. The bounding rule describes how the bounds of minimum are found. In interval
global optimization methods, bounds are estimated using interval arithmetic.

Let UB denote upper bound of* over feasible regionD: UB > EéiB f(x),
lower and upper bounds of function values are evaluated using interval arithmetic:
[fE(X), fY(X)] = f(X), Cis the candidate set. The branch and bound scheme aims to
reduceC and make it converge t& *. The general interval branch and bound algorithm
is shown in Algorithm 1.
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Algorithm 1. General interval branch and bound algorithm
Initialization: C' < {D},UB « fY(D).
While C contains not only solutions
SelectB € C,C < C\{B}.
If fX(B)<UB
BranchB: B = .61 T;.
Forj=1top ’
It fL(T;) <UB
UB < min(UB, fY(Ty)).
cC<Cu {TJ}

The interval methods have been combined with searches implemented in real number
arithmetic. Jansson and Kniippel (1995) have proposed the global unconstrained mini-
mization method involving a combination of local search, branch-and-bound technique
and interval arithmetic. In this method derivatives are not required. Numerical results
for well-known problems and comparisons with other methods are given in (Jansson and
Knippel, 1995).

Gorges and Ratschek (1999) have applied interval techniques of global optimization
to the approximate local solution obtained from the local search in order to determine
guaranteed error bounds and to improve the solution if necessary.

Csallneret al. (2000) have investigated variants of interval branch-and-bound algo-
rithms for global optimization where the bisection was substituted by the subdivision of
subregions into many subregions in a single iteration step. The convergence properties
have been investigated in detail. An extensive numerical study is presented in (Mdiarkot
al., 2000).

A disadvantage of interval methods is the dependency problem: when a given vari-
able occurs more than once in an interval computation, it is treated as a different variable
in each occurrence. This causes widening of computed intervals making it more diffi-
cult to obtain tight intervals and increasing time required to solve problem using interval
global optimization algorithms. Standard interval arithmetic provides guaranteed bounds
but they are often too pessimistic. Standard interval arithmetic is used in global opti-
mization providing guaranteed solutions, but there are problems for which the time of
optimization is too long.

3. Balanced Random Interval Arithmetic
Random interval arithmetic proposed by Alt and Lamotte (2001) is obtained by choosing
standard or inner interval operations randomly with the same probability at each step of

the computation. The inner interval operations are defined as:

X+Y = [(z1+y2) V(22 +11)],

X—Y = [(x1 —y1) V (z2 — )],
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[(Teya) V (zaye)] 0¢X, 0¢Y,
[(@1ye) V (z29c)] 0eX, 0¢Y,
[max {x1y2, x2y1 }, min {x1y1, 2292}, 0€ X, 0€Y,
XY = {[(fﬂc/yc)\/(fvd/yd)L 0¢X, 0¢Y,
[(@1/ya) V (x2/ya)], 0€X, 0¢Y.

X xY

A number of sample intervals are evaluated using random interval arithmetic. It is
assumed that the standard deviation of the centers of the evaluated intervals is small and
the distribution of radii of the evaluated intervals is normal. An approximate range of the
function

[Mcente?'s — Mradii — OXO0radiis MHcenters + Mradii + a07'adii] (1)

is evaluated using the mean value of the centers:.,s, the mean value of the radii
Iradi; @nd the standard deviation of the radgljj,4;;. « is between 1 and 3 depending on

the number of samples and the desirable probability that the exact range is included in
the estimated range. Alt and Lamotee (2001) suggest that a compromise between effi-
ciency and robustness can be obtained using 1.5 and 30 samples. Random interval
arithmetic provides bounds closer to the exact range when intervals are small, but it pro-
vides too narrow bounds when intervals are wide, therefore it can not be applied to global
optimization directly.

Balanced random interval arithmetic proposed by Zilinskas and Bogle (2003) is ob-
tained by choosing standard and inner interval operations at each step of the computation
randomly with predefined probabilities. The balanced random interval arithmetic pro-
vides wider or narrower bounds depending on the predefined probabilities.

A number of sample intervals are evaluated using balanced random interval arith-
metic. It is assumed that the distributions of centers and radii of the evaluated intervals
are normal. An approximate range of the function is evaluated using the mean values and
the standard deviations of centers and radii of the evaluated intervals.

Balanced random interval arithmetic with different probabilities was used to evalu-
ate ranges of the objective function of a multidimensional scaling problem over random
intervals. Experiments have shown that the distributions of centers are normal, but the
standard deviations are not small, as they were in (Alt and Lamotte, 2001) when intervals
were small. Therefore, instead of using Eq. 1, the standard deviation of the centers should
be used when the range of a function is evaluated:

[Mcente?'s — Q0 centers — Mradii — X0 radiis Heenters +Q0centers+ Hradii + a07'adii] (2)

«a = 3 and 30 samples are used in experiments.
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4. Experimental Study

The aim of the experiments is to evaluate the possibility of construction of the global
optimization algorithms based on the ideas of probabilistic generalized interval methods.
The assumption, that the distributions of centers and radii of the evaluated balanced ran-
dom intervals are normal, has to be verified. The experimental testing results with some
functions are presented.

Usually mathematical test functions defined by means of analytical formulas are used
to test global optimization algorithms and to evaluate their performance. Test functions
have different dimensions and different numbers of local and global minimizers. Bal-
anced random interval arithmetic with different probabilities of standard and inner inter-
val operations was used to evaluate ranges of some test functions over random intervals.

Rosenbrock test function is defined Ag:) = 100 (23 — x1)2 + (z0—1)% n =2,

D = [-2,2]%. The histograms of the centers and radii of the 10000 intervals evaluated
using balanced random interval arithmetic with probabilities 0.55, 0.6, 0.65 and 0.7 over
one random subregion are shown in Fig. 1. The centers and radii of the standard and inner
intervals over the same subregion are shown as vertical lines. The centers and radii of the
evaluated balanced random intervals are equal or close to the centers and radii of either
standard or inner intervals. The probability, that the center or radii of the evaluated bal-
anced random interval are equal or close to the center or radius of the standard interval, is

centers of intervals, mean=530.545136, std=97.553042 centers of intervals, mean=541.497064, std=95.917013
10000, T T T 10000, T
5000 " 5000
900 450 500 550 600 650 ?00 450 500 550 600 650
radii of intervals, mean=408.516224, std=198.268958 radii of intervals, mean=430.981234, std=194.920743
10000 10000
5000 ] { 5000 {
?00 200 300 400 500 600 900 200 300 400 500 600
centers of intervals, mean=550.920816, std=93.464871 centers of intervals, mean=560.853960, std=89.743493
10000 T T T 10000 T
5000 5000
4?00 450 500 550 600 650 4?00 450 500 550 600 650
radii of intervals, mean=450.340548, std=189.979654 radii of intervals, mean=470.753438, std=182.421508
10000, 10000
5000 5000
?00 200 300 400 500 600 (’T"OO 200 300 400 500 600

Fig. 1. The histograms of the centers and radii of the intervals of Rosenbrock test function evaluated using
balanced random interval arithmetic with probabilities 0.55, 0.6, 0.65 and 0.7 over a random subregion.
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equal to the probability of standard interval operations in each step of computations. The
exact range of the function over the same subregion is close to the standard interval. The
assumption, that the distributions of centers and radii of the evaluated intervals are nor-
mal, is wrong for this function. Therefore the balanced random interval arithmetic could
not be used to evaluate ranges of this mathematical test function and global optimiza-
tion algorithms based on balanced random interval arithmetic would not be applicable to
optimize it.

Six Hump Camel Back test function is defined flsr) = 4% — 2.1z8 + 1af +
xox1 — 42? + 427, n = 2, D = [-5,5]% The histograms of the centers and radii of the
10000 intervals evaluated using balanced random interval arithmetic with probabilities
0.55, 0.6, 0.65 and 0.7 over one random subregion are shown in Fig. 2. The centers
of the evaluated balanced random intervals are equal or close to the centers of either
standard or inner intervals. The probability, that the center of the evaluated balanced
random interval is equal or close to the center of the standard interval, is equal to the
probability of standard interval operations in each step of computations. The distribution
of radii of the evaluated balanced random intervals is far from normal. The exact range of
the function over the same subregion is close to inner interval. The assumption, that the
distributions of centers and radii of the evaluated intervals are normal, is wrong for this
function. Therefore balanced random interval arithmetic could not be used to evaluate
ranges of this mathematical test function and global optimization algorithms based on

centers of intervals, mean=139.039300, std=0.248729

centers of intervals, mean=139.063400, std=0.245083
10000, T T v T *

10000

5000 5000

188.7 1388 1389 139 1391 1392 1393 188.7 1388 138.9 139 1331 1392 1393

radii of intervals, mean=111.868397, std=10.885014 radii of intervals, mean=112.822905, std=11.249219
2000 2000
1000 1000
Ml fkern, AT L0t erti, il
%0 100 110 120 130 %0 100 110 120 130
0.55 0.6

centers of intervals, mean=139.089500, std=0.238339

centers of intervals, mean=139.117000, std=0.227807
10000, T T

10000

5000 5000
1%8.7 1333.8 138.9 139 139.1 13‘9.2 139.3 188.7 138.8 13‘8.9 139 13‘9.1 139.2 1393
radii of intervals, mean=113.700643, std=11.655488 radii of intervals, mean=115.520809, std=11.706616
2000 2000
1000 I 1000
[Fnindo e, M fgIT [ B P 1]
%0 100 110 120 130 %O 100 110 120 130

Fig. 2. The histograms of the centers and radii of the intervals of Six Hump Camel Back test function evaluated
using balanced random interval arithmetic with probabilities 0.55, 0.6, 0.65 and 0.7 over a random subregion.
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balanced random interval arithmetic would not be applicable to optimize it.
Goldstein and Price test function is defined as

f(@) = [1+ (zo +z1 + 1)*(19 — 14z + 32§ — 14z + 6zozy + 327]
x [30 + (2w — 321)*(18 — 32x¢ + 1223 + 48z1 — 36woz1 + 2727)] ,

n = 2, D = [-2,2]2. The histograms of the centers and radii of the 10000 intervals
evaluated using balanced random interval arithmetic with probabilities 0.55, 0.6, 0.65 and
0.7 over one random subregion are shown in Fig. 3. The distributions of centers and radii
of the evaluated balanced random intervals are far from normal. The assumption, that the
distributions of centers and radii of the evaluated intervals are normal, is wrong for this
function. Therefore balanced random interval arithmetic could not be used to evaluate
ranges of this mathematical test function and global optimization algorithms based on
balanced random interval arithmetic would not be applicable to optimize it.

Similar results have been obtained with some other simple mathematical test func-
tions (Shekel 5, Shekel 7, Shekel 10) which involve small number of computations. For
all investigated simple mathematical test problems the distributions of centers and radii
of the evaluated balanced random intervals are not normal. Possibly this is because test
functions are too simple and the number of involved computations is too small, which

centers of intervals, mean=25322.807130, std=1425.513878 centers of intervals, mean=25497.159290, std=1633.792160
4000 4000
2000 2000
Stal r\nnﬂﬂ( “Hﬂﬂl‘lﬂl‘lﬂnmnr—‘ o I'Imr\l'lﬂ[ Hﬂﬂﬂﬂﬂﬂﬂﬂrhnm
8.2 24 26 2.8 3.2 8.2 2.4 26 2.8 3.2
radii of intervals, mean=6906.742321, std=4839.8)§$%682 radii of intervals, mean=7692.729970, std=5207.?)§1677
1000, 1000
) —‘HV‘H-‘H ) H “HH
0 H Hﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂmmm J { H mﬂ”ﬂﬂﬂﬂ”ﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂnm
0 0.5 1 1.5 2 25 0 0.5 1 1.5 2 25
x10* x1n?
0.55 0.6
centers of intervals, mean=25770.974570, std=1855.865679 centers of intervals, mean=26158.516750, std=2069.613489
4000 4000
2000 2000
8.2 2.4 26 2.8 3 32 8.2 2.4 26 28 3 32
radii of intervals, mean=8694.450046, std=5592.%§%56 radii of intervals, mean=9981.536076, std=5881.qp§§42
1000, 1000
500 500
T e i mnmmieS
0 0.5 1 15 2 25 0 0.5 1 15 2 25
w10 w10t

Fig. 3. The histograms of the centers and radii of the intervals of Goldstein and Price test function evaluated
using balanced random interval arithmetic with probabilities 0.55, 0.6, 0.65 and 0.7 over a random subregion.
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makes distributions of centers and radii of evaluated intervals not normal. The assump-
tion, that the distributions of centers and radii of the evaluated intervals are normal, is
wrong for the simple mathematical test functions. Therefore balanced random interval
arithmetic could not be used to evaluate ranges of simple mathematical test functions and
global optimization algorithms based on balanced random interval arithmetic would not
be applicable to optimize them.

For some cases simple mathematical test problems are too simple or their dimension-
ality is too small. One of the ways to increase the hardness and dimensionality of test
functions is the generalization to multidimensional space. For example, the Generalized
Rosenbrock function could be defined as

n—1

fo) =Y {100 (@2 —z01) 4+ (2 — 1)?], D =[-n,n]".

=1

Balanced random interval arithmetic with different probabilities was used to evalu-
ate ranges of the Generalized Rosenbrock function with 30 over random intervals.
The histograms of the centers and radii of the 10000 intervals evaluated using balanced
random interval arithmetic with probabilities 0.55, 0.6, 0.65 and 0.7 over one random
subregion are shown in Fig. 4. The centers and radii of the standard and inner intervals
over the same subregion are shown as vertical lines. The mean values of the centers and

centers of intervals, mean=279737663.300000, std=8027.015411 centers of intervals, mean=27974136%.100000, std=8024.855452
2000, 2000
1000] 1000
2.9968 2797 27972  2.7974 27976  2.7978 2.9968 2.797 27972 27974 27976  2.7978
radii of intervals, mean=7629568.069387, std=4939902,582166 radii of intervals, mean=9265997.500058, std=5338992,386328
1000, 1000
soot M 500
GO 0.5 1 15 2 2.5 3 cO 0.5 1 . E
evaluated interval=[257264305.387883,302211021.242117] evaluated interval=[254434319.424604,305048418.775396]
centers of intervals, mean=279745242.500000, std=7736.451319 centers of intervals, mean=279748832.900000, std=7463.427354
2000, 2000
- ,,aarmﬂwmhk b el | i
2.9968 2797 27972 27974 27976  2.7978 2.9968 2797 27972 27974 27976 27978
radii of intervals, mean=11168811.466011, std=5491%§1§843&2 radii of intervals, mean=13197396.976860, std=54889)§%‘3(35201
1000, 1000
) HHHHH ) HHHWHHWW
GO 0.5 1 1. 2 2. 3 00 0.5 1. 2. 3
evaluated interval=[252079358.026884,307411126.973116] evaluated interval=[250062142.135475,309435523.664325]

Fig. 4. The histograms of the centers and radii of the intervals of the Generalized Rosenbrock function evaluated
using balanced random interval arithmetic with probabilities 0.55, 0.6, 0.65 and 0.7 over a random subregion.



412 J. Zilinskas, 1.D.L. Bogle

radii moves towards the center and radius of the standard interval when the probability
of standard interval operations is increasing. Normal distributions with evaluated means
and standard deviations are also shown. The distributions of the centers and radii are nor-
mal. Therefore the ranges of a function over a subregion could be evaluated using (2).
Balanced random interval arithmetic can be used to evaluate ranges of this function and
global optimization algorithms based on balanced random interval arithmetic would be
applicable to optimize it.

The ranges of the Generalized Rosenbrock function in 2000 random subregions have
been evaluated using balanced random interval arithmetic with different probabilities of
standard and inner interval operations. The ranges were evaluated using means and stan-
dard deviations of centers and radii of 30 balanced random intervats.3 was used.

The histogram of smallest probabilities for which the evaluated ranges include the func-
tion values at 2000 uniformly distributed random points is shown in Fig. 5a. For 96.4%
of subregions the smallest probability for which the evaluated ranges include function
values at random points is less than 0.6. For 99.8% of subregions the smallest probability
for which the evaluated ranges include function values at random points is less than 0.65.
The mean ratio between widths of evaluated ranges and standard intervals depending on
the probability of standard interval operations is shown in Fig. 5b. When the probability

is 0.6, the mean ratio is 0.865, which means that evaluated ranges are 13.5% tighter.

Similar results have been obtained with the objective function of a multidimensional
scaling (MDS) problem with data from soft drinks testing (Mathar, 1996):

Fx) =Y ( D @ik —wn)” - 5ij> ,

j<i k=1

wherez; 1, z; 2 are the coordinates of thith object ¢ = 1...10andj = 1...10) in two-
dimensional spacé,; are the data for the problem — dissimilarities between soft drinks.
Balanced random interval arithmetic with different probabilities was used to evaluate
ranges of the MDS function over random intervals and it was shown in (Zilinskas and
Bogle, 2003) that the distributions of the centers and radii of intervals evaluated using
balanced random interval arithmetic are normal. Therefore the ranges of a function over a

0

12— —r--—T - —=-
80 I | | |
| | | |
70] L i i H e
| | |
60 0B - L L L
50 | | | |
| | | |
40 06— --r---ry/-—-1---1---
| | | |
20 | | | |
10 02 — — o= - k- - =
| | | |
o Al [y i i i i
0 0.2 0.4 0.6 0.8 1 [0} 0.2 0.4 0.6 0.8 1
a b.

Fig. 5. Results of experiments with the Generalized Rosenbrock function.
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Fig. 6. Results of experiments with MDS function.

subregion could be evaluated using (2). Balanced random interval arithmetic can be used
to evaluate ranges of this function and global optimization algorithms based on balanced
random interval arithmetic would be applicable to optimize it.

The ranges of MDS function in 1000 random subregions have been evaluated using
balanced random interval arithmetic with different probabilities of standard and inner
interval operations. The ranges were evaluated using means and standard deviations of
centers and radii of 30 balanced random intervals= 3 was used. The histogram of
smallest probabilities for which the evaluated ranges include the function values at 2000
uniformly distributed random points is shown in Fig. 6a. For 99.5% of subregions the
smallest probability for which the evaluated ranges include function values at random
points is less than 0.6. The mean ratio between widths of evaluated ranges and standard
intervals depending on the probability of standard interval operations is shown in Fig. 6b.
When the probability is 0.6, the mean ratio is 0.606 — evaluated ranges are 39.4% tighter.

Results of experiments with the Generalized Rosenbrock function and the practical
MDS problem show that the distributions of centers and radii of the evaluated balanced
random intervals are normal. The assumption, that the distributions of centers and radii
of the evaluated intervals are normal, is right for these functions. Therefore balanced ran-
dom interval arithmetic can be used to evaluate ranges of difficult functions. Balanced
random interval arithmetic provides not guaranteed but much tighter ranges than stan-
dard interval arithmetic. Therefore it seems promising to construct global optimization
algorithms based on ideas of probabilistic generalized interval methods and apply them
to solve practical global optimization problems.

5. Conclusions

The results of experimental testing of balanced random interval arithmetic with simple
mathematical test functions have shown that the assumption, that the distributions of
centers and radii of the evaluated balanced random intervals are normal, is wrong for such
functions. Therefore balanced random interval arithmetic could not be used to evaluate
ranges of them and global optimization algorithms based on balanced random interval
arithmetic would not be applicable to optimize simple mathematical test functions.
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However test results with the Generalized Rosenbrock test function and the practi-
cal MDS problem have shown that the distributions of centers and radii of the evaluated
balanced random intervals are normal. The assumption, that the distributions of centers
and radii of the evaluated intervals are normal, is right for these functions. Therefore bal-
anced random interval arithmetic can be used to evaluate ranges of difficult functions and
application of global optimization algorithms based on ideas of probabilistic generalized
interval methods to solve such problems seems promising.

The influence of the predefined probabilities of the standard and inner interval opera-
tions in each step of computation to the ranges of functions is experimentally investigated.
The value used for the probability depends on the balance required between efficiency
and robustness of global optimization algorithm. For the Generalized Rosenbrock func-
tion the value of 0.6 would give a 96.4% success rate and 13.5% tighter ranges. For the
MDS function the value of 0.6 would give a 99.5% success rate and 39.4% tighter ranges.
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Funkciju reziy skaiCiavimas naudojant balansuog atsitiktin e
intervaly aritmetik a

Julius ZILINSKAS, lan David Lockhart BOGLE

Pateikiami ir aptariami balansuotos atsitilgminterval aritmetikos testavimo matemaéimis
testo funkcijomis ir praktine uZzduotimi rezultatai. IStirta funkcigZiu skatiavimo, panaudojant
balansua atsitiktire interval) aritmetila, galimyke. EksperimentiSkai iStirta nustatanstandar-
tinés ir vidires interval aritmetiky operacij tikimybiu itakaivertinamiems funkcij reziams.



