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Abstract

Single-ratio and multi-ratio fractional programs in applications
are often generalized convex programs. We begin with a survey of
applications of single-ratio fractional programs, min-max fractional
programs and sum-of-ratios fractional programs. Given the limited
advances for the latter class of problems, we focus on an analysis of
min-max fractional programs. A parametric approach is employed
to develop both theoretical and algorithmic results.

keywords: Single-ratio fractional programs, min-max fractional pro-
grams, sum-of-ratios fractional programs, parametric approach.

1 Introduction.

In various applications of nonlinear programming a ratio of two functions
is to be maximized or minimized. In other applications the objective
function involves more than one ratio of functions. Ratio optimization
problems are commonly called fractional programs. One of the earliest
fractional programs (though not called so) is an equilibrium model for an
expanding economy introduced by von Neumann (cf.[74]) in 1937. The
model determines the growthrate of an economy as the maximum of the
smallest of several output-input ratios. At a time when linear program-
ming hardly existed, the author already proposed a duality theory for



this nonconvex program. However, apart from a few isolated papers like
von Neumann’s, a systematic study of fractional programming began
much later.

In 1962 Charnes and Cooper (cf.[17]) published their classical paper
in which they show that a linear fractional program with one ratio can
be reduced to a linear program using a nonlinear variable transforma-
tion. Separately, Martos (cf.[49]) in 1964 (from his Ph.D. dissertation
thesis ih Hungarian in 1960) showed that linear fractional programs can
be solved with an adjacent vertex-following procedure just like linear
programs with the simplex method. He recognized that generalized
convexity properties (pseudolinearity) of linear ratios enables such an
extension of the linear programming technique.

The study of fractional programs with only one ratio has largely dom-
inated the literature in this field until about 1980. Many of the results
known then are presented in the first monograph on fractional program-
ming (cf.[62]) which the second author published in 1978. Since then two
other monographs solely devoted to fractional programming appeared,
one in 1988 authored by Craven (cf.[21]) and one in 1997 by Stancu-
Minasian (cf.[71]). An overview of solution methods for single-ratio and
multi-ratio fractional location problems appeared in the monograph by
Barros (cf.[5]).

Fractional programs with one or more ratios have often been stud-
ied in the broader context of generalized convex programming (cf.[4]).
Ratios of convex and concave functions as well as composites of such
ratios are not convex in general, even in the case of linear ratios. But
often they are generalized convex in some sense. From the beginning,
fractional programming has benefited from advances in generalized con-
vexity, and vice versa (cf.[50]).

Fractional programming also overlaps with global optimization. Sev-
eral types of ratio optimization problems have local, nonglobal optima.
An extensive survey of fractional programming with one or more ratios
appeared in the Handbook of Global Optimization [64]. The survey also
contains the largest bibliography on fractional programming with one
or multiple ratios so far. It has almost twelve-hundred entries. For a
separate, rich bibliography [71] may be consulted.

Very recently two surveys have appeared updating some of the devel-
opments reviewed in [64]. The single-ratio and min-max case is treated
in [65] and the sum-of-ratios case in [68].



2 Classification of Fractional Programs.

To start with single-ratio fractional programs, let B C R™ be a nonempty
closed set and f,g : R" — [—00,00] be extended real-valued functions
which are finite-valued on B. Assuming g(x) > 0 for every x € B,
consider the nonlinear program

: f(x)
f —. P
m Q?GB g(l’) ( 1)
The problem (Py) is called a single-ratio fractional program. In most
applications the nonempty feasible region B has more structure and is
given by
B={xeC:hy(x)<0,k=1,..,1} (1)

with C' C R™ and h; : R" — R, 1 < k <[ some set of real valued contin-
uous functions. So far, the functions in the numerator and denominator
were not specified. If f,g and hy,1 < k <[ are affine functions (linear
plus a constant) and C' = R’} denotes the nonnegative orthant of R,
then the optimization problem (P;) is called a single-ratio linear frac-
tional program. Moreover, we call (Py) a single-ratio quadratic fractional
program if ' = R}, the functions f and g are quadratic and the func-
tions hg,1 < k <[ are affine. The minimization problem (P;) is called a
single-ratio convez fractional program if C' is a convex set, hy, 1 < k <1
and f are convex functions and g is a positive concave function on B.
In addition it is assumed that f is nonnegative on B if g is not affine.
In case of a maximization problem the single-ratio fractional program
is called a single-ratio concave fractional program if f is concave and g
is convex. Under these restrictive convexity\concavity assumptions the
minimization problem (P;) is in general a nonconvex problem.

In some applications more than one ratio appears in the objective
function. Omne form of such an optimization problem is the nonlinear
programming problem

fi(z)

infyep SUp1 <<, 9@ ()

with extended real-valued functions fj,g; : R" — [—o00,00],1 < i < m
which are finite-valued on B with g;(z) > 0 for every 1 < ¢ < m and
x € B. The problem (P») is often called a generalized fractional program.
As for single-ratio fractional programs we can specify the functions and
make a distinction between multi-ratio linear fractional programs and



multi-ratio convex fractional programs. If one g; is not affine, we need
to assume that all functions f; are nonnegative. Clearly both problems
(P1) and (P,) are special cases of the following problem.

Let A C R™ and B C R" be nonempty closed sets and f : R™*" —
[—00, 0] be a finite-valued function on A x B. In case g : R™™" —
[—00, 00] is a finite-valued positive function on A x B, consider the min-
max nonlinear programming problem

fly,x)
9y, )
Problem (P) is called a (primal) min-mazx fractional program. In order
to unify the theory for single-ratio and multi-ratio fractional programs,
we consider in Section 6 the so-called parametric approach applied to
problem (P) and derive from this approach duality results and algorith-
mic procedures for problem (P). This yields immediately duality results
and algorithmic procedures for problems (P;) and (P5).

Another multi-ratio fractional program we encounter in applications
is the so-called sum-of-ratios fractional program given by

nten 3 200 (Py)

with g;(z) > 0 for every x € B and 1 < ¢ < m. It is a more challenging
problem than (P) as recent studies have shown. We also encounter in
applications the so-called multi-objective fractional program

inf h(@) e fm(x))
w€B g1(x) gm(2)
which is related to (P) and (Ps3).

In Sections 3 and 4 we will review applications of fractional programs
(P1) and (Ps), respectively. Section 5 focuses on applications of the
fractional program (P3). In addition we review here some of the solution
procedures for this rather challenging problem. Finally in Section 6 we
return to problems (P;) and (P). In a joint treatment involving the
more general problem (P) a parametric approach is used for the analysis
and development of solution procedures of (P).

infrep supyeq (P)

(P1)

3 Applications of Single-Ratio Fractional Pro-
grams (F).

Single-ratio fractional programs (P;) arise in management decision mak-
ing as well as outside of it. They also occur sometimes indirectly in mod-



elling where initially no ratio is involved. The purpose of the following
overview is to demonstrate the diversity of problems which can be cast
in the form of a single-ratio fractional program. A more comprehensive
coverage which also includes additional references for the models below
is contained in [64]. For other surveys of applications of a single-ratio
fractional program see [21],[62],[63],[65],[66],[71].

Economic Applications.

The efficiency of a system is sometimes characterized by a ratio of
technical and /or economical terms. Maximizing the efficiency then leads
to a fractional program. Some applications are given below.

o Maximization of Productivity.

Gilmore and Gomory [37] discuss a stock cutting problem in the
paper industry for which under the given circumstances it is more
appropriate to minimize the ratio of wasted and used amount of
raw material rather than just minimizing the amount of wasted
material. This stock cutting problem is formulated as a linear
fractional program. In a case study, Hoskins and Blom [43] use
fractional programming to optimize the allocation of warehouse
personnel. The objective is to minimize the ratio of labor cost to
the volume entering and leaving the warehouse.

o Maximization of Return on Investment.

In some resource allocation problems the ratio profit/capital or
profit/revenue is to be maximized. A related objective is return
per cost maximization. Resource allocation problems with this
objective are discussed in more detail by Mjelde in [53]. In these
models the term ‘cost’ may either be related to actual expenditure
or may stand, for example, for the amount of pollution or the prob-
ability of disaster in nuclear energy production. Depending on the
nature of the functions describing return, profit, cost or capital,
different types of fractional programs are encountered. For exam-
ple, if the price per unit depends linearly on the output and cost
and capital are affine functions, then maximization of the return
on investment gives rise to a concave quadratic fractional program
(assuming linear constraints). In location analysis maximizing the
profitability index (rate of return) is in certain situations preferred
to maximizing the net present value, according to [5] and [8] and
the cited references.

e Mazimization of Return/Risk.



Some portfolio selection problems give rise to a concave nonquadratic
fractional program of the form (3) below which expresses the max-
imization of the ratio of expected return and risk. For related
concave and nonconcave fractional programs arising in financial
planning see [64]. Markov decision processes may also lead to the
maximization of the ratio of mean and standard deviation. A very
recent application of fractional programming in portfolio theory is
given in [48]. The authors argue that the ratio of two variances
gives sophisticated forecasting models with significant predictive
power.

Minimization of Cost/Time.

In several routing problems a cycle in a network is to be determined
which minimizes the cost-to-time ratio or maximizes the profit-
to-time ratio. Some of these models are combinatorial fractional
programs (cf.[56]). Also the average cost objective used within the
theory of stochastic regenerative processes (cf.[2]) leads to the min-
imization of cost per unit time. A particular example occurring
within this framework is the determination of the optimal order-
ing policy of the classical periodic and continuous review single
item inventory control models (cf.[12],[13],[30]). Other examples
of this framework are maintenance and replacement models. Here
the ratio of the expected cost for inspection, maintenance and re-
placement and the expected time between two inspections is to be
minimized (cf.[7],[32]).

Mazimization of Output/Input.

Charnes and Cooper use a linear fractional program as a model to
evaluate the efficiency of decision making units (Data Envelopment
Analysis (DEA)). Given a collection of decision making units, the
efficiency of each unit is obtained from the maximization of a ratio
of weighted outputs and inputs subject to the condition that sim-
ilar ratios for every decision making unit are less than or equal to
unity. The variable weights are then the efficiency of each member
relative to that of the others. For an extensive recent treatment
of DEA see [19]. In the management literature there has been
an increasing interest in optimizing relative terms such as relative
profit. No longer are these terms merely used to monitor past
economic behavior. Instead the optimization of rates is receiving
more attention in decision making processes for future projects (cf.
[5],[42]). We mention here a case study in which the effectiveness



of medical institutions in the area of trauma and burned man-

agement was analyzed with help of linear fractional programming
(cf.[25]).

Non-Economic Applications.

In information theory the capacity of a communication channel can
be defined as the maximal transmission rate over all probabilities. This is
a concave nonquadratic fractional program. Also the eigenvalue problem
in numerical mathematics can be reduced to the maximization of the
Rayleigh quotient, and hence gives rise to a quadratic fractional program
which is generally not concave. An example of a fractional program in
physics is given by Falk (cf.[24]). He maximizes the signal-to-noise ratio
of an optical filter which is a concave quadratic fractional program.

Indirect Applications.

There are a number of management science problems that indirectly
give rise to a concave fractional program. We begin with a recent study
which shows that the sensitivity analysis of general decision systems
leads to linear fractional programs (cf.[52]). The developed software was
used in the appraisal of Hungarian hotels. A concave quadratic fractional
program arises in location theory as the dual of a Euclidean multifacility
min-max problem. In large scale mathematical programming, decompo-
sition methods reduce the given linear program to a sequence of smaller
problems. In some of these methods the subproblems are linear frac-
tional programs. The ratio originates in the minimum-ratio rule of the
simplex method.

Fractional programs are also met indirectly in stochastic programming,
as first shown by Charnes and Cooper [18] and by Bereanu [14]. This
will be illustrated by two models below (cf.[62],[71]).

Consider the following stochastic mathematical program

max{aTz : x € B} (2)

where the coefficient vector a is a random vector with a multivariate
normal distribution and B is a (deterministic) convex feasible region.
It is assumed that the decision maker replaces the above optimization
problem by the decision problem

max{P(aTz > k) : z € B},



i.e., he wants to maximize the probability that the random variable
aTx attains at least a value equal to a prescribed level k. Then the
optimization problem listed in (2) reduces to

eTe —k
vVaTVz
where e is the mean vector of the random vector a and V its variance-
covariance matrix. Hence the maximum probability model of the concave
program (2) gives rise to a fractional program. If in problem (2) the
linear objective function is replaced by other types of nonlinear functions,
then the maximum probability model leads to various other fractional
programs as demonstrated in [62] and [71].
Consider a second stochastic program

max{ fo(x) + 0f1(z) : © € B} (4)

max{ :x € B} (3)

where fy, f1 are concave functions on the convex feasible region B, f; > 0
and 6 is a random variable with a continuous cumulative distribution
function. Then the maximum probability model for (4) gives rise to the
fractional program @
folx) — k

max{ AR x € B}. (5)
For a linear program (4) the deterministic equivalent (5) becomes a
linear fractional program. If fj is concave and f; linear, then (5) is still
a concave fractional program. However, if f; is also a (nonlinear) concave
function, then (5) is no longer a concave fractional program. Obviously
a quadratic program (4) reduces to a quadratic fractional program. For
more details on (4) and (5) see [62],[71].

Stochastic programs (2) and (4) are met in a wide variety of planning
problems. Whenever the maximum probability model is used as a deter-
ministic equivalent, such decision problems lead to a fractional program
of one type or another. Hence, fractional programs are encountered in-
directly in many different applications of mathematical programming,
although initially the objective function is not a ratio.

4 Applications of Min-Max Fractional Programs
(F2).

In mathematical economics the multi-ratio fractional program (P;) arises
when the growthrate of an expanding economy is defined as follows



(cf.[74]):
output;(x
growthrate = max, ( min Piz() (6)
1<i<m input,(x)
where = denotes a feasible production plan of the economy.

In management science simultaneous maximization of rates such as
those discussed in the previous section can also lead to a multi-ratio
fractional program. This is the case if either in a worst-case approach
the model

. fi(z)
ming<j<m —— — Sup 7
sism (7)
is used or with the help of prescribed ratio goals r; the model
fi(z) :
maxi<i<m |——~ — Ti| — inf 8
cizm| 2y =i ®

is employed. Examples of the second approach are found in financial
planning with different fractional ratios or in the allocation of funds
under equity considerations. Financial planning with fractional goals is
discussed in [38]. Furthermore, multi-facility location-queueing problems
giving rise to (P) are introduced in [5].

A third area of application of min-max fractional programs is nu-
merical mathematics (cf.[39]). Given the values F; of a function F(t) in
finitely many points ¢; of an interval for which an approximating ratio of
two polynomials N (t,z1) and D(t,x2) with coefficient vectors x1, z9 is
sought. If the best approximation is defined in the sense of the Ly,-norm,
then the following problem is to be solved:

N(ti, 1‘1)
D(t;, x2)

max; | — F;| — inf 9)
with variables z1, xo.

At the end of this section on applications of (P2) we point out that in
case of infinitely many ratios (P) is related to a fractional semi-infinite
program (cf.[39]). Several applications in engineering give rise to such a
problem when a lower bound for the smallest eigenvalue of an elliptical
differential operator is to be determined (cf.[40]).

For further applications of (P3) we refer to the very recent survey
[65].



5 Sum-of-Ratios Fractional Programs (Fs).

Problem (P3) arises naturally in decision making when several rates
are to be optimized simultaneously and a compromise is sought which
optimizes a weighted sum of these rates. In light of the applications of
single-ratio fractional programming numerators and denominators may
be representing output, input, profit, cost, capital, risk or time, for
example. A multitude of applications of the sum-of-ratios problem can
be envisioned in this way. Included is the case where some of the ratios
are not proper quotients. This describes situations where a compromise
is sought between absolute and relative terms like profit and return on
investment (profit/capital) or return and return/risk, for example.

Almogy and Levin (cf.[1]) analyze a multistage stochastic shipping
problem. A deterministic equivalent of this stochastic problem is formu-
lated which turns out to be a sum-of-ratios problem.

Rao (cf.[57]) discusses various models in cluster analysis. The prob-
lem of optimal partitioning of a given set of entities into a number of
mutually exclusive and exhaustive groups (clusters) gives rise to various
mathematical programming problems depending on which optimality
criterion is used. If the objective is to minimize the sum of the squared
distances within groups, then a minimum of a sum of ratios is to be
determined.

The minimization of the mean response time in queueing-location
problems gives rise to (Ps) as well, as shown by Drezner et al. (cf.[23]);
see also [75].

Furthermore we mention an inventory model analyzed in [67] which
is designed to determine simultaneously optimal lot sizes and an optimal
storage allocation in a warehouse. The total cost to be minimized is the
sum of fixed cost per unit, storage cost per unit and material handling
cost per unit.

In [46] Konno and Inori formulate a bond portfolio optimization
problem as a sum-of-ratios problem.

More recently other applications of the sum-of-ratios problem have
been identified. Mathis and Mathis [51] formulate a hospital fee opti-
mization problem in this way. The model is used by hospital adminis-
trators in the State of Texas to decide on relative increases of charges
for different medical procedures in various departments.

According to [20] a number of geometric optimization problems give
rise to the sum-of-ratios problem. These often occur in layered manufac-
turing, for instance in material layout and cloth manufacturing. Quite

10



in contrast to other applications of the sum-of-ratios problem mentioned
before, the number of variables is very small (one, two or three), but the
number of ratios is large; often there are hundreds or even thousands of
ratios involved.

Our current understanding of the structural properties of the sum-
of-ratios problem is rather limited. In [36] Freund and Jarre showed that
this problem is essentially NP-hard, even in the case of one concave ratio
and a concave function. Hence (Ps) is a global optimization problem in
contrast to (Py) and (P).

Given the small theoretical basis, it is not surprising that algorithmic
advances have been rather limited too. However in recent years some
progress has been made. Some of the proposed algorithms have been
computationally tested. Typically execution times grow very rapidly in
the number of ratios. At this time problems up to about ten ratios
can be handled. We refer to the algorithms by Konno and Fukaishi
(cf.[45]) (see also [44]) and by Kuno (cf.[47]). The former is superior to
several earlier methods (cf.[45]) while the latter is seemingly faster than
the former. Clearly a more thorough testing of the various proposed
algorithms is needed before further conclusions can be drawn. Also some
of the applications call for methods which can handle a large number of
ratios; e.g., fifty (cf.[1]). Currently such methods are not available.

For a special class of sum-of-ratios problems with up to about one
thousand ratios, but only very few variables an algorithm is given in
[20]. This method by Chen et al. is superior to the other algorithms on
the particular class of problems in manufacturing These are geometric
optimization problems arising in layered manufacturing. In contrast to
the general-purpose algorithms for (P3), the method in [20] is rather
robust with regard to the number of ratios.

Focus of the remainder of this review of fractional programming will
be the min-max fractional program (P). It includes as special cases (P)
and (P,). For a very recent survey of applications, theoretical results
and solution methods for (P;) and (Ps) since [64] was published we refer
to [65]. A corresponding survey for (P3;) since [64] appeared is given
in [68]. For a survey of some recent developments for multi-objective
fractional programs (Ps) we refer to [31].

6 Analysis of Min-Max Fractional Programs.

In this section we will analyze min-max fractional programs by means
of a parametric approach. Although other approaches are also avail-

11



able, this one makes it possible to derive duality results for the (pri-
mal) min-max fractional program (P) and at the same time to construct
an algorithm which solves problem (P). As already mentioned in Sec-
tion 2, let B € R™ and A C R™ be some nonempty closed sets and
[ R™™ — [—00, 00] a finite-valued function on A x B. Moreover, con-
sider the function g : R™*" — [—o00, 0o] which is a finite-valued positive
function on A x B. For the related functions gyt : R" — [—00, 00] and
Gsup : R™ — [—00, 00] given by

ginf(z) = infyea g(y, ) and geup(7) := supye4 9(y, x)
we assume, unless stated otherwise, that the following condition holds.
Condition 1 For every x € B we have 0 < gins(x) < gsup(x) < 00.

For every x € B we now consider the single-ratio fractional program

[y, ) _ (P?)
9(y, x)

This optimization problem is well-defined and its objective function
value satisfies —oo < A«(x) < oco. A more complicated optimization
problem is given by the already introduced (primal) min-max fractional
program

() 1= supye 4

fly, )
gy, x)’

Clearly —oco < A, = inf,ep A(z) < oo. It is not assumed beforehand
that the optimization problems (P) and (P”) have an optimal solution.
Therefore we cannot replace sup by max or inf by min. The simpler
optimization problem (P7) is introduced since it will be part of the so-
called primal Dinkelbach-type approach discussed in subsection 6.2 to
solve the (primal) min-max fractional program (P).

Another optimization problem is to consider for every y € A the
single-ratio fractional program

s 1= infrep Supy ey (P)

—inf W) y
p«(y) == infzep o.2) (DY)

Also this problem is well-defined and it satisfies —oo < p.(y) < oo.
Clearly for every y € A we obtain p.(y) < M. Similarly as for the
(primal) min-max fractional program we introduce the more complicated
optimization problem

o . f(y,z)
[ 7= SUDye 4 infrep ) (D)

12



This problem is called a (dual) maz-min fractional program. Clearly
its optimal objective function value p, satisfies pu. < A. Like for the
(primal) min-max fractional program we introduce the functions Gop
R™ — [~00, 00] and g, : R™ — [~00, 00] given by

9, (v) = infoep g(y, ) and Gy (y) == sup,ep 9(y, 2).

Analyzing the so-called dual Dinkelbach-type approach to solve problem
(D), we need the following symmetrical version of Condition 1.

Condition 2 For every y € A we have 0 < g. () < Ggyp(y) < 0.

The simpler optimization problem (DY) is introduced since it will be
part of the dual Dinkelbach-type approach discussed in subsection 6.4 to
solve the (dual) max-min fractional program (D). If we consider a single-
ratio fractional program, A consists of one element and the optimization
problems (P) and (D) are identical. For a classical multi-ratio fractional
program A is a finite set consisting of more than one element; hence
optimization problems (P) and (D) are different from each other. If
programs (P) and (D) are different and additionally p. = A, both
the primal and dual Dinkelbach-type approach can be used to solve
optimization problem (P). As already observed before, many results
(cf.[4],5],[21]) were derived for generalized fractional programs. In this
section we will consider the more general (primal) min-max and (dual)
max-min fractional program and derive similar structural properties for
this problem as it was done for the more specialized primal and dual
generalized fractional program before.

We selected these more general optimization problems not often con-
sidered in the fractional programming literature since one can use similar
parametric techniques as for generalized fractional programs and at the
same time unify the existing theory for single-ratio and multi-ratio frac-
tional programs. Using the parametric approach one can reduce the
max-min and min-max fractional program to so-called (semi-infinite)
max-min and min-max programs. Unfortunately, solving these semi-
infinite optimization problems efficiently on a computer is very difficult.
For an extensive discussion of some of the used procedures the reader
should consult [55]. However for special cases there is still room for im-
provement, and this seems to be a new area of research (cf.[15]). In the
theoretical analysis of the max-min and min-max fractional programs
it will turn out that convexity plays a major role, not only in estab-
lishing the equality A, = u. (a so-called strong duality result), but also

13



in the rate of convergence analysis for the primal and dual Dinkelbach-
type parametric approach. Due to symmetry arguments similar type of
convergence results hold for these two algorithms.

In case we analyze the primal Dinkelbach-type approach, not all the
results are valid under Condition 1, and we sometimes need the following
stronger condition.

Condition 3 The set A C R™ is compact, the function g is positive on
A x B and for every x € B the functions y — f(y,x) and y — g(y, x)
are finite-valued and continuous on some open set U C R™ containing

A.
If Condition 3 holds, then it follows from Corollary 1.2 of [3] that

0< ginf(m) < gsup(qj) <0

for every x € B, and so this condition implies Condition 1. Moreover,
the single-ratio fractional program (P*) has an optimal solution and
A« (z) is finite for every x € B.

In case we also analyze the dual Dinkelbach-type approach, not all
results are valid under Condition 2, and so we sometimes need the fol-
lowing symmetrical version of Condition 3.

Condition 4 The set B C R"” is compact, the function g is positive on
A x B and for every y € A the functions x — f(y,x) and x — g(y,z)
are finite-valued and continuous on some open set V. C R™ containing

B.
Again, if Condition 4 holds, it follows from Corollary 1.2 of [3] that

0<g, . (4) <Gsupy) < o0

for every y € A, and so this condition implies Condition 2. Moreover,
the single-ratio fractional program (DY) has an optimal solution, and
() is finite for every y € A.

Before analyzing in the next subsection the parametric approach ap-
plied to (P), we will derive an alternative representation of a generalized
fractional program. This alternative representation satisfies automati-
cally Condition 3. For a generalized fractional program the set A is
given by {1,...,m},m < oo, and the functions f and g are replaced by
the functions f; : B — R,i € A and ¢g; : B — R,i € A. This means

f(yvr) — max;<;< fl(aj) — (IIZ‘)
9(y, ) == gi(e) T

SUPye A
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In this case the optimization problem (P*) can be solved trivially.
To obtain a different representation of a generalized fractional pro-
gram, we introduce the unit simplex

A ::{yGRm:ZZIyizl,yiZO,lgigm}.

If the vector b belongs to R, , the strictly positive orthant of R™, it
is well-known (cf.[4]) that the function h : A,, — R given by h(y) :=
(y"b)"'yTa is quasiconvex on A, for every a € R™. By Condition 1
it follows for g : R» — R™ given by g(z) := (g1(2),...,gm(x))" that
g(z) € R, for every x € B. Then for f : R" — R™ given by f(z) =
(f1(z), .., fm(x))T we have

fi(z) y' f(z)
maX;c A = maXyeA,, 10
“ gi(e) YR yTy() (10
for every x € B. Applying relation (10) yields
fi(z) y' f(z)

(11)

inf e p maxi<ij<y, ——= = infrep max,en,, —=——.

RIS g () TSP A T )
With this we have found another representation of a generalized frac-
tional program. Using this representation, the corresponding (dual) gen-
eralized fractional program is given by
s n int,ep LI

m €z .

ve yTg(x)
In subsection 6.3 we will give sufficient conditions to guarantee that the
primal and dual optimal objective function values coincide. However
before discussing this, we will first consider in the next subsection the
so-called primal parametric approach for solving the (primal) min-max
fractional program (P).

6.1 The Primal Parametric Approach.

To analyze the properties of the (primal) min-max fractional program
(P) and at the same time construct some generic algorithm to solve this
problem we introduce the function p: R x A x B — R given by

p()‘a y7x) = f(ya .’E) - )\g(y,lﬁ)

and consider for every (A, z) € R x B the optimization problem

p1(\, @) == supye 4 p(A, Y, ). (P)
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For every x € B the function p; , : R — (—o00, 00| is now given by

prz(A) == pi(\ 2). (12)

Since g > 0 on A x B and p; , is the supremum of affine functions, it is
obvious that pi , is a decreasing lower semicontinuous convex function.
Its so-called effective domain dom(pi ) is defined by (cf.[58])

dom(p1z) ' ={A € R:p1 (X)) <oo} CR.

By the finiteness of p on R x A x B it is obvious that for every z € B
dom(p1z) = {N € R : p1z(\) finite}. A more difficult optimization
problem than (FY) is the parametric min-max optimization problem

p2(A) = infrep p1(N, ). (Py)

For this function it holds that —oco < p2(A) < oo for every A € R. For
the function py the so-called effective domain dom(ps) is given by

dom(p2) :=={ A € R:p2(\) < o0} CR.
By the definition of the functions p2 and p1, it is easy to verify that

dom(p2) = Uzepdom(p1,z)

In the next result we identify for A, < oo and A.(x) < oo the effective
domains of the functions p, and p1 ;.

Lemma 5 Assume Condition 1 holds. Then A\, < oo if and only if
dom(p2) = R, and \.(x) is finite if and only dom(p; ) = R.

Proof. Assume A, < o0o. Suppose by contradiction that there exists
some A € R satisfying pa(A) = oo. This implies for every = € B that
p1(A,x) = oo. Hence for a given z € B one can find some sequence
{yn : n € N} C A satisfying

f(Yn, )

)~ Nelm ) < (G

n < ( — ) Gsup (). (13)
Since gsup(2) < oo and A is finite, we obtain by relation (13) that A\, (z) =
oo for every x € B yielding A, = oo which contradicts our assumption.

Conversely, if dom(p2) = R, then clearly 0 € dom(p2) and so there
exists some xg € B satisfying sup,c 4 f(y, v0) < oc. Due to gint(wo) > 0

it is easy to see that A.(zg) < oo and so A\, < oo which completes the
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proof of the first part. By identifying B with {z}, the second part follows
immediately from the first part. O

Using similar algebraic manipulations as in [22] applied to a general-
ized fractional program one can show the following important result for
the optimal value function ps of a parametric min-max problem (Py).
The validity of the so-called parametric approach to solve problem (P)
is based on this result.

Theorem 6 Assume Condition 1 holds and M\ < co. Then Ay < A < 00
if and only if p2(X) < 0. Moreover, if A\(z) < 00, then \(z) < A < 00
if and only if p1(\,z) <0.

Proof. If Ay < oo and A > A, = inf,ecp A(x), then there exist some
zg € B and € > 0 satisfying

)\>)\*(IL‘0)+EZM—|—€

9(y, 7o)
for every y € A. Since gins(zo) > 0, this yields
f(yva) - )‘g(ywr()) S _eg(yer) S _eginf(xO)

for every y € A. It follows that
p2(A) < p1(\,w0) < —€gint(wo) < 0.

Conversely, if pa(A) < 0, then there exist some ¢ > 0 and zp € B
satisfying p1(A\,xo) < —e. This implies f(y,z0) — Ag(y,z9) < —e for
every y € A, and we obtain for every y € A that

fzo) € 5 _ € (14)

g(ysz0) —  9(y,w0) T~ Gsup(wo)

Since gsup(zo) < 00, it follows from relation (14) that A\, < A.(xg) < A,
and the proof of the first part is completed. By identifying B with {z}
the second part follows from the first part. O

A useful implication of Theorem 6 is given by the following result.

Lemma 7 Assume Condition 1 holds and M«(x) < oo for some x € B.
Then p1(A«(z),x) = 0.
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Proof. By the definition of A\.(x) we obtain f(y,z) — A.(z)g(y,x) < 0 for
every y € A. This implies p;(A«(x),z) < 0. From Theorem 6 it follows
that p1(A«(z),z) > 0, and this shows the desired result. O

If Condition 1 holds and A, < oo, we obtain from Theorem 6 and
Lemma 5 that pa(As) > 0, and p2(A) is finite for every A < A,. In case we
only assume that g is positive on A x B it is easy to verify that pa(A) < 0
for every A > Ay, and p2(A) < 0 implies A > A.. However as shown by
the following single-ratio fractional program satisfying Condition 1 and
A« = 1, it may happen that pa(\) = —oo for every A > A\, and pa(As) # 0
(cf.[22]).

Example 8 For A = {1}, fi(z) =z +1, gi(x) =x and B={x € R :
x > 1} it follows that optimization problem (P) reduces to infxeBmTH,
and so A\ = 1. Also 0 < ginf(x) = gsup(x) = & < 00 for every x € B
and pa(As) = infyep{z + 1 —x} = 1. Moreover, the optimal solution set
of the optimization problem (Py,) equals B, and p2(\) = —oo for every

A > 1.

To derive some other properties of the so-called parametric approach
we need to investigate in detail the functions ps and p; .. We first observe
that the positivity of the function g on A x B implies that the functions
p2 and p1 ., € B, are decreasing. In the next result it is shown that
the decreasing function ps is upper semicontinuous.

Theorem 9 Assume Condition 1 holds. Then the function ps : R —
[—00, 0] is upper semicontinuous.

Proof. To prove that the function ps is upper semicontinuous, let a € R
and consider the upper level set U(pz,a) := {A € R : p2(\) > a}. If
U(p2,a) = &, then this set is closed. So we assume that U(ps, ) #
@. To show that this set is closed consider some accumulation point
Ao € R of the set U(ps, ). Hence there exists some sequence {\, : n €
N} C U(ps, a) satisfying limy oo Ay = Aoo. If for some n € N it holds
that A, > Ao, then by the monotonicity of the function py we obtain
P2(Aso) = p2(An) > @, and so Ao € U(p2, ). Therefore we may assume
without loss of generality that A\, < A for every n € N. Observe now
for every x € B and n € N that

P1(Aso, ) 2 p(An, ¥, @) + (A — Ac)9(y, @)
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for every y € A. This implies using A, < Ao and g > 0 that

P1( Moo, ) 2= (A, ¥ %) + (A — Aso) Gsup ()

for every y € A, and hence

pl(AOO’ ‘T) > pl()‘nax) + ()\n - )‘OO)gsup(x)‘ (15)

Since A, € U(p2,«), we obtain for every = € B that p1(\,,z) > . By
relation (15), limy, 100 Ap = Moo and 0 < gsup(z) < oo this yields for every
x € B that p;(Ao, ) > a. Hence pa(Aso) > a, and so Ao € U(pa, ).
Applying Theorem 1.7 of [29] yields that py is upper semicontinuous. [J

By Theorem 9 and Lemma 1.30 of [29] we obtain

limgyy p2(s) = limsupg;y pa(s) < pa(A).

Since for every s < A we know that pa(s) > p2(A), this yields limgyy pa(s) =
p2(A). Again by the monotonicity of ps it follows that limg |y p2(s) exists.
But this limit might not be equal to p2(A). Therefore the function po is
left-continuous with righthand limits.

An important consequence of Theorem 9 is given by the next result.
To show this result we first introduce a so-called set-valued mapping S :
X — 2Y (cf.[3]) with 2¥ denoting the set of all subsets of the nonempty
set Y C R™ and X a nonempty closed subset of R”. If § : X — 2V is
a set-valued mapping, it is always assumed that S(z) C Y is nonempty
for every € X. The graph of a set-valued mapping S : X — 2Y is given
by

graph(S) = {(z,y) e X xY :y € S(x)}.

An important subclass of set-valued mappings is introduced in the next
definition (cf.[11]).

Definition 10 The set-valued mapping S : X — 2¥ where X is a closed
set is called closed if its graph is a closed set.

By the definition of a closed set it is immediately clear that the set-
valued mapping S : X — 2Y is closed if and only if for any sequence
{z, : k € N} C X and yi, € S(xy), k € N it follows that

limpioo Tk = Too and liMggoo Yk = Yoo = Yoo € S(Zoo)-
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Examples of set-valued mappings occurring within min-max optimiza-
tion are the set-valued mappings Sp, : R x B — 24 and Spy, t R — 2B
given by
Sp(N2) ={y € A:pi(\,z) = p(\,y, 2)} (16)
and
Spa(A) :={z € B:pa(N) =p1(\, z)}. (17)

The set Sy, (A, z) represents the set of optimal solutions of the opti-
mization problem (PY), while the set S),,()) denotes the set of optimal
solutions in B of the optimization problem (Py). Also we consider the
set-valued mapping S, : R — 24%B given by

SP(A) = {(y,:v) €EAXB :pZ()‘) :pl()‘7x) = p()‘aya 1:)} (18)

This set represents the set of optimal solutions of the optimization prob-
lem (Py). For the above set-valued mappings one can show the fol-
lowing result. It is always assumed in the next result that the sets
Spr (A, ), Spy (A) and Sp(N) are nonempty on their domain.

Lemma 11 Assume Condition 1 holds and the functions f and g are
finite-valued and continuous on some open set W C R™™ containing
A x B. Then the set-valued mappings Sp,, Sp, and S, are closed.

Proof. We first show that the set-valued mapping S), is closed. To start
with this, consider some sequence {(A, ¥k, k) @ Yx € Sp (Mk, Tk) Fren
satisfying limpjoo Ak = Ao € R, iMoo i = ZToo and limptoo Yk = Yoo-
Since A and B are closed sets, this yields xo € B and yo, € A and by
the definition of p; we obtain

p()\owyoo;xoo) Spl(AooaxOO)' (19>

Since the function p is continuous on R x A x B, it is easy to verify using
Theorem 1.7 of [29] that the function p; is lower semicontinuous on Rx B.
Using this in combination with Lemma 1.30 of [29] and pi(Ag, z) =
P(Aks Yk, Tk) We obtain

P(Aoo, Yoo,Too) = M infriee p1( Ak, k) > P1( Moo, Too)-

Then by relation (19) it follows that Yoo € Sp, (Moo, Too). This shows
that the set S, is closed. To prove that the set-valued mapping S, is
closed we consider some sequence {( A, Tx) : Zx € Sp, (Tk) } e satisfying
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limgioo Ak = Ao € R and limg1oo T = Too. By Theorem 9 and Lemma
1.30 of [29] we obtain

P2(Aoo) > lim supyjo, P2(A)- (20)

Since p; is lower semicontinuous on R x B, it follows that

lim supyq oo p2(Ak) > liminfrpeo p1( Ak, k) > P1(Aoos Too)-

Hence by relation (20) we obtain

pQ(/\oo) > pl()\om xoo)

Using 2o € B this shows that zo € Sp,(Ass). Hence we have verified
that S, is closed

Finally, to show that S, is closed, consider a sequence {(\g, Y, z) :
(ks k) € Sp(Ak)tren satisfying limpioo Ay = Ao € R, limpoozp =
ZToo and limMpjeo Y = Yoo. Since yr € Sy, (Mg, zx), it follows us-
ing the fact that Sy, is closed that yso € Sp,(Aoo,Zoo). This shows
P(Aoo, Yoo, Too) = P1(Aeo, Too). Moreover, since xj € Sp,(Ag), we obtain
ZToo € Spy(Aso).using the fact that Sp, is closed. Hence pi(Aoo, Too) =
P2(Aso). Therefore (Yoo, o) is an optimal solution of the min-max frac-
tional program (P). This completes the proof. O

We will now consider for every « € B the decreasing convex function
Pz : R — R, listed in relation (12). In the next result it is shown
for A\i(x) finite that this function is Lipschitz continuous with Lipschitz
constant gsup(z).

Lemma 12 Assume Condition 1 holds and \.(z) is finite for x € B.
Then the function p1 4 : R — (—00,00) is strictly decreasing and Lips-
chitz continuous with Lipschitz constant gsup(x) and this function satis-
fies limyjoo P12 (A) = —00 and limy| oo p1 () = 0.

Proof. If A\.(x) is finite for some x € B, then we know by Lemma 5
that p; »(A) is finite for every A € R. Selecting some p € R and using
gsup(z) < 0o and the fact that py ,(p) is finite, it is easy to verify that

P1,2(A) = P12 ()] < gsup(2)|A — pf (21)

for every A € R. Hence p; . is a Lipschitz continuous convex function
with Lipschitz constant gs,p(z) < oo. Also it is easy to verify using
Gint(x) > 0 that

P1ae(A) = pra(p) = (10— A)gint(x) (22)
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for every A < p. This shows that p; , is strictly decreasing on R. Again by
relation (22) we obtain for a given p and A | —oo that limy| oo p1.2(A) =
oo and for a given A and p T oo that lim,, 10 P12 (1) = —00. O

If A« (x) is finite, it follows from Lemma 12 and Theorem 1.13 of [29]
that the finite-valued convex function p; , has a nonempty subgradient
set Op14(A) for every A € R. Hence for every a € Op; »(A\) and p, A € R
the subgradient inequality

Pre(p) 2 pre(A) +alp — A)

holds. Applying relation (21) and the fact that p; , is strictly decreasing
we obtain

gsup(l') > pl,x(A - 1) - pl,x(A) > —a (23)

for every a € Op1 (). Furthermore, applying relation (22) yields

_ginf(x) > pl,z()\ + 1) — pLz()\) >a (24)

for every a € dp1 »(\). Hence by relations (23) and (24) it follows that

apl,x()‘) - [_gsup(a:)a _ginf($)]’ (25)

To give a more detailed representation of the subgradient set dpi . (1)
it is convenient to assume that the set S, (A, x) listed in relation (16)
is nonempty. As already observed, this set represents the set of opti-
mal solutions of the parametric problem (Py). It is easy to see that
—g(y,x) € Op1x(A) for every y € S, (A, ). Since Op1 () is a closed
convex set, this implies

[_ SupyeSp1 (M) g(y) SL’), - infyGSpl A\z) g(ya l‘)] - apl,x()‘)' (26)

Although it is possible for a finite A.(x) to give a complete representation
of the subgradient set Opj ,(\) for every A € R, we only consider the
following important subcase.

Lemma 13 Assume Condition 3 holds. Then it follows for every x €
B that A\(z) is finite, Sp, (A, x) is a nonempty compact set for every
(A\,z) e Rx B and

apl,x()\) = [_ maXyGSpl A\z) g(yv CC), - minyGSpl A\,z) g(y7 .T)]

Also for every ay € Op12(\) and a, € Op1x(p) and A > p it holds that
0>ay = ay.
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Proof. Since the functions y — f(y,z) and y — g(y, ) are continuous,
g > 0on A x B and A is compact, we obtain that \.(x) is finite. By
the same argument it also follows that Sy, (A, z) is nonempty for every
A € R. Also by the continuity of the function y — f(y,z) — Ag(y, )
the set Sp, (A, z) C A is closed and hence compact. Using now the
proof of Lemma 3.2 in [9] and the fact that Sy, (A, z) is a compact set
yields the desired representation of the subgradient set dp; 4(). To show
the last part we observe by the subgradient inequality that pq () >
P1,2z(A) + ax(p — A). Moreover, applying the same argument it follows
that p1 () > p1x(p) + au(A — ). Adding these two inequalities yields

pl,x(ﬂ) +p1,a:()\) > pl,z(A) + pl,x(ﬂ) + (au - a)\)(A - /'L)7
and since A > p, it follows that a, —a) < 0. n

Looking at the proof of the last inequality it is only needed that
the subgradient sets dpi ,(A\) and Op; ,(p) are nonempty. In view of
Lemma 5 this is true if A (z) is finite and Condition 1 holds. By relation
(11) the above conditions are clearly satisfied for a generalized fractional
program.

In the next lemma we show the following important improvement of
Lemma 5 and Lemma 7.

Lemma 14 Assume Condition 1 holds. Then the set {\ € R: p;(\,x) =
0} is nonempty if and only if A\(z) < oo. Moreover, if this set is
nonempty, it only contains the finite value A.(x).

Proof. If the set {\ € R : p;(\,z) = 0} is nonempty, then it follows
for any A\ belonging to this set that f(y,z) < Ag(y, z) for every y € A.
This shows by the positivity of g on A x B that A.(xz) < A < oo. Also by
Lemma 7 we obtain for () finite that p; (A«(x),z) = 0. This proves the
first part of the above result. To prove the second part, we observe that
by Lemma 12 the function pi ; is strictly decreasing. This completes the
proof. O

Up to now we did not assume that there exists some x € B satisfying
Ax = M) < 00, i.e. that the min-max fractional program (P) has an
optimal solution in B. In the next theorem we show the implications of
this assumption. To do so, consider the (possibly empty) set Dy C R
given by

Dy :={A € R:pa(X) =0 and Sp,(\) is nonempty}. (27)

It is now possible to prove the following theorem.
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Theorem 15 If Condition 1 holds, then A\. = Ai(xg) < oo for some
xo € B if and only if Dy = {\}. Moreover, if . = Ai(x0) < 00 for
some xg € B, then

Sp(\) = {2z € B: A = Au(2)}.

Proof. By Lemma 7 it follows for A, = A\.(z) < oo that py (A, z) = 0.
Since p1(A«, ) > p2(As) > 0, this shows that

0=pi1(As,z) = p2(As). (28)

Using relation (28) with x replaced by xq it follows for A\, = A (zg) <
oo that A, belongs to Dy. Hence we still need to show that Dy only
contains A.. Consider therefore an arbitrary A belonging to Dgy. By the
definition of Dy in relation (27) one can find some g € B satisfying
0 = p2(A) = p1(A, z0), and this implies by Lemma 14 that \.(z¢) = A.
Since p2(A) = 0, it follows by Theorem 6 that A < A, and this shows
that A\(zg) = A < A < Ai(20). Hence A = A, and we have verified
that Dy only contains ..

To prove the converse we obtain for A\, € Dy that 0 = pa(\,) =
p1(As, o) for some xp € B. Applying Lemma 14 yields A.(xo) is finite
and A\, = A\i(zo) which proves the ”only if 7 implication. To verify the
second part it follows by relation (28) that = belongs to Sp, () for every
x € B satisfying A« = \i(z), and so

{z € B: X =XM(x)} CSp, ().

To prove the reverse inclusion, let x € Sy, (A«). Since Ay = Ai(z9) < 00
for some xg € B, it follows by relation (28) with x replaced by xo that
0 = p2(As). Since = € Sy, (), this implies pi1(A,z) = pa(As) = 0.
Applying now Lemma 14 yields A\, = A\ (z). ([l

If we introduce the (possibly empty) set D; C R given by
D; :={X € R:pa(\) =0 and (Py) has an optimal solution},

then without Condition 1 one can show, using similar techniques as
before, the following result. Note the vector (y, z) is an optimal solution
of the (primal) min-max problem (P) if and only if (y,z) € A x B and

e = M) = fy,2)(g(y, )~
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Theorem 16 The (primal) min-max fractional program (P) has an op-
timal solution if and only if D1 = {\.}. Moreover, if (P) has an optimal
solution, then the set Sp(A«) listed in relation (18) is nonempty and

Sp(Ae) ={(y,2) € Ax B: Ay = \(2) =

For the moment this concludes our discussion of some of the theo-
retical properties related to the parametric approach. In the next sub-
section we will consider the (primal) Dinkelbach-type algorithm and use
the previously derived properties to show its convergence.

6.2 The Primal Dinkelbach-Type Algorithm.

In this section we will introduce the so-called primal Dinkelbach-type
algorithm to solve the (primal) min-max fractional program (P). A
similar approach for a slightly different min-max fractional program sat-
isfying some compactness assumptions on the feasible sets A and B was
considered by Tigan (cf.[72],[73]). Contrary to [73] the feasible set A in
this section does not depend on y. Due to this our assumptions are less
restrictive. Using Lemma 5 and the fact that the (primal) Dinkelbach-
type algorithm is based on solving a sequence of parametric optimization
problems (Py) for A > A, it is natural to assume that the (primal) min-
max fractional program (P) satisfies the next condition.

Condition 17

e Condition 1 holds and A, (x) is finite for every = € B.

e If \, is finite, then for every A > A, the set Sp,(\) is nonempty
while for A, = —oo the set Sp, () is nonempty for every A € R.

Contrary to the analysis in [22] for generalized fractional programs
we do not assume that the min-max fractional program (P) has an op-
timal solution. Also for generalized fractional programs the first part of
Condition 17 is automatically satisfied. If Condition 17 holds, then one
can execute the following so-called primal Dinkelbach-type algorithm.
The geometrical interpretation of this algorithm is as follows. By Theo-
rem 15 we need to find the zero point A, of the value function ps. Starting
at a given point A > A, it follows by Theorem 6 that p2(A) < 0. Since the
function po is nonconvex and it is too ambitious to compute in one step
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its zero point A, we replace this function by the easier convex function
p1,2(.) with z belonging to S, (\). We know by the definition of p; , and
Sps(A) that pa(A) = p1(A) and p14(.) > pa(.). For the function pi ,(.)
it is easy to compute its zero point. By Lemma 7 this is given by A, (z).
We now replace the original point A in the parametric problem (Py) by
the smaller value A\.(z) > A, and repeat the procedure.

Primal Dinkelbach-type algorithm.

1. Select g € B and k := 1 and compute

Ak = /\*(xo)

2. Determine zj € Sp, (Ak). If p1(Ag, xx) > 0 stop and return A\ and
x. Otherwise compute

Met1 = As(Tp),

let kK : =k + 1 and go to step 1.

To determine A« (z) in step 1 and 2 one has to solve a single-ratio
fractional program. If A is a finite set, then this is easy. Also in order
to select xp € Sp,(Ax), one has to solve for A finite a finite min-max
problem. Algorithms for such a problem can be found in part 2 of [55].
In case A is not finite, one needs to solve a much more difficult semi-
infinite min-max problem (cf.[33],[55]). Therefore to apply the above
generic primal Dinkelbach-type algorithm in practice one needs to have
an efficient algorithm to determine an element of the set Sy, (), and
this is in most cases the bottleneck. In general one cannot expect that
an efficient and fast algorithm exists. But for special cases this might
be the case. Including the construction of approximate solutions of the
problem (P),) by using smooth approximations of the max operator,
thus speeding up the computations and at the same time bounding the
errors (cf.[16]) seems to be an important topic for future research.

By Lemma 14 it is sufficient to find in step 2 of the primal Dinkelbach-
type algorithm the solution of the equation p;(\, xr) = 0. As already
observed, we can give an easy geometrical interpretation of the above
algorithm (cf.[5],[16]). The next result shows that the sequence \; gen-
erated by the primal Dinkelbach-type algorithm is strictly decreasing.
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Lemma 18 If Condition 17 holds, then the sequence Ap generated by
the primal Dinkelbach-type algorithm is strictly decreasing and satisfies
Ak > A > —oo for every k € N.

Proof. If the algorithm stops at & = 1, then by the stopping rule we
know that pa(A1) > 0. This implies by Theorem 6 for \; = A\.(z¢) that
Ai(x0) < Ay which shows that A.(xzg) = A.. If the algorithm does not
stop at the first step, then pa(A1) < 0. Since Sp, (A1) is nonempty, the
algorithm finds some x1 € Sy, (A1). Hence

0 > pa(A1) = p1(A1, 1) = supye 4 p(A1, Y, 71). (29)
Thus for every y € A we obtain f(y,z1) — Mg(y,x1) < 0, and so

f(ya 'Tl)
g(ya xl)

<M\

for every y € A. This shows Ay < A1. To verify that \(z1) = Aoy < A\
we assume by contradiction that \.(z1) = A;. Since x1 € Sp, (A1), this
yields by relation (29) and Lemma 14 that

0> p2(A1) = p1(Ai, 1) = p1(A(21),21) =0,

and we obtain a contradiction. Therefore Ay < A1, and by the definition
of A9 it is obvious that Ao > A.. Applying now the same argument
iteratively shows the desired result. O

By Lemma 18 it follows that the sequence A\, generated by the primal
Dinkelbach-type algorithm converges to some limit w > —oo. In case the
generated sequence is finite, it is easy to show the following result.

Lemma 19 If Condition 17 holds and the primal Dinkelbach-type algo-
rithm stops at A, then A = Ay = Apt1 and p2(A,) = 0.

Proof. Since Condition 17 holds, we obtain A, < oco. Also by the stopping
rule of the Dinkelbach-type algorithm it follows that pa(A,) > 0. This
implies by Theorem 6 that A\, < A.. Since always A, > \., we obtain
An = . To show that A, 41 = Ay, with A\, := A(2,—1) and pa(A,) = 0,
we observe by Lemma 14 and by using x,, € Sp,(\,,) that

0 < pa(An) = P1(Ans Tn) < p1(An, Tn-1) = 0. (30)
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Hence it follows that pa(\,) = p1(An, zn) = 0. Applying again Lemma
14 we obtain A\,4+1 := A«(x,) = A, which completes the proof. O

In the remainder of this subsection we only consider the case that the
primal Dinkelbach-type algorithm generates an infinite sequence A, k €
N. By Lemma 18 it follows that lim,joc A, = w > —00 exists. Imposing
some additional condition it will be shown in Lemma 20 that this limit
equals A,. To simplify the notation in the following lemmas we introduce
for the sequence {(Ax,zx) € R X B : xp € Sp,(A;)} generated by the
primal Dinkelbach-type algorithm the sequence {ay : k € N} with

ap € 8p1,xk ()\k—&-l) (31)

and for A, finite the sequence {by : k € N} with
b, € Op1,z;, (As)- (32)

By the observation after Lemma 12 these subgradient sets are nonempty.
It is now possible to show the next result.

Lemma 20 If Condition 17 holds and there exists a subsequence {an,, :
k € N} satisfying Y oy agkl = —o00, then limyjoo A\ = Ax. Moreover, for
s finite it follows that limptee p2(Ar) = 0 < pa(As).

Proof. By Lemma 18 the sequence {\; : k € N} is strictly decreasing,
and so limgeo A\ := w > —00 exists. If w = —oo, we obtain using A\;, >
As for every k € N that —oo = w > A, and so for w = —oo the result is
proved. Therefore assume that w is finite. Since pa(Ar) = p1( Ak, xx) < 0
and the function ps and the sequence {\; : k € N} are decreasing, it
follows that the sequence {pi(Ag, x) : k € N} is increasing and —oo <
a = limpgjoo P1 (Mg, 1) < 0 exists. If we assume that o < 0, then one can
find some € > 0 satisfying pi (A, 1) < —€ for every k € N. By Lemma 7
we also know that p;(Agt1, k) = 0. Applying the subgradient inequality
to the convex function p; ,, we obtain for every k € N that

ap(Me = Meg1) < p1( A, k) — pr( Akt 2r) = pr( A, or) < —€

with ap € Op1,a, (Ak+1). Since by relation (25) it follows that —oco <
ar, < 0, the above inequality shows Ay — Agy1 > —ealgl. This yields by
our assumption and w finite that

e’} o —1 00 —
A, —w= Zk—l()\k — A1) = —€ Zk:l a, > —¢ Zkzl ank1 = o0,
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and so w = —oo. This contradicts that w is finite and we have shown
that limgtee p2(Ar) = 0. Applying now Theorem 9 and Lemma 1.30 of
[29] yields pe(w) > lim supy o p2(Ax) = 0. Then by Theorem 6 it follows
that w < A4. Since by Lemma 18 it is obvious that w = limgjoc Ak > As,
we obtain w = A, completing the proof. O

By relation (25) it follows that

0>ar > _gsup(xk)

for every ax € Op1 g, (Akt1), and so one can apply Lemma 20 in case
> 21 gsup(@n, )t = 0o. To achieve a rate of convergence result for the
sequence A\ generated by the primal Dinkelbach-type algorithm, we need
to assume in the proof that pa2(A.) = 0. To apply our procedure we
always impose that Sy, (\s) is nonempty for A, finite. Then it follows
by Theorem 15 that pa(A.) = 0 if and only if the min-max fractional
program (P) has an optimal solution in B or equivalently there exists
some xg € B satisfying A\, = A\ (x0). However, if the condition of Lemma
20 holds, we conjecture for A, finite that the min-max fractional program
(P) might not have an optimal solution in B, and so pa(\.) is not equal to
zero. Using a stronger condition than in Lemma 20, we show in the next
lemma for finite A, that the sequence {pa2(\x) : k € N} generated by the
primal Dinkelbach-type algorithm satisfies limyjoo p2(Ai) = p2(As) = 0.
This sufficient condition implies the existence of an optimal solution of
the (primal) min-max fractional program (P) in B.

Lemma 21 If Condition 17 holds, s is finite and there exists a subse-
quence {by, : k € N} satisfying infren by, > —o00, then limgjoo A = s
and limpjoe p2(Ag) = 0 = pa(As).

Proof. By the convexity of the function p;,, and the subgradient in-
equality we obtain for every k € N that

0> pa(Ak) = p1( A, k) + be( Ak — M) = pa(As) +0k( Ak — A)  (33)

with by € Op1 4, (Ax). Since Apy1 > Ay, it follows by our assumption and
the monotonicity of the subgradient sets as shown in Lemma 13 that one
can find some finite M satisfying M < b,, < a,, < 0 for every k € N
and every sequence {ap, : k € N and a,, € Op1 4, (Ar+1)}. This shows

0>M"'>b,!>a;] (34)
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for every k € N, and so ) 2, a;kl = —oo. Hence by Lemma 20

we obtain limgjeo Ak = As. Using relations (34) and (33) yields 0 >
im0 P2(An,) = p2(As). Since by Theorem 6 we know that pa(As) > 0,
the proof is completed. O

By relation (25) it follows in case supy.y gsup(zx) < oo that the
condition of Lemma 21 is satisfied. A similar condition is also given in
[22] for a generalized fractional program. In the next lemma we consider
the generated sequence {zy, : x; € Sp, (Ar) }ken and show for B compact
and some additional topological properties on the functions f and g that
this sequence contains a converging subsequence.

Lemma 22 If Condition 17 holds, the functions f and g are finite-
valued and continuous on some open set W C R™*™ containing A x B,
the set B is compact and there exists a subsequence {a,, : k € N}
satisfying Y pq a,! = —oo, then the sequence {xy, : xx € Sp,(Ak)}ken
has a converging subsequence and every limit point T of the sequence
{z, : k € N} satisfies A\ = A(zo0) with A\, finite. Additionally, if
there exist a unique x, € B satisfying A = A(xx), then limpjoo xp =
Zx. Moreover, for A x B compact, the generated sequence {(yg,x) :
(k> xk) € Sp(Ak) tren has a converging subsequence and every limit point
of the sequence {(yx,zx) : k € N} is an optimal solution of problem (P).
If the optimization problem (P) has a unique optimal solution (ys,x),
then limpgtoo T = T4 and liMgroo Yr = Ys-

Proof. To verify that A, is finite we obtain by Condition 17 and f,g
continuous that the finite-valued function x — A.(x) is lower semicon-
tinuous. By the compactness of B this implies, using Corollary 1.2 of
[3], that there exists some z € B satisfying A\« = A.(z), and so A, is
finite. Again by the compactness of B it is also obvious that the se-
quence {zy : k € N} contains a convergent subsequence. To show that
every limit point zo of the sequence zy,k € N satisfies Ay = \(T0)
we observe by Lemma 20 that limyjso A = As. This implies by Lemma
11 that 2o € Sp,(A«). Using now Theorem 15 we obtain A\, = A\ (Zoo).
If there exists a unique x, € B satisfying A. = A.(x,), then again by
Theorem 15 we obtain S, (A«) = {x.}. Since every converging subse-
quence of the sequence zj,k € N converges to an element of S, (),
it follows that every convergent subsequence converges to the element
z4. By contradiction and B compact we obtain limyjo £ = 2, and the
proof of the first part is completed. If A x B is compact, then by the
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continuity of the function g we obtain

SUP(z,y)eAxB g(yv [E) < 0.

Again by the observation after Lemma 21 we obtain A | A«. By Lemma
11 the set-valued mapping S}, is closed and using a similar proof as for
the first part one can show the last part. ]

If we consider a generalized fractional program, then clearly A is
compact, and if additionally the conditions of Lemma 22 hold, then
the second part of this lemma applies. Unfortunately it is not clear
to the authors whether in the first part of this lemma the condition
> heq @y, = —oo can be omitted.

We now want to investigate how fast the sequence A\, converges to A.
Before discussing this in detail, we list for A\, finite the following inequal-
ity for the sequence {\; : k € N} generated by the primal Dinkelbach-
type algorithm. A similar inequality can also be derived for the dual
Dinkelbach-type algorithm to be discussed in subsection 6.4.

Theorem 23 If Condition 17 holds and there exists some x € B sat-
isfying A« = Ai(x), then it follows for every ¢ € Op1 (M) and ai €
apl’zk ()\k+1) that

0< )\kJrl — A

-1
S T < (1 —cpay ).

Proof. Since A, = A.(x) for some = € B, we obtain by Lemma 14 that
p1( A, ) = p1(A«(x),z) = 0. Applying now the subgradient inequality
to the function p; , at the point A, it follows for ¢, € Op1 »(A;) that

—p1(Ak, ) = p1( A, ) — p1( Ak, ) > cp(As — Ag)-
Hence
p2( M) < 1Ak, @) < cp(A — Ao). (35)

Moreover, for every zj € Sp, (M) and A\gy1 = A (x) we obtain again by
Lemma 14 that p1(Agy1, ) = 0. Applying now the subgradient inequal-
ity to the function py 4, at the point A\iyq yields for ap € Op1 5, (Ak+1)
that

p2(Ak) = p1(Aks 2) — Pr( M1, Tn) > ap(Ag — Agr1)- (36)
Hence by relations (35) and (36) we obtain —ag(Ag+1 — A\k) < pa(Ap) <
ck(Ar — Ax). Since by relation (25) ay < 0, this implies

)\k+1 — )\k S —Ckalzl(/\k — )\*) (37)
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Using relation (37) it follows that
N1 — e = A — A+ M1 — A < (1= crap (M — A,
and this completes the proof. ]

In case of a single-ratio fractional program the function A\ — pj ;(\)
reduces to p1 »(A) = f(z) — Ag(x), and so for every A\ € R it follows that
Op1,2(A) = {—g(z)}. Hence we obtain that the inequality in Theorem 23
reduces to

Akt1 = A 9(xo)
0< —-—<(1- 38
< D= g - 220 (39)
for any optimal solution g of the optimization problem inf,cp f(x)(g(z)) "

(cf.[61]).
Before introducing convergence results for the primal Dinkelbach-
type algorithm, we need the following definition (cf.[54]).

Definition 24 A sequence {sj : k € N} C R"™ with limit ss converges
Q-linearly if there exists some 0 < r < 1 such that

[[8k+1 = Sooll

<r
sk — sec|

lim supyo

The sequence {sy : k € N} converges Q-superlinearly if

ks = seoll _

)
Sl PR

If a slightly stronger condition as used in Lemma 21 holds, then
one can show that the sequence {\ : k € N} generated by the primal
Dinkelbach-type algorithm converges -linearly. The same result was
shown for a generalized fractional program in [22].

Theorem 25 If Condition 17 holds, A, is finite and the sequence {by, :
k € N} satisfies infyen by, > —o00, then limyoo A = Ax and {A; : k € N}
converges Q-linearly.

Proof. By Lemma 21 we obtain p2(A,) = 0. Since Condition 17 holds, one
can find some z € B satisfying 0 = pa2(A«) = p1(A«, ), and this shows
by Lemma 14 that A\, = A.(z). Hence the set {x € B : A\, = A\ ()} is
nonempty, and for every x belonging to this set it follows by Theorem
23 that

>‘k+1 — s

0<

< (1 — e a-l
< v on <(1—cpa;) (39)
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with ¢ € Op12(Ak) and ay, € Op1 5, (Ap41). Since {A : k € N} is strictly
decreasing and A > A4, it follows by Lemma 13 that the sequence
{ci : k € N} is decreasing and satisfies 0 > ¢ > o with ¢ := max{¢ :
t € Op12(A«)} This shows that limpjee ¢ = coo exists. To identify coo
we observe in view of ¢; € Op; »(\g) that

PN, x) > p1( Ak, @) + (A — Ax)

for every A € R. Since the function p; , is continuous, this yields using
A | Ay and hkaoo CL, = Coo that

pl()‘vx) > pl()‘*v‘r) + COO()‘ - )‘*)

for every A € R, and s0 ¢oo € Op1,2(As). Therefore cop = o, and we have
identified this limit. Also by our assumption we obtain that there exists
some —oo < M < by, < ay, and this shows

lim supj o0 (1 — ckay ') < 1— % <1

Applying now relation (39) yields the desired result. O

If the conditions of Theorem 23 hold and additionally we assume
that infgey ap > —o0, then it can be shown in view of the proof of The-
orem 25 that the sequence A\ converges Q-linearly to A.. This condition
is slightly weaker than the one used in Theorem 25. Observe the condi-
tion infren b > —oo was used in the proof of Lemma 21 to show that
p2(As) = 0, and this implies as shown in the first part of the proof of
Theorem 25 that A, = A\.(z) for some = € B. Therefore, if there exists
some x € B satisfying \.(z) = A\« and infxeyap > —o0, then assuming
Condition 17 holds the sequence \; converges @-linearly to A.. A disad-
vantage of the first part of the previous assumption is that in general we
do not know looking at a min-max problem whether there exists some
x € B satisfying A, = A.(z). Hence we imposed some stronger algorith-
mic condition on the sequence by, &k € N implying this result. In case the
(primal) min-max fractional program (P) has a unique optimal solution
and some additional topological properties are satisfied, then one can
show that the sequence {\; : k € N} converges superlinearly.

Theorem 26 If Condition 17 holds, the functions f and g are contin-
uous on some open set W C R™" containing the compact set A x B
and the min-max fractional program (P) has a unique optimal solution
(Y, ), then limpoo Tk = T, liMpjoo Y = Yx and limproo Ay = As and
the sequence A\ converges Q-superlinearly.
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Proof. Using Lemma 20 and 22 the first part follows, and so we only
have to show that A\, converges superlinearly. Considering the proof of
Theorem 25 it follows that

lim sup o0 (1 — ckalzl) =1 — o(limsupy ap) "t

with ¢ := max{t : t € Op1,,(A\)} and ap € Op1 4, (Ak+1),k € N. Since
ay, is uniformly bounded by the compactness of A x B and the function
g is continuous, there exists a converging subsequence a,, satisfying
oo = limgreo @n, = limsupyo ag. To identify as we observe for every

k € N that

P1(A 21) > pr(Ns k) — pr(Aks 1, T) > ap(A — Apy1) (40)

with ai, € Op1 4, (Ak+1). Since B is compact and p continuous, it follows
by Proposition 1.7 of [3] that z — p;(\, x) is upper semicontinuous, and
this implies by relation (40) that

P1(As ) = M supyiog P1(A, Tk) 2 doo(A — As) (41)

Since x4 € Sp, (), we obtain p; (A, z«) = p2(A«) = 0, and this shows
by relation (41) that ass € Op1 4, (A«). By the uniqueness of the optimal
solution and Lemma 13 we obtain a., = . This shows the desired result.

g

In case we consider a single-ratio fractional program with B compact
and the functions f, g continuous it follows by Lemma 22 that

lim supgo (k) = limpoo g(Tn,) = g(4)

with x, an optimal solution of this fractional programming problem.
Replacing now in relation (38) xg by x, we obtain for a single-ratio frac-
tional program with B compact and f, g continuous that the sequence
{Ar : k € N} always converges @Q-superlinearly. Clearly in practice the
(primal) Dinkelbach-type algorithm stops in a finite number of steps,
and so we need to derive a practical stopping rule. Such a rule is con-
structed in the next lemma. For other practical stopping rules yielding
so-called e-optimal solutions the reader should consult [16].

Lemma 27 If Condition 17 holds and there exists some subsequence
{an, : k € N} satisfying > gy a;kl = —oo and some x € B satisfy-
ing A = \i(x), then the sequence {c;'p2(\) : ¢k € Op1 (M) bren 48
decreasing and its limit equals 0. Moreover, it follows for every k € N
that

e < Ak < A+ ¢ tpa ().
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Proof. By Lemma 18 the sequence Ay is strictly decreasing, and this
implies by Lemma 13 that the negative sequence ¢y is decreasing. Also,
since po is decreasing and Mg, k € N strictly increasing, we obtain that
the negative sequence py(Ag) is increasing and so the positive sequence
c,?lpg(/\k) is decreasing. Applying now Lemma 20 and limyjeo ¢ = 0
it follows that limpjeo c,;lpg()\k) = 0, while the listed inequality is an
immediate consequence of Lemma 20 and relation (35). U

Using Lemma 27 a stopping rule for the (primal) Dinkelbach-type
algorithm is given by clzlpg()\k) < € for some predetermined ¢ > 0. Fi-
nally we observe that the (primal) Dinkelbach-type algorithm applied to
a generalized fractional program can be regarded as a cutting plane algo-
rithm (cf.[6]). This result generalizes a similar observation by Sniedovich
(cf.[70]) showing this result for the (primal) Dinkelbach-type algorithm
applied to a single-ratio fractional program.

In the next section we investigate the dual max-min fractional pro-

gram (D) and its relation to the primal min-max fractional program
(P).

6.3 Duality Results for Primal Min-Max Fractional Pro-
grams.

In this subsection we first investigate under which conditions the optimal
objective function value of the primal min-max fractional program (P)
and the dual max-min fractional program (D) coincide. To start with
this analysis, we introduce the following class of bifunctions.

Definition 28 The function h : R™ x R" — [—00,00] is called a con-
cave/convex bifunction on the convex set C1 x Cy with C; C R™ and
Cy C R™if for every x € Cy the function y — h(y,z) is concave on Ci
and for every y € Cy the function x — h(y,x) is convexr on Cy. More-
over, a function h : R™ x R" — [—00,00] is called a convexr/concave
bifunction on Cy x Cy if —h is a concave/convex bifunction on the same
set. It is called an affine/affine bifunction if it is both a concave/convex
and a convex/concave bifunction.

To guarantee that u, equals A\, we introduce the following sufficient
condition.

Condition 29 The set B C R"™ is a closed convex set and A C R™ is a
compact convex set. Moreover, there exists some open convex set A1 X By
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containing A X B such that g is a positive finite-valued convex/concave
bifunction and f a positive finite-valued concave/convex bifunction on
Ay x By. If the function g is a positive affine/affine bifunction, then f
is a finite-valued concave/convez bifunction.

If the set B is given by relation (1), one can also introduce another
dual max-min fractional program. To guarantee that for this problem
strong duality holds, we need the following slightly stronger condition.

Condition 30 The set B C R" is a closed convex set and A C R™ is a
compact convex set. Moreover, there exists some open convex set A1 x Cy
containing A x C such that g is a positive finite-valued convex/concave
bifunction and f a positive finite-valued concave/convex bifunction on
Ay x C1. If the function g is a positive affine/affine bifunction, then f
is a finite-valued concave/convez bifunction

If Condition 29 holds, then by Theorem 1.15 of [29] we obtain that
the function y — f(y,z) is continuous on A; for every z € B and
x — f(x,y) is continuous on Bj for every y € A. The same property
also holds for the function g. By the compactness of A this implies

0< ginf(x) < gsup(af') < 00

for every x € B, and so Condition 29 implies Condition 1. Also, since
for every x € B the function y — f(y,2)(g(y,z))~"
and the set A is compact, we obtain that A\, (z) is finite for every x € B
implying A\, < co. For A, < 0o we derive in Theorem 31 that the optimal
objective function value of the (primal) min-max fractional program
(P) equals the optimal objective function value of the (dual) max-min
fractional program (D). Contrary to the proof of the same result in
[5] for generalized fractional programs based on Sion’s minimax result
(cf.[28],[69]) the present proof is an easy consequence of the easier-to-
prove minimax result by Ky Fan (cf.[26],[27],[33]) and Theorem 6. Note
we do not assume that there exists some z € B satisfying A\, = A ().

is continuous on A

Theorem 31 If Condition 29 holds, then there exists some yy € A
satisfying
Ax = s = e (30)-

Proof. Since we know that ., < Ay < oo, it follows for A\, = —oo that
—00 = Ay = pix > px(y) for every y € A. This shows the desired result for
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A = —o0. If A, is finite, then we need to verify that A, < py. Since A, is
finite, we obtain by Condition 29 that the function (y,z) — p(A«, vy, x) is
a concave/convex bifunction on A x B and for every x € B the function
y — p(A«,y,x) is continuous on Aj. Applying now Theorem 3.2 of [27]
(see also [33]) we obtain

pQ(A*) - inf$EB SUPyeA p()‘*a Y, .%') = MaXyeA infxEB P(/\*a Y, $)
This shows by Theorem 6 and the remark after Condition 29 that
0 < pa(Ai) = maxyeca infrep p(As, ¥, ) = infoep p(As, Yo, x) (42)

for some yy € A. Since g(yo,x) > 0 for every x € B, we obtain

f(yOa 1:) >\,
9o, )
for every = € B. Hence
. f(yw%') . f(y();x)
L = SUp inf,cp > infiep ——= > A, 43
vEATTE g(y, @) 7 g(yo, v) ()
Using now relation (43) the desired result follows. O

Since one can give necessary and sufficient conditions on the bifunc-
tions such that for those functions min-max equals max—min (cf.[34],[35]),
the above result holds for a much larger class than the class of con-
cave/convex bifunctions. However, since the class of concave/convex bi-
functions is most known, we have restricted ourselves to this well-known
class. An easy consequence of Theorem 31 is given by the next result.

Lemma 32 If Condition 29 holds and there exists some xqg € B sat-
isfying A« = Ai(x0) and some yg € A satisfying p. = p«(yo), then the
vector (Yo, ) is an optimal solution of the (primal) min-maz fractional
program (P) and an optimal solution of the (dual) maz-min fractional
program (D).

Proof. By the definition of u.(y) and A.(x) it is clear that for every
vector (y,x) € A x B that
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This implies by Theorem 31 for the given vector (yo,z¢) € A x B that

f (Yo, zo)
te = tia{10) 9(yo, o) (o) '
Hence (yo, zo) is an optimal solution of the (primal) min-max fractional
program (P) and an optimal solution of the (dual) max-min fractional

program (D). O

If the (dual) max-min fractional program (D) has a unique optimal
solution and the optimal solution set of the (primal) min-max fractional
program (P) is nonempty, then by Lemma 32 the unique optimal solu-
tion of (D) is an optimal solution of (P). If Condition 29 holds and we
use the so-called dual Dinkelbach-type algorithm to be discussed in sub-
section 6.4 for identifying A, this observation will be useful. To analyze
the properties of the optimization problem (D) and at the same time
construct some generic algorithm to solve problem (D), we introduce
similar parametric optimization problems as done for problem (P) at
the beginning of subsection 6.1. For every (\,y) € R x A consider the
parametric optimization problem

di(A,y) = infrep p(\, Y, ). (DX)
For every y € A the function d;, : R — (—00, 00| is now given by
diy(A) == di(A,y).

Since g > 0 on A x B and d; , is the infimum of affine functions, it is
obvious that dj 4 is a decreasing upper semicontinuous concave function.
The so-called effective domain dom(d; ) of a concave function is defined
by

dom(dy y) = {A € R:dyy(\) > —o0} CR.

By the finiteness of p on R x A x B it is obvious for every y € A
that actually dom(d;,) = {A € R : di,()) finite}. A more difficult
optimization problem than problem (DY) is now given by the parametric
optimization problem

d2(\) = supyec 4 d1(A, ). (Dx)

As for the concave function d; , we also introduce the effective domain
dom(dg) of the function dg given by

dom(dy) :={X € R :da(\) > —o0}.
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It should be clear to the reader that we actually apply the Dinkelbach-
type approach to the (dual) max-min fractional program (D) while at
the beginning of subsection 6.1 we applied the same approach to the
(primal) min-max fractional program (P). It is easy to show that

SupyeA ianEGB p()‘7 Y, l’) < infoB SupyGA p()‘7 Y, 33), (44)

and so we obtain da(A) < pa()) for every A € R. If optimization problem
(P) is a single-ratio fractional program, then the set A consists of one
element, and as already observed there is no difference in the represen-
tation of the (primal) min-max fractional program (P) and the (dual)
max-min fractional program (D). Hence for A consisting of one element
it is not surprising that also the functional representation of the func-
tions ds and ps are the same. If the set A consists of more than one
element, then we are interested, despite different functional representa-
tions of the functions dy and po, under which conditions it follows that
da(N) = p2(X) for some A. It should come as no surprise that this equal-
ity holds under the same conditions as used in Theorem 31. Observe in
the next result we do not assume that the set Sp,(\) is nonempty.

Theorem 33 Assume Condition 29 holds where g is a convex/concave
bifunction on A x B. Then it follows for every A > 0 that there exists
some y\ € A satisfying

p2(A) = d2(N) = di(A,y»).

Moreover, if g is an affine/affine bifunction, the same result holds for
every A € R.

Proof. Since A\« < 0o, we obtain by Lemma 5 that pa(\) < oo for every
A € R. Also for a convex/concave bifunction g, it follows by Condition
29 and A > 0 that the function (y,z) — p(\,y, ) is a concave/convex
bifunction on A x B and y — p(\,y,z) is continuous on A; for every
(A\,z) € Ry x B. A similar observation holds for A € R, if g is an
affine/affine bifunction. Since A is compact, we can now apply Theorem
3.2 of [27]. This shows

p2(A) = infyepsup e 4 (A, ¥, ) (45)
= maXyGA infxEB p()‘7 Y, 1’) = dQ(A)
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Hence by relation (45) there exists for A > 0 and a convex/concave
bifunction g or A € R and an affine/affine bifunction g some y, € A
satisfying di (A, y») = d2(X). This completes the proof. O

Applying similar proofs as in Lemma 5 and Theorem 6 one can verify
the following results.

Lemma 34 Assume Condition 2 holds. Then p, > —oco if and only if
dom(dz) =R, and p(y) > —oo if and only if dom(di,) = R.

Clearly Lemma 34 should be compared with Lemma 5 while the next
result is the counterpart of Theorem 6.

Theorem 35 Assume Condition 2 holds and p, > —oo. Then A < p
if and only if da(X\) > 0. Moreover, if u.(y) > —oo, then X < p.(y) if
and only if di(\,y) > 0.

A direct consequence of the above results is given by the following.

Theorem 36 Assume Condition 29 holds where g is a positive con-
vex/concave bifunction on Ax B. Then it follows that 0 < A\, = s < 00,
p2(A) = da(X) for every X > 0, and these functions are finite-valued on
(—00, Ax]. Moreover, if g is a positive affine/affine bifunction on A x B
and A, 1s finite, then . = Ay, p2(A) = da(\) for every A € R, and these
functions are finite-valued on (—oo, \i].

Proof. 1f g is a positive convex/concave bifunction on A x B, then by
Condition 29 the function f must be a positive concave/convex bifunc-
tion on A x B. Then automatically 0 < A\, < oo. Also by Theorem 31
and 33 we obtain pu, = Ax and pa2(A) = da(N) for every A > 0. Since
Condition 29 implies Condition 1, it follows by the remark after Theo-
rem 6 that pa(\) is finite for every A < A,. This yields da(\) = pa(A) is
finite-valued on [0, A.]. Using the monotonicity of da, we see

00 > pa(A) = da(A) > da(0) = p2(0) > 0

for every A < 0. Hence the first part follows. The second part can be
proved similarly, and its proof is therefore omitted. O

If Condition 29 holds and hence also Condition 1 and A, is finite,
then it might happen (as shown in Example 8) that the value pa(\s)
is not equal to zero. If additionally there exists some zo € B satisfy-
ing A\« = A«(x0), then by Theorem 15 and 36 we know that da(u.) =
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da(Ax) = p2(As) = 0, and we need this assumption in combination with
Condition 29 to identify A, by the so-called dual Dinkelbach-type algo-
rithm to be discussed in the next subsection. Finally the next result is
the counterpart of Theorem 9. It can be proved by similar techniques.

Theorem 37 Assume Condition 2 holds. Then the decreasing function
dy : R — [—00,00] is lower semicontinuous.

Similar as in Section 6.1 it follows by Theorem 37 that limg;y da(s) =
da(A), and the function dy is right-continuous with lefthand limits.

As in Section 6.1 we now introduce the following set-valued mappings
Sa, iR x A— 2B and Sy, : R — 24 given by

Sdl ()‘ay) = {I‘ €B: dl()"y) = p()\,y,m)} (46)

and
Sa,(A) :=={y € A:da(N) =di(\,y)}. (47)

The set Sg, (A, y) represents the set of optimal solutions of optimization
problem (DY), while the set Sy,(\) denotes the set of optimal solutions
in A of optimization problem (D)). Also we consider the set-valued
mapping S, : R — 248 given by

Sq = {(y,x) €EAXB: d2()‘) = dl()‘ay> = p()\,y,x)}. (48)

This set represents the set of optimal solutions in A x B of optimiza-
tion problem (D). In the next result it is assumed that the sets
Sa; (A, y), Sa,(A) and Sg(\) are nonempty on their domain. Applying
Theorem 37 and using a similar proof as in Lemma 11 we obtain the
following counterpart of Lemma 11.

Lemma 38 Assume Condition 2 holds and the functions f and g are
finite-valued and continuous on some open set W C R™ containing
A x B. Then the set-valued mappings Sgq,,Sq, and Sq are closed.

Considering now the function d; , : R — [—00, 00) given by
d1y(A) := di(Ay)
one can show as in Lemma 12 the following result.

Lemma 39 Assume Condition 2 holds and p.(y) is finite for y € A.
Then the function di, : R — (—00,00) is strictly decreasing and Lips-
chitz continuous with Lipschitz constant g, (y) and the function satisfies
limyjoo d1,y(A) = —00 and limy| o di y(X) = o0.
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As in Section 6.1 with respect to the function p; , it follows in case
Condition 2 holds that the subgradient set of the convex strictly increas-
ing function —d; , is nonempty for every A € R and this set satisfies

8(*‘11,1/)()‘) < [ginf(y)vgsup(y)]' (49)

Moreover, the subgradient inequality is given by

—d1y(p) 2 —diy(A) + a(p — A) (50)

for every a € 9(—dy4)(A). Also one can show the following counterpart
of Lemma 13.

Lemma 40 Assume Condition 4 holds. Then it follows for every y €
A that p(y) is finite, Sq, (N, y) is a nonempty compact set for every
(A y) e Rx A and

O(—d1y)(A) = [mingeg, (y) 9(y, ), maxzes, (ry) 9y 7))

Also for every ay € O(—diy)(N) and a, € O(—diy)(p) and X > p it
holds that a) > a, > 0.

The next result should be compared with Lemma 14.

Lemma 41 Assume Condition 2 holds. Then the set {\ € R : d1(\,y) =
0} is nonempty if and only if p.(y) > —oo. Moreover, if this set is
nonempty, then it only contains the finite value p(y).

Up to now we did not assume that there exists some y € A satisfying
fx = ps(y) > —o0 or equivalently the dual max-min fractional program
(D) has an optimal solution in B. In the next lemma the implications of
this assumption are discussed. To do so, consider the (possibly empty)
set Do C R given by

Dy :={A € R:ds(\) =0 and Sg,(\) is nonempty}.
The counterpart of Theorem 15 is given by the following result.

Theorem 42 Assume Condition 2 holds. Then . = p.(yo) > —oo for
some yo € A if and only if Doy = {p«}. Moreover, if . = ps(yo) > —00
for some yo € A, then the set Sg,(A\s) is nonempty and

Say (M) ={y € A e = pa(y) }-
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If we introduce the (possibly) empty set D3 C R given by
D3 :={X €R:dy()\) =0 and (D) has an optimal solution},

then without Condition 2 one can show the following counterpart of

Theorem 16. Remember a vector (y,z) is an optimal solution of (D) if
1

and only if (y,2) € A x B and p. = p.(y) = f(y, 2)(g(y,x)) .
Theorem 43 The (dual) maz-min fractional program (D) has an opti-
mal solution if and only if D3 = {u.}. Moreover, if (D) has an optimal
solution, then the set Sq(p) is nonempty and

Sa(ie) = {(y:2) € Ax B = paly) = S22y,

Finally we will consider in this section another dual max-min frac-
tional program if the nonempty set B is given by (see also relation (1))

B={xeC:hi(x) <0, k=1,..,1}. (51)

In case the set B is specified as in relation (51) we always assume for
the corresponding primal min-max fractional program (P) that the func-
tion g is positive on A x C. Introducing now the vector-valued function
h:R" — R! given by h(z)" = (hi(z), ..., hy(x)), we consider for every
(y,2) € A x RQ the single-ratio fractional program

fly.w) + = hz)

(y,2)
90D D)

Ly, z) == infzec
A more complicated optimization problem is now introduced by the so-
called partial dual of the (primal) min-max fractional program given
by
F(, )+ 2 h()
: (Dp)
9(y, @)

Again this is a max-min fractional program, and using only g > 0 on
A x C'it is easy to show the following result.

Y i=Supyca .>o infzec

Lemma 44 If g is positive on A x C, then it follows that pf < ps < Ay

Proof. Since B C C and z"h(z) < 0 for every z € B and z > 0, we
obtain by the positivity of g on A x C that

fly,z) + 2" h(x)
9(y,z)

[y, )

9(y, z)

< infa:EB

P2y, z) < infrep
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for every z > 0 and y € A. This shows

. fly,z)
P = supyea >0 (Y, 2) < supyeyinfiep m — e

and so the first inequality is verified. We already showed that p, < A..
Hence the proof is complete. O

To verify that uf = ), it is obvious by Lemma 44 that
Aw = =00 = Ay = iy = pif = p(y, 2) = —o0

for every (y,z) € A x RL. If A\, is finite and we want to know whether
1t = X, then the following so-called Slater-type condition on the nonempty
set B should be introduced. Before mentioning this condition, we assume
throughout the remainder of this section that the (possibly empty) set

I C {1,...,1} denotes the set of indices for which hj : R® — R is affine.
Note that ri(C) denotes the relative interior of the set C' (cf.[29],[58]).

Condition 45 There exists some x € ri(C) where C is a closed convex
set satisfying hi(x) < 0 for every k ¢ I and hi(xz) < 0 for every k € I.
Moreover, for every k ¢ I the functions hy, : R™ — R are convex.

To show under which conditions the equality pf = X, and the finite-
ness of A, holds, we first need to prove the following Lagrangean duality
result.

Lemma 46 Assume Condition 45 holds and for a given y € A the func-
tion © — f(y,x) is convex on C' and x — g(y,x) is concave on C. Then
it follows for every A\ > 0 that there exists some zy, > 0 satisfying

infa:EB p()‘v Y, iL’) - infa:EC{f(f% 1‘) - )‘g(y7 J}) + Z)T,yh<x)}

with B defined in relation (51). Moreover, the same result holds for
every A € R if x — f(y,x) is conver and x — g(y,x) is affine.

Proof. Using the definition of the set B and z > 0, it is easy to verify
that

infoBp()‘vya$) 2 inf:pEC{f(ya :E) - )‘g(yax) + ZTh(.CL')}

Moreover, for A > 0 and * — g(y,x) is concave or A € R and y —
g(y,x) is affine we obtain that the function x — p(A,y,x) is convex
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on C. Applying now Theorem 28.2 of [58] or Theorem 1.25 of [29] we
obtain that there exists some dual solution z), > 0 such that the above
inequality is actually an equality. O

Using Lemma 46 it is now possible to show that the optimal objective
function value of the partial dual equals A,.

Theorem 47 Assume Conditions 30 and 45 hold. Then there exists
some (yo,z0) € A x R satisfying

A = pf = pE (Yo, 20)-

Proof. For A\, = —oo we know by the remark after Lemma 44 that the
result holds. Hence we only need to verify the result for A, finite. To
start we observe by relation (42) that

0 S pZ()\*) = infﬂ?EB p()‘*vyoax)

for some yo € A. Applying now Lemma 46 one can find some zg > 0
satisfying

infl’EB p()‘*a Yo, .T) = infl‘EC{f(yoa x) - )‘*g(y()? 1’) + Z[;rh(l')}
This shows

0 < pa(A) = infaec{f(y0, ) — Aeg(yo. @) + 20 h(x)}.  (52)

By relation (52) and g(yo,z) > 0 for every x € C' we obtain u%(yo, 20) >
A« which completes the proof. O

In case we use the partial dual (D)) it follows that the partial dual
of the single-ratio fractional program

f(x)

infzeB —_—

g(z)

with B given by relation (51) is given by

f(z) + 2" h(z)

gle)
Thus for this (Lagrangean) dual (cf.[60],[59]) the single-ratio fractional
program and its dual have a different representation. If Theorem 47
holds, one can always apply a Dinkelbach-type algorithm to the partial
dual (Dp) to find A,. This is discussed in detail in [10] and [8]. In the next
subsection we will discuss a similar Dinkelbach-type algorithm applied
to the (dual) max-min problem (D).

Supz>o infco
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6.4 The Dual Dinkelbach-Type Algorithm.

In this section we apply the Dinkelbach-type approach to the (dual) max-
min fractional program (D). Parallel to subsection 6.2 we assume that
the next condition holds. Note that this condition is the counterpart of
Condition 17 used for the primal Dinkelbach-type algorithm applied to
the (primal) min-max fractional program (P).

Condition 48

e Condition 2 holds and p.(y) is finite for every y € A;

o If y, is finite, then for every A\ < pu, the set Sy, (A) is nonempty
while for p, = —oo the set Sg, () is nonempty for every A € R.

If condition 48 holds, then one can execute the following so-called
dual Dinkelbach-type algorithm. As for the (primal) Dinkelbach-type
algorithm introduced in Section 6.2 one can give a similar geometrical
interpretation of the next algorithm.

Dual Dinkelbach-type algorithm.
1. Select yp € A and k := 1 and compute
fi = p(Yo0)-

2. Determine yx € Sg,(Ak). If di(pg,yx) < 0 stop and return py.
Otherwise compute

fit1 == o ()
let k:=k+ 1 and go to 1.

Observe in Step 1 and 2 one has to solve a single-ratio fractional pro-
gram. If B is a finite set, then solving such a problem is easy. Moreover,
by Lemma 41 it is sufficient to find in step 2 of the primal Dinkelbach-
type algorithm the solution of the equation dj(A,yr) = 0. As already
observed, this yields an easy geometrical interpretation of the above
algorithm (see also [5]). The next result shows that the sequence py
generated by the dual Dinkelbach-type algorithm is strictly increasing.
The proof of this result is similar to the proof of the corresponding re-
sult for the primal Dinkelbach-type algorithm in Lemma 18. This also
shows that the primal Dinkelbach-type algorithm approaches the opti-
mal objective function value from above while the dual Dinkelbach-type
algorithm approaches it from below.
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Lemma 49 If Condition 48 holds, then the sequence iy, generated by the
dual Dinkelbach-type algorithm is strictly increasing and satisfies p <
s < 00 for every k € N.

By Lemma 49 we obtain that the sequence i generated by the dual
Dinkelbach-type algorithm converges to some limit v < oo. Using a
similar proof as in Lemma 19 one can show the following result in case
the generated sequence is finite. If strong duality holds and so p. = A,
one can also use this algorithm to approximate ..

Lemma 50 If Condition 48 holds and the dual Dinkelbach-type algo-
rithm stops at fip, then p, = pin, = piny1 and do(p,) = 0.

In the remainder of this subsection we only consider the case where
the dual Dinkelbach-type algorithm generates an infinite sequence ug, k €
N. By Lemma 49 it follows that lim, o pt, = v < 00 exists. Imposing
some additional condition it will be shown in Lemma 51 that this limit
equals 4. To simplify the notation in the following lemmas, we intro-
duce for the sequence {(pr,yx) € R x A : yp € Sa,(1x)} generated by
the primal Dinkelbach-type algorithm the sequence {a;, : kK € N} given
by

—ay, € O(—d0,) (1) (53)

and for . finite the sequence {b;, : k € N} given by

—by, € O(=duz;, ) (p1)- (54)

By the observation after Lemma 39 these subgradient sets are nonempty.
Using a similar proof as in Lemma 20 it is possible to verify the next
result.

Lemma 51 If Condition 48 holds and there exists a subsequence {a,, :
k € N} satisfying > pe ggkl = —00, then limyjoo pify = px. Moreover for
s finite it follows that limyteo do(pr) = 0 > da(pts).
By relation (49) it follows that
0> ay, > _gsup(yk’) (55)

for every —a; € 0(—d1,y,)(tk+1). Hence one can apply Lemma 51 in
case > ooy Goup (Y, )~ = 00. To show that da(p.) = 0, we can follow the
proof of Lemma 21 and obtain the following result.
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Lemma 52 If Condition 48 holds, u. is finite and there exists a subse-
quence {b, :k € N} satisfying infrenb,, > —o0, then limyoo . = pis
and likaoo dg(,uk) =0= dg(u*).

By relation (55) it follows in case Supey Gsup(yYx) < 0o that the con-
dition of Lemma 52 is satisfied. The next result should be contrasted
with Lemma 22.

Lemma 53 If Condition 48 holds, the functions f and g are finite-
valued and continuous on some open set W C R™T™ containing A x
B, the set A is compact and there evists a subsequence {a,, :k € N}
satisfying Y po ggkl = —00, then the sequence {yx : yr € S, (pr) tren
has a converging subsequence and every limit point Yo, of the sequence
{yr + k € N} satisfies px = ps(Yoo) with ps finite. Additionally, if
there exist a unique y, € A satisfying p = p(ys), then limgqoo Y = Ys-
Moreover, for Ax B compact the generated sequence {(yx, xr) : (Y, k) €
Sa(ik) }ken has a converging subsequence and every limit point of the
sequence {(yk, zx) : k € N} is an optimal solution of problem (D). If the
optimization problem (D) has a unique optimal solution (ys,x.), then
limgtoo T = s and limpjeo Yp = Ys.

We now want to investigate how fast the sequence iy, converges to pis.
Before discussing this in detail, we list for u, finite the following inequal-
ity for the sequence {yy : k € N} generated by the dual Dinkelbach-type
algorithm. The proof is similar to the proof of the corresponding result
listed in Theorem 23 for the primal Dinkelbach-type algorithm.

Theorem 54 If Condition 48 holds and there exists some y € A sat-
isfying px = p«(y), then it follows for every —c;, € O(—diy)(1x) and
—ay € O(—duy,)(pk+1) that

0 < M — [g+1 < (1 _nglz1)_

I
If a slightly stronger condition as used in Lemma 52 holds, then
one can show that the sequence {uy : k € N} generated by the primal
Dinkelbach-type algorithm converges -linearly. The same result was
shown for the dual generalized fractional program in [5] and [9]. The
proof of the next result is similar as the proof of the corresponding result
for the primal Dinkelbach-type algorithm given in Theorem 25.
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Theorem 55 If Condition 48 holds, p. is finite and the sequence {by, :
k € N} satisfies infien b, > —o00, then limyioo i, = s and the sequence
Wi converges Q-linearly.

Finally we show in case the dual (max-min) fractional program (D)
has a unique optimal solution and some other topological conditions hold
that the sequence {uy : k € N} converges @Q-superlinearly. Observe in
case also strong duality holds, then we know by the remark after Lemma
32 that this unique optimal solution of (D) is also an optimal solution
of the primal min-max fractional program P if this set is nonempty.
Observe by the compactness of A x B that in the next result the set of
optimal solutions of (P) is nonempty.

Theorem 56 If Condition 48 holds, the functions f and g are contin-
uous on some open set W containing the compact set A x B and the
maz-min fractional program (D) has a unique optimal solution (Y, x4),
then limpjoo T = Tx, liMproo Yo = Ys and limgroo A = Ay and the se-
quence i converges (Q-superlinearly.

If strong duality holds, then it is obvious that one can also use the
dual Dinkelbach-type algorithm to determine the value A,. This is pri-
marily the main use of this algorithm in the literature (cf.[9], [10]). Also
one could combine the dual and primal approach in case strong duality
holds and use simultaneously both. An example of such an approach
applied to a generalized fractional program and having an obvious ge-
ometrical interpretation is discussed by Gugat (cf.[39],[41]). In [41] it
is shown under slightly stronger conditions that always a @Q-superlinear
convergence rate holds. This concludes our discussion of the parametric
approach used in min-max fractional programming which was a major
emphasis in the chapter on fractional programming.
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