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1 Introduction

The stability theory is an integral part of any traditional section of mathematics. J. Hadamar introduced
the stability condition and treated it within the concept of a well-posed mathematical programming problem
equally with the conditions of existence and uniqueness of the solution. In optimization a question of stability
of a problem arises in the case where the set of feasible solutions and (or) the objective function depend on
parameters. The presence of such parameters in optimization models is caused by inaccuracy of initial data,
non-adequacy of models to real processes, errors of numerical methods, errors of rounding off and other factors.
So it appears to be important to allocate classes of problems in which small changes of input data lead to small
changes of the result. The problems with such properties are called stable. It is obvious that any optimization
problem arising in practice cannot be correctly formulated and solved without use of results of the stability
theory.

A vector (multicriteria) optimization problem is usually understood as the problem of finding a set of efficient
solutions, i.e. choosing from the set of feasible solutions the alternatives which satisfy a given optimality principle.
In the case where the partial criteria of the problem have an equal importance, the Pareto optimality principle
(see e.g. [4], 5}, [15}, [18]) is niore often used. If all the partial criteria are ordered by importance in such
a manner that each of them is more important than all the subsequent, then the principle of lexicographic
optimality is used. Investigating stability of a vector optimization problem means usually studying the behavior
of the set of efficient solutions under perturbations of problem parameters.

In the literature a technique of studying the stability of optimization problems (both single criterion and
multicriteria) is better developed and covered for problems with continuous set of feasible solutions and there
are nuinerous results in sensitivity analysis for such problems. Unfortunately, these results are not very useful
in discrete case although most of discrete optimization problems may be formally transformed, at least — in
principle, to an equivalent continuous optimization problem. The reason is that such a transformatxon does not
exploit the specific combinatorial structure.

There are also a lot of papers devoted to stability of combinatorial optimization problems. There is no
chance to describe all variety of results in the frame of one article. However one can find excellent annotated
hibliographies and surveys for sensitivity and post-optimal analysis in integer programming and combinatorial
optimization problems in (2}, [7], [16}, {17].

In single objective case the most frequently considered object is so-called stability radius with respect to
some given optimal solution (see e.g. [1]). It gives a subset of problem parameters for which this solution remains
optimal. There are already similar investigations in multiobjective case. For example, in {3] the stability radius
for multicriteria linear combinatorial optimization problem is calculated in the Pareto case. One can find also a
large survey on sensitivity analysis of vector unconstrained integer linear programming in {2].

It is important to note that even in single objective case the stability radius does not provide us with any
information about the quality of a given solution in the case when problem data are outside of the stability
region. Some attempts to study a quality of the problem solution in this case are connected with concepts
of stability and accuracy functions. These functions were firstly introduced in {12} for scalar combinatorial
optimization problem. In this paper we give an extension of results obtained in [12] and [13] for the vector
perturbed combinatorial optimization problem with Pareto and lexicographic optimality principles. To our
knowledge this problem has not been approached earlier within the multicriteria framework.

The paper is organized as follows. In section 1 we consider vector linear combinatorial optimization problem
which consists in finding the set of Pareto optimal solutions. For a given Pareto optimal solution we introduce an
appropriate relative error as a function of the norm of data perturbations. This leads us to natural extension of
stability and accuracy functions in multiobjective case. We give formulae to calculate values of hoth functions.
Afterward, we define so called stability and accuracy radii as extreme norms of perturbations of problem
parameters for which the stability and accuracy functions are equal to zero. In section 2 analogous results are
stated for the case of lexicographic optimality. In this section both functions are defined in a different way
which reflects lexicographic specific. At the end of paper we give small example which illustrates why it seems
so important to calculate stability and accuracy functions which give us the most detailed information about
efficient solution.
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2 Stability and accuracy functions of Pareto optimal solution

Let £ = {e),ea,...,en}, n > 1, be a given set, and let T C 25\{0}, |T'| > 1, be a family of nou-empty subsets
of E. For e € E we define a vector of positive weights

c(e) = (arle), exle), -y eme)), m 2 1,

and a matrix C = {c;(e;)} € R{™, where Ry = {u € R: u > 0}. Denote for k € N, N = {1,2,...,k} and
let for t € T, N(t) = {j : ¢; € t}. We will consider a vector criterion

F(C1) = (H1i(C,8), £2(C, 1), ... fon (C, 1)),

where
fCt)= 3 eile) i€ Now

JEN()
For a matrix C € R7™"™ and a feasible solution t € T, let
G t) ={t' e T: f(C,t') < f(C,1), F(C.t) # f(C,0)}.
The Pareto set P™(C) is defined in a traditional way, namely:
PMCYy={teT: n(C,t) =0}
In other words, a solution t is Pareto optimal if and only if there is no solution ¢’ such that f;(C,t') < £(C,t) for
all 1 € NV, and at least one strict inequality holds. If the sets E and T are fixed, then an instance of m-criteria

combinatorial optimization problem is uniquely determined by the matrix C € RJ*™. Therefore, we will denote
it by ZR(C).

It is assumed that the set T is fixed, but the matrix of weights C may vary or is estimated with errors,
Moreover, it is assumed that for some originally specified matrix C° = {c(e;)} € R**™ we know one Pareto

optimal solution t°.

When coefficients of objective functions change, then initially efficient solution may become no longer effi-
cient. We will evaluate the quality of this solution from the point of view of its robustness on data perturbations.
Namely, in case of Pareto optimality we introduce for t° € P™(C?) and a given matrix C € R]*" so-called

relative error of this solution; H(Ct9) €
i(C.17) = fi(C) ¢
ep(C,t°%) = max mijn LR
P(G,7) = max min f(Ct
In the scalar case, i.e. for m=1, the Pareto set transforins into the set of optimal solutions. Therefore the relative
error €p(C, t%) converts into (see {13]):

F1(C,t% - Itlél%l AH(C,1)

ep(C, to) = "
min f1(C)t)

In the scalar case the equality £p(C,t%) = 0 gives necessary and sufficient optimality conditions of the
optimality of the solution t° for problem Z}(C). But in the multicriteria case the situation is a bit different.
Observe, that for arbitrary C € RT™™ we have €p(C,t%) > 0. If £p(C,t%) > 0, then t® ¢ P™(C) and this
positive value of the relative error may be treated as a measure of inefficiency of the solution t* for problem
ZF(C). Obviously, if t® € P™(C), then ep(C, %) = 0. But the inverse is not always through as the following
example shows:

Consider E = {ey,e9,e3}, T = {t1,t2,t3}, where ¢; = {e,}, t2 = {e2}, t3 = {e3}, and let

3 3 3 3 3 3
=21 1|, Cc=|2 1 10
12 1 1 2 10

It is clear that t° = t3 is Pareto optimal in the original problem Z3(C?), but it is not Pareto optimal in the
problem Z}(C) although ep(C,t°) = 0.

Thus, in the multiobjective case the equality £p(C,t°) = 0 formulates in general only necessary condition of
the efficiency of the solution ¢ for problem Z}(C). But later we will show, that if the equality £p(C. t9) =01is
valid for any matrix in some open neighbourhood of C, i.e., there is ¢ > 0 such that ep(C,t%) = 0 for any C.
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[|C ~Cl] < e, where ||| denotes a norm in R7T*™, then this equality provides also sufficient efficiency condition

of the solution £° for problem ZF(C).

In the following we are interested, in fact, in the maximum value of the error £p(C,t°) when the matrix C
belongs to some specified set. Two particular cases are considered:

In the first case we are interested in absolute perturbations of the weights of elements and the quality of a
given solution is described by the so-called stability function. For a given p > 0 the value of the stability function
is equal to the maximal relative error of a given solution under the assumption that no weights of elements are

increased or decreased by more than p.

In the second case we deal with relative perturbations of weights. This leads to the concept of the accuracy
function. The value of the accuracy function for a given 6 € [0, 1) is equal to the maximum relative error of the
solution t° under the assumption that the weights of the elements are perturbed by no more than § - 100% of

their original values.

Observe that if we compare two initially efficient solutions from the point of view of their robustness on data
perturbations or inaccuracy, then smaller value of the stability or accuracy function for a given norm of data
perturbation is more preferable. Thus, both defined functions may be used to evaluate the quality of solutions
from this particular point of view.

Let X be the set of non-stable elements, i.e. elements for which weights may change, and let
COX)y={C e R™: ci(e;) = ej), 5 € E\X, i € N j € N}
For a given p € [0, ¢(C?, X)), where q(C° X)=min{c?(e;): e; € X, i € Nm, j € Na}, we consider a set
2,(C% X)) ={C e C%X): Jei(es) — e} < p, 1 € Nimy 5 € Nab.
For a Pareto optimal solution t® € P™(C?), an arbitrary set of non-stable elements X, and p € [0,¢(C°, X)),
the value of the stability function is defined as follows:

Sp(t®, X, p) = ep(C,1°).

max
Ce,(C,X)
In a similar way, for a given § € [0, 1), we consider a set
O5(C°%, X) = {C € COX) : feile;) — 2(es)l € 6c0(e;),i € Nuwy J € Nu}.
For a Pareto optimal solution t® € P™(C?), an arbitrary set of non-stable elements X and é € [0,1) the value
of the accuracy function is defined as follows:

Ap(°, X, 8) = ep(C,t%).

max
Cegs(C? X}

It is easy to check that Sp(t®, X,p) > 0 for any p € [0,¢(C° X)) as well as Ap(t°, X,§) > 0 for each
§ € [0,1). Moreover, the following fact holds:

Proposition 1 For t° € P™(C°) and p € (0,q(C°, X)),
Sp(t®, X,p) =0 if and only if t° € P™(C) for any C € 2,(C° X).
Similarly, for t° € P™(C®) and § € (0,1),
Ap(t®, X,p) =0 if and only if t° € P™(C) for any C € B5(C°, X).
Proof We will prove only first statement, because the proof of the second part is analogous.
If for a given p € (0,(C°, X)), t° € P™(C®) for any C € £2,(C°, X), then - directly from the definition of the
stability function — we have Sp(t°, X, p) = 0. Thus, it remains to prove the opposite implication.

Assume that this implication does not hold, i.e., suppose that Sp(t° X,p) = 0, but there exists a matrix
C* € 12,(C% X), such that t° ¢ P™(C*). We will show that such assumption must lead to a contradiction.
Indeed, t° ¢ P™(C*) means that there exists t* € T such that for all i € N,,, f:(C*,t*) < f(C*,t°) and
F(C*,t*) # f(C*,t°). Let I C N, denotes the set of indices, for which f;(C*,t*) = fi(C~,t°), and consider for
0 < a < p the matrix C = {;(e;)} € RT™", where

cile;)—a ifi€l, eje "\t NX,
Gilej) =1 ciey))+a ifi€l, e; € ((O\t)NX,
cr(e;) otherwise.
Observe that € € 12,(C° X) and fi(C,t*) < f:(C,1°) for i € N, which implies Sp(t%, X, p) > 0. Thus we have
a contradiction which completes the proof.
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Proposition 1 suggests, that it is of special interest to know the largest values of p and §, for which, respec-
tively, Sp(t°, X, p) = 0 and Ap(¢°, X,8) = 0, because these values give the maximum norms of perturbations
which preserve the efficiency of a given solution. These values are close analogues of so-called stability and
accuracy radii introduced earlier for single objective optimization problems. Formally, for any arbitrary set of
non-stable elements X the stability radius R5(t% X) and the accuracy radius RpA(t%, X) are defined in the
following way:

RE(E, X) = sup(p € [0,4(C°. X)) : Sp(t°, X.p) = 0},

RA(°, X) =sup{d € [0,1) : Ap(t°,X,6) = 0}.

Two following theorems give formulae for calculating values of the stability and accuracy functions as well
as values of the corresponding radii. Let for t,t' € T', t ®¢ = (t\t') U (t'\t). Thus |t @ t'} = |[(t\t') U (¢'\t})] =
ith+ [¢] — 2t nt'].

Theorem 1 For an optimal solution t° € P™(C°), an arbitrary sef of non-stable elements X, and p €

[0,4(C°, X)), the stability function can be expressed by the formula:

Fi(CO, %) — £i(COt) +pl(t ® %) mX[ )

8p(t”, X,») = max min O —plin X|

For an optimal solution t® € P™(C?), an arbitrary set of non-stable elements X, and § € [0,1),

FACO,80) = Fi(CO, 1) + 51(C°, (£ £0) 1 X)
Ap(t%, X, 8) = max min F(COt) —8(CPtn X) @

Proof We will prove only (1). The proof of (2} is analogous.
f(Ce%) = R(Ct)

Sp(t®, X, p) = ax  ep(C,t%) =  max max min o =
P Xop) = e, FP(O) = mex BN T R ey
fz‘(Cﬁ t9) — fi(C.t)
- ARt AV AN LA Sb A g
s ce:%l:(a(;(v X) JeN, fi(CLt) -
< max min PG b IGO0} £) — MG Y)
teT i€Nm cen,,(co X) fi(C,t) ’

0
For any fixed t € T" and i € N,,, the maximum uTt()g—{;Jg—t) over C € 2,(C°, X) is attained when

(e;) = L) +p ifje Nt nX),
G Z 1 Ple) —p if € N(ENX).

Thus, we get
fi(C0,1%) — £i(C% 1) + pl(t © %) N X|

<
8p(t". X,p) < tnax min F(C0 6 — pltn X|

Now it remains to prove that

[i(CO1%) ~ £(CO 1) + pl(t@t°) 0 X}
Sp(t® X,p) > ma%'lenl{,n 7O~ N X .

Consider a matrix C* = {c!(e;)} € R™*" with elements defined for any index ¢ € N, as follows:

. e;)+p L7 NE°NnX),
{e5) =1 4

%(ej) —p otherwise.

Then
L RO S KON R - F(C) +plt e ) n X|
t€T 1ENm fi(C*,t) teT i€ENm f(CO ) — pltn X|

So, we have that o o o 0
o flC ) - (O ) +plt@ ) N X
0
Sp(€, X.p) 2 g uin FCO. 0 — plin X]
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Theorem 2 For an optimal solution t° € P™(C°) and an arbitrary set of non-stable elements X,

: : (C0,1) — £(C°,1%)
S0 %) — o (€0 1) — Fi(C°,
Rp(, X) = min{a(C% XD, i) 28 " Twe®nx] ©

and
o gt R(C% 1) = £(CO, )
R5(t%, X) = mm{l’{?ﬂ mex OO G® O N X) h (4)

where T, = {t € T: fi(C% (t@t°) N X) # 0 for alli € Ny, }.

Proof We will prove only (3). The proof of (4) is analogous. If p = 0, then Sp(t°, X,0) = 0. Let Sp(t°, X, p) > 0.
It holds if and only if

- Si(C%1%) = fi(C8 1) +pl(t @ %) N X|
7€, 0 - pEn X] -0
But last means that . o o
- 1(C°,8) = £(C°, 1)
P2P= Rl @ Tted)nx]

Thus, if p < q(C°, X), then we get that Sp(t°, X, p) = 0 on interval [0,5). Otherwise stability function is equal
to zero on [0,¢(C?, X)).

3 Stability and accuracy functions of lexicographically optimal solution

The lexicographic optimality principle is widely spread in optimization (see e.g. [4], [5]). This principle is used,
for example, for solving stochastic programming problems, to define structure of priorities in complex systems
which consist of different sublevels, etc. Observe also that any scalar constrained optimization problem may
be transformed to unconstrained bicriteria lexicographic problem by using as first criterion some exact penalty
function for problem constrains, and an original objective function as second criterion.

In this section we will consider a variant of lexicographic optimization with respect to all permutations of
partial criteria.

Let Sm be the set of all permutations of N, For s = (s1,82,...,8m) € Sm, the binary relation <, of a
lexicographic order is defined as follows: t <, ¢’ if and only if f(C,t) = f(C,t’) or there exists an index j € Ny,
such that for all k € N, we have f;,(C,¢#) < f,,(C,t") and fo, (C,t) = [, (C,t'). Here No = { for j = 1.

Under the vector (m-criteria) combinatorial optimization problem Zj*(C) we understand the problem of
finding the lexicographic set L™(C') defined in the following way:

= J ™),

S€ESm

where
L™Cs)={teT: t<,t' V¢ eT})
The elements of the set L™(C) are called lexicographic optima of the problem Z7*(C). It is easy to see that any
lexicographic optimum belongs to the Pareto set.
For a given matrix C, we will measure the quality of t° € L™(C®) by the value of the relative error e, (C, £°)
which is introduced as follows:

N F(C, %) — £.(C, 1)
(G = min max ———my

While t® € L™(C) for any instance of problem ZJ*(C), the equality £,,(C,t°) = 0 holds. The inverse statement
is not true (see in the previous section). If ¢® looses lexicographic optimality in an ZJ*(C), then the relative
error £ (C,t%) characterizes the quality of °.

For a lexicographically optimal solution t9 € L™(C?), an arbitrary set of non-stable elements X and p €
[0,4(C°, X)) the value of the stability function is defined as follows:

SL(t% X, p) = eL(C,t%).

max
Cen,(Co, X)
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If we consider lexicographic optimality principle, then we get L2(C°) = {t;,t1}. By Theorem 3, we obtain

that
ap—1 0 ifpelo?
Si(t, E,p) = 0, =—1= -1 b
L(t1, B, p) = max{ 10_4‘1,} {TH itpe (5,1

4p—1 0 ifpel(0,]
Sr(ts, E,p) = max{0, =——} = 1. 4
(2, E.) O 7= {J’-—;‘;}J ifpe(d,1).
We can see again that for both solutions ¢; and t3 the stability radii are equal to ll But t; is ‘better’ than
Ly, since Sp(ty, £,p) < Si(ts, E,p) for all p € {0,1) with strict inequality on some subinterval of [0, 1) (see Fig.
3).

5 Conclusions

The example in previous section suggests that small changes or inaccuracies in estimating objective function
coefficients may influence significantly the set of efficient solutions of multicriteria combinatorial optimization
problem. Moreover, some initially efficient solutions cannot be considered ‘robust’, because very small changes of
data destroy their efficiency. Therefore, a possibility of ranking initially efficient solutions from the ‘robustness’
point of view is of special importance for a decision maker.

The simplest measure of the ‘robustness’ of the efficient solution is its stability radius or the accuracy
radius. But frequently these radii are not sufficient to rank the efficient solutions and it is necessary to calculate
complementary more general characteristics of solutions like stability and accuracy functions.

The accuracy and stability functions describe the quality of efficient solution in the situation when coefficients
in criteria are subject to uncertainty. The definitions of these functions are directly connected to given optimality
principle. The stability and accuracy radii give us the maximum values of independent perturbations which
preserve the efficiency of a given solution.

The formulae provided in the paper do not lead directly to efficient methods of calculating the values of
defined functions and radii. Moreover, one should not expect, that exact values of radii or defined functions
may be computed easily for difficult combinatorial optimization problems. However, from the practical point of
view it would be enough to have some approximate evaluations of these values. For single objective case such
approximate methods, based on subsets of so-called k-best solutions (8}, has been proposed in (12}, [13] and [14].
It would be interesting to study whether this approach may be extended for multicriteria case.

Acknowledgements We would like to thank four anonymous referees and the guest editors for their useful remarks and

suggestions.



M.Libura and Y. Nikulin

10
References

1. Nilotpal Chakravarty and Albert Wagelmans. (1999). ” Calculation of stability radii for combinatorial optimization
problems,"” Operations Hesearch Letters 23,1 - 7.

2. Vladimir Emelichev, Eberhard Girlich, Yury Nikulin, and Dmitry Podkopaev. (2002). "Stability and regularization
of veclor problems of integer linear programming,” Optimization 51, 645 — 676.

3. Vladimir Emelichev, and Michail Kravtsov. (1995). "On stability in trajectory problems of vector optimization,”
Kibernetika i systemny analiz 4, 137 — 143.

4. Matthias Ehrgott. (1997). Multiple Criteria Optimization. Classification and Methodology. Aachen: Shaker.

5. Matthias Ehrgott and Xavier Gandibleux. (2000). "An Annotated Bibliography of Multiobjective Combinatorial
Optimization”. Report 62. Department of Mathematics, University Kaiserslautern.

6. Michael R. Garey and David S. Johnson. (1979). Computers and Intractability, A Guide to the Theory of NP-
Completeness. New York: W.H. Freeman and Company.

7. Harvey Greenberg. (1998). " An annotated bibliography for post-solution analysis in mixed integer and combinatorial
optimization.” In: D. Woodruff (Ed.) Advances in Computational and Stochastic Optimization, Logic Programming
and Heuristic Search. Dordrecht: Kluwer Academic Publishers, 97 — 148.

8. Horst W. Hamacher and Maurice Queyranne. (1985/6). " K best solutions to combinatorial optimization problems,”
Annals of Operations Research 4, 123 ~ 143.

9. Stan van Hoesel and Albert Wagelmans. (1999). "On the complexity of postoptimality analysis of 0/1 programs,”
Discrete Applied Mathematics 91, 251-263.

10. Viadimir K. Leontev. (1975). ”Stability of the traveling salesman problem,” Computational Mathematics and Math-
ematical Physics 15, 1293 — 1309.

11. Vladimir K. Leontev. (1979). "Stability in linear discrete problems,” Problemy Kibernetiki 35, 169 - 185.

12. Marek Libura. (1899). "On accuracy of solutjon for combinatorial optimization problems with perturbed coefficients
of the objective function,” Annals of Operation Research 86, 53 — 62.

13. Marek Libura. {2000). "Quality of solutions for perturbed combinatorial optimization problems,” Control end Cy-
bernetics 29, 199 ~ 219.

14. Marek Libura, Edo S. van der Poort, Gerard Sierksma, and Jack A.A. van der Veen. (1998). "Stability aspects of
the traveling salesman problem based on k-best solutions,” Discrete Applied Mathematics 87, 159 - 185.

15. Vilfredo Pareto. (1909). Manuel d’ecoonomie politique. Paris: Qiard.

16. Yuri Sotskov, Viadimir Leontev, and Evgenii Gordeev. (1995). "Some concepts of stability analysis in combinatorial
optimization,” Discrete Applied Mathematics 58, 169 — 190.

17. Yuri Sotskov, Vyacheslav Tanaev, and Frank Werner. (1998). "Stability radius of an optimal schedule: a survey and
recent developments,” Industrial Applications of Discrete Optimization 16, 72 — 108.

18. Ralph E. Steuer. (1986). Muliiple Criteria Optimization: Theory, Computation and Application. New York: John

Wiley & Sons.
















