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Abstract

In this paper we develop two approaches to find minmax robust efficient solutions for
multi-objective combinatorial optimization problems with cardinality-constrained uncer-
tainty. First, we extend an algorithm of Bertsimas and Sim (2003) for the single-objective
problem to multi-objective optimization. We propose also an enhancement to acceler-
ate the algorithm, even for the single-objective case, and we develop a faster version for
special multi-objective instances. Second, we introduce a deterministic multi-objective
problem with sum and bottleneck functions, which provides a superset of the robust
efficient solutions. Based on this, we develop a label setting algorithm to solve the multi-
objective uncertain shortest path problem. We compare both approaches on instances of
the multi-objective uncertain shortest path problem originating from hazardous material
transportation.
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1 Multi-objective robust combinatorial optimization

1.1 Introduction

Two of the main difficulties in applying optimization techniques to real-world problems
are that several (conflicting) objectives may exist and that parameters may not be known
exactly in advance. In multi-objective optimization several objectives are optimized si-
multaneously by choosing solutions that cannot be improved in one objective without
worsening it in another objective. Robust optimization hedges against (all) possible pa-
rameter values, e.g., by assuming the worst case for each solution (minmax robustness).
Often it is assumed that the uncertain parameters take any value from a given interval
or that discrete scenarios are given. A survey on robust combinatorial optimization with
these uncertainty sets is given in [ABV(9]. Based on the interval case, Bertsimas and
Sim propose in [BS04] to consider scenarios where only a bounded number of parameters



differ from their expected value (cardinality-constrained uncertainty). This leads to less
conservative solutions that are of high practical use. In [BS03| an algorithm is provided
to find robust solutions for combinatorial optimization problems under this kind of un-
certainty.

Only recently have robust optimization concepts for multi-objective problems been de-
veloped. A first extension of minmax robustness for several objectives was introduced in
IKL12] and [FW14]. They consider the uncertainties in the objectives independently of
each other. Ehrgott et al. developed another extension of minmax robustness [EIS14], in
which they include the dependencies between the objectives, and which was generalized in
[IKK™14]. These concepts have been extensively applied, e.g., in portfolio management
[EW14], in game theory [YLI3] and in the wood industry [ITWHI5]. An overview on
multi-objective robustness, including further robustness concepts, is given in [[S16] and
[WD16]. Newest developments in this field include [Chul6] and [KDDI16]. Cardinality
constrained uncertainty has been extended to multi-objective optimization in [DKW12]
(only for uncertain constraints) and [HNSI3] (for uncertain objective functions and con-
straints).

To the best of our knowledge, only Kuhn et al. have developed a solution algorithm for
multi-objective uncertain combinatorial optimization problems [KRSS16]. They consider
problems with two objectives, of which only one is uncertain, with discrete and polyhedral
uncertainty sets.

In this paper, however, we consider problems with arbitrarily many objectives of which
all may be uncertain. The main contributions of this paper are that we develop two solu-
tion approaches for multi-objective combinatorial optimization problems with cardinality-
constrained uncertainty and derive specific algorithms for the multi-objective uncertain
shortest path problem.

The remainder of this paper is structured as follows: In Section [1| we give a short intro-
duction to multi-objective robust optimization. We present two solution approaches for
multi-objective combinatorial optimization problems with cardinality-constrained uncer-
tainty in Section [2} In Section [2.1| we extend an algorithm from [BS03| to multi-objective
optimization and, additionally, propose an acceleration for both the single-objective and
the multi-objective case and a faster version for multi-objective problems with a special
property. In Section 2.2 we introduce a second approach and show how it can be applied to
solve the multi-objective uncertain shortest path problem as an example. In Section [3] we
compare our methods on instances of the multi-objective uncertain shortest path problem
originating from hazardous material transportation.

1.2 Multi-objective optimization

First, we will give a short introduction to multi-objective optimization.

Definition 1. Given a set X of feasible solutions and k objective functions zi, ..., zx :
X — R with k > 2, we call
z1 ()
min z(z) = :
zk(x)
a multi-objective optimization problem (MOP).

A solution that minimizes all objectives simultaneously does usually not exist. There-
fore, we use the concept of efficient solutions.

Notation 2. For two vectors y',y? € R¥ we use the notation

y <y ey Sy fori=1,..k and y' # 47,

vy <y eyl Sy fori=1,..,k.



In the following, we will only use the symbols < (strictly less than) and < (less than
or equal to) to compare scalars.

Definition 3. A solution 2’ € X dominates another solution x € X if z(z') < z(x). We
also say that z(x') dominates z(x). A solution x € X is an efficient solution, if there is
no «' € X such that ' dominates x. Then z(z) is called non-dominated.

Solving a multi-objective optimization problem min{z(z) = (z1(z), ..., 2x(z)) : x € X'}
means to find its efficient solutions.

Definition 4. Two efficient solutions x,r" € X are called equivalent if z(x) = 2(2'). A
set of efficient solutions X C X is called complete if all z € X \ X are either dominated
by or equivalent to at least one ¥’ € X.

1.3 Robust optimization

We briefly introduce robust optimization for single-objective problems.

In robust optimization the uncertain input data is given as an uncertainty set U, contain-
ing all possible scenarios that can occur. For each scenario & € U we obtain a different
instance of the optimization problem min,¢y z(z, §).

Definition 5. Given a feasible set of solutions X, an uncertainty set U and an objective
function z : X x U — R, we define an uncertain optimization problem as the family of
parameterized problems on X

(ggy(fc,ﬁ),f EU) :

We only consider problems with uncertainty in the objective function, not in the

constraints. This is because, in the considered robustness concepts, a solution is only
robust feasible if it is feasible for every scenario. This is reasonable for many combinatorial
optimization problems, e.g., when choosing a path in a road or transportation network: If
we decide on a path to take without knowing which scenario will occur, this path should
at least exist for every scenario. Hence, we have deterministic constraints.
There are different robustness concepts offering a definition of a robust solution for an
uncertain optimization problem, usually by defining a deterministic problem, called the
robust counterpart (see [GS16] for an overview). The concept of minmaz robustness,
also called strict or worst case robustness, seeks solutions, for which the worst possible
objective value is minimized. The solutions can be found by solving the robust counterpart
The considered uncertainty set often strongly influences the solvability and the solution
approaches. A finite uncertainty set consists of finitely many scenarios, whereas, in an
interval uncertainty set, the coefficients vary in intervals independently of each other. If
the coefficients vary in intervals, but only a given number of coefficients may differ from
their minimal values, we speak of cardinality-constrained uncertainty [BS03]|.

1.4 Multi-objective robust optimization

If several objective functions and uncertainties in (some of) these functions are given, we
obtain a multi-objective uncertain optimization problem.

Definition 6. Given a feasible set of solutions X, an uncertainty set U and a multi-
objective function z : X x U — R*, the family of multi-objective optimization problems

(m;(lz(x,g),g € u) (1)

e

is called a multi-objective uncertain optimization problem.



There are several definitions of robust efficiency for multi-objective uncertain problems
(see, e.g., [IS16]). The concept of minmax robust optimality for single-objective uncertain
problems has been generalized to several objectives in various ways, since the notion of
worst case is not clear in the multi-objective case. An intuitive concept, introduced by
Kuroiwa and Lee [KL12], is to determine the worst case independently for each objective
(see Definition . This yields a single vector for each solution and these vectors can be
compared using the methods of multi-objective optimization.

Definition 7. A solution x € X is robust efficient for Problem if x is an efficient
solution for the robust counterpart

SUP¢eys 21 (z,8)

min 27 (z) =
reX .
SuPgeys 2k (T, §)

Remark 8. In this paper, we only consider uncertainty sets where the uncertainties in
the objectives are independent of each other. That means that robust efficiency, as defined
in Definition[7, is the same as point-based and set-based minmax robust efficiency defined
in [FIST])J. Therefore, all results shown in this paper are valid for both concepts.

Analogously to Definition [d] we define:

Definition 9. Two robust efficient solutions x,x' € X are called equivalent if z ( ) =
2R(2'). A set of robust eﬂ?czent solutions X C X is called complete if all z € X \ X are
either dominated w.r.t. z™ or equivalent to at least one ' € X.

1.5 Multi-objective robust combinatorial optimization

An instance (E, Q,U, ¢) of a multi-objective uncertain combinatorial optimization problem
is given by a finite element set E, a set Q C 2!F| of feasible solutions, which are subsets
of E, an uncertainty set i and a function ¢, that assigns a cost vector cg = (cil, . cg %)
to each element e € E and scenario £ € U. For each scenario £ the cost z(q, &) of a set q
with respect to £ is the sum of the costs of its elements. We aim to find a complete set of
robust efficient solutions (according to Definition [7]) for

(mmz q,& Zc EEL{),

ecq

i.e., to find a complete set of efficient solutions for the robust counterpart

3
maxeey ZeEq Con
min :
q€Q ¢
maXeey Zeeq ce,k

1.6 Example: The multi-objective uncertain shortest path prob-
lem

Consider a graph G = (V, E) with node set V' and edge set E, a start node s € V and a
termination node ¢ € V. Let U be an uncertainty set and ¢ be a function that assigns a
cost or length c§ = (cg Iseeos E ) to each edge e € E and scenario £ € Y. For a path ¢ in
G and a scenario £ € U the cost or length z(q,&) of ¢ w.r.t. £ is obtained by following the
path and adding up the costs ¢ of the edges traversed.

We distinguish between simple paths, which contain each node at most once and paths,
which may contain nodes and edges more than once. In the deterministic case, there
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Figure 1: In Example [10]| every robust shortest path contains a cycle.

always either exists a simple path being a shortest path, or no finite shortest path exists.
On the contrary, robust shortest paths that contain a cycle but are not optimal without
the cycle can exist, even in case of only one objective (see Example .

In the following we assume conservative edge costs, i.e., every cycle C' has non-negative
cost z(C, &) > 0 for each scenario & € U and objective i = 1,...,k. Then, there always
exists a complete set of robust efficient paths containing only simple paths and the multi-
objective uncertain shortest path problem is

(gggz(q,é) =Y . ¢e M)

ecq

with @ being the set of simple paths from s to ¢ in G. Because simple paths do not
contain any edge more than once, this is a combinatorial optimization problem.

The following single-objective example shows that, when edge costs are not conser-
vative, we can indeed have robust shortest paths which contain cycles while no simple
robust shortest path exists.

Example 10. Let G be a graph that consists of a simple path q from s to t and a cycle
C' connected to q (Figure . Let two scenarios &1,&2 be given and let the cost of C' be
2(C, &) = —1 and z(C, &) = 0 and the cost of q be 2(q,&1) = 3 and 2(q, &) = 2. Let ¢
for i € N denote the path that consists of q and i times the cycle C'. Then,

max 2(q,§) =3>2= max z(¢',6)= max z2(¢, &) Vi1,
cnax (¢,€) cn (q,¢) conax (¢, 6 Viz

and q is not robust optimal, but ¢* is robust optimal.
We use the following notation to specify subpaths.

Notation 11. Let g be a simple path and v, w two nodes on g (v before w). Let then ¢, .
denote the part of q from node v to node w.

2 Algorithms for multi-objective combinatorial opti-
mization problems with cardinality-constrained uncer-
tainty

The idea of cardinality-constrained uncertainty is to assume that the worst case will not
happen for all edges simultaneously, e.g., there will not be an accident on every road of a
transportation network at the same time. Therefore, only those scenarios are considered
where no more than a given number of elements are more expensive than their minimum
costs. Bertsimas and Sim were the first to introduce cardinality-constrained uncertainty
for single-objective uncertain optimization problems [BS03]. One possibility to extend
this concept to multi-objective optimization is the following (see [HNS13]):



Definition 12. For each element e € E and each objective z; let two real values ¢.; and
de,i = 0 be given. We assume that the uncertain cost c. ; can take any value in the interval
[CeiyCei + Oci), with ée; being the undisturbed value, called the nominal value. For each
objective z; let an integer T'; < |E| be given. The cardinality-constrained uncertainty set
contains all scenarios, in which for each scenario i at most I'; elements differ from their
nominal costs:

U:={ceRIPXF ¢ i€t teitdei]Vee BE,Vi=1,. k|{e:ces > i} STiVi=1,...

An instance of a multi-objective combinatorial optimization problem with cardinality-
constrained uncertainty is hence given by (E,Q,¢,6,T = (I'y,...,T%)).

2.1 Deterministic Subproblems Algorithm (DSA)

The algorithms in this subsection are built upon an algorithm by Bertsimas and Sim
for single-objective cardinality-constrained uncertain combinatorial optimization problems
[BS03], which we call Deterministic Subproblems Algorithm (DSA). Its idea is to find
solutions for the uncertain problem by solving up to |E|+ 1 deterministic problems of the
same type and comparing their solutions.

We describe first the algorithm of Bertsimas and Sim for single-objective problems and
present several ways to reduce the number of subproblems to be solved (Section .
In Section we show that DSA can be adjusted for multi-objective problems with a
special property. Lastly, we extend the algorithm for the general multi-objective case in

Section 2.1.3

2.1.1 DSA for one objective
We first consider the single-objective uncertain problem (mingeq 2(g,§), & € U) with
U={ceRPl . ¢ elt,éc+0.)VeeE, |{e:c>é}| ST}

The worst case for a set ¢ € Q with respect to this uncertainty is a scenario, where the
costs of its T' elements with the largest intervals §. take their maximal value (resp. all
elements in ¢, if ¢ has less than T elements). Assume that the elements are ordered with
respect to the interval length 9, i.e.,

51 = (561 z 52 = 662 z

1\

5|E\ = 66‘E| > S‘E‘J’,l = 0.
For each [ € {1,...,|E| + 1} we define the function g’ as follows [BS03]:

9(0) =D ee+T -0+ Y (5, — ).

e€q €;€q
J=l
The function g'(q) is an approximation of the worst case costs of the set ¢. It contains

e the nominal cost é. for each element e € ¢, which has to be paid also in the worst
case,

e §; - T since, in the worst case, the interval length &, has to be added to the costs for
(at most) I' elements,

e the positive summand max{0,d. — &;} for each element e € ¢ to account for all
elements in the set with higher interval lengths than ;.



The idea of the algorithm of [BS03] is to solve all problems

P(l)) min g’

(P(1)) ming'(q)

for i =0,1,...|E|+ 1 and choose the best of the obtained solutions. This idea works due
to the following two properties:

1. For every set q and every [ € {0,...,|E| + 1} we have that g'(q) is always greater
than or equal to the worst case cost 2%(q).

2. For every set ¢ there exists some [ € {0,...,|E|+1} such that ¢'(q) equals the worst
case cost 27(q).

To show the first property, let ¢ be a set and let {eq,, . .., €4, } be a subset of h elements in ¢
with the largest cost intervals, where h = min{|q|,'}. Then z%(q) = Decqbet Z;L:l Oe.,,
and we get

h h
)2 e+ > 0+ Y max{0,6., — &} = 2(q).
e€q j=1 =1 '
For the second property we show that for each set q there exists at least one index [ with
g'(q) = 2R(q): If ¢ has less than I" elements, then

g ) =D e +T -0+ (5 —0) = 2"(q).

ecq ecq

If ¢ has at least I" elements, let e; be the element in ¢ with the I'-th smallest index. Then
the I' elements {e; € ¢ : j <1} have the largest cost intervals in ¢ and it follows that

G@) = tet+T -0+ Y (b, =0) =D e+ > 0+ Y (3, — ) = 2%(q)-

ecq e;€q ecq ejeq e;jEq
i< jst ist

Having these two properties, we see that a robust optimal solution ¢* is also optimal for
problem (P(1)) with I : ¢g'(q) = 2%(q), since none of the other sets can have a better
objective value. Therefore, at least one robust optimal solution will be found by the
iterative algorithm.
The efficiency of the algorithm depends on the time complexity to solve the subproblems
(P(1)). Because the summand I - & is solution-independent, a solution for (P(1)) can be
found efficiently by solving a problem of the same kind as the underlying deterministic
problem with element costs

Clej _ {%ej + (0, — 1)  for ] <1 (%)

Ce, for j = 1.

Algorithm (1| shows the basic structure of the algorithm by Bertsimas and Sim ([BS03]).
First, the elements are ordered with respect to their interval lengths, then the subproblems
defined above are solved and finally the worst case values of all obtained solutions are
compared to find the robust optimal ones. Because the solutions of each subproblem can
be obtained by solving a deterministic problem of the same kind, this algorithm finds a
robust optimal solution in polynomial time for many combinatorial optimization problems,
e.g., for the minimum spanning tree and the shortest path problem.

In the following, we show how Algorithm [I] can be enhanced. It is not necessary to
solve all of the |E| 4+ 1 subproblems introduced above. The following three results from
[BS03, [PLOT, [LK14] can be used to reduce the number of subproblems (Lemma: First,
if two elements have the same interval length d., then their associated subproblems are



Algorithm 1 Basic structure of DSA (based on [BS03])

Input: an instance I = (E,Q,¢,0,T) of a single-objective cardinality-constrained uncertain combina-

torial optimization problem

Output: a robust efficient solution for I

1:
2:
3:
4:

Sort E w.r.t. §. such that §; := 8¢, = g := e, = ... = 5|E‘ 2 0\p|+1 =

Determine L := {1, ..., |E| + 1}.

For all [ € L find an optimal solution ¢! for (P(1)).

Compare the objective values 2% (¢!) for all [ € L to obtain a robust optimal solution.

equal. Second, the worst case cost of a set equals its objective value not only for the
special subproblem shown above, but also for the next subproblem. Therefore, we do not
miss any solutions if we only solve every second problem. Third, none of the first I' — 1
elements can be the one with the I'-th smallest index for any set in @), so their associated
subproblems need not to be solved.

Lemma 13 ([BS03|[PL07, LK14]). The number of subproblems to be solved by Algorithm|J]

can be reduced to at most PE‘T_F—‘ + 1 in the following ways:

1. If there are several elements ey, ..., eq4p) with the same interval length 6., = ... =

J only one of the subproblems P(1),...,P(l + h) needs to be solved [BSO3].
2. Only every second subproblem and the last subproblem need to be solved [LK1J).
3. It is sufficient to start with the I'-th subproblem [PLO7].

€l+h’

Using these results we can replace Step [2] of the basic structure with Algorithm

Algorithm 2 Improved Step [2 of Algorithm [l Determine the subproblems to be solved.

Input: an edge set E with cost interval lengths §, a value I < |E|
Output: an index set L of subproblems to be solved in Algorithm

,_.
e

11:

l:=T+1 > Lemmal[13 (3.[3)
L:={l}
while [ < |[E|+1 do

while [ < |E| + 1 and dc, = 0¢,,, do l:=1+1 DLemma )

end while

ifl<|E|4+1thenl:=1+1
if | <|E|+1thenl:=1+1 > Lemma[13 (3)
end if
L:=Lu{l}

end if

end while

Depending on the solutions that are found, while the algorithm is executed, we can
further reduce the number of subproblems to be solved. We will refer to this enhancement
as solution checking.

Lemma 14. Let 1 <1 <1< |E|+1 and let ¢’ be an optimal solution for P(). If ¢ does
not contain any of the elements ey, ..., e;_1, then it is optimal for P(1).

Proof. We can find a solution of P(l) by solving a problem with the deterministic costs



given in . For these costs we have

l~§l:>5l~§51:>clej§céj Vej:j<l~,
j§l:>5ejg(§léclej=éej§éej+(5ej—5l)zcle
ISl=d =é,=d, Vej:j2Ll
If ql~ does not contain any element e; : j <, then

A= d =Y d=Yy dveeq
eEqi

ecql ecq ecq

hence, ¢! is optimal for P(). O

We can therefore replace Step of the basic structure (Algorithm [1)) with Algorithm

Algorithm 3 Improved step [3| of Algorithm |1} Solve subproblems (with solution checking).

Input: [ = (E,Q,¢,6,T) with E ordered w.r.t. d., , an index set L of subproblems
Output: a set of solutions {¢' : | € L}

1:1:=0

2: for all [ € L in increasing order do

3: if [ = 0 or ¢' contains any element in {e1,...,e;_1} then
4: Find an optimal solution ¢! for (P(1)).

5: else ¢! :=¢!

6: end if

7 [:=1

8: end for

Lemma [T4] does not contain any theoretical complexity result since, in the worst case,
still | L25=E

—‘ + 1 subproblems are solved. Nevertheless, the results of our experiments in
Section |3 show the practical use of this improvement.

2.1.2 Extension to the multi-objective problem with objective-independent
element order

In this section we adjust Algorithm [I] for multi-objective problems with the following
property:

Definition 15. An instance (E,Q,¢,6,T) has objective independent element order if

o there exists an order of the elements, such that

Gy i =200 i Vi=1,..k

€|E‘,i

e and for all objective functions, the number of elements that may differ from the
nominal value is the same, that is 'y =Ty = ... =T'y. In the following we use 'y to
denote the bound on the number of elements that may differ from the nominal value
for each individual objective function.

For multi-objective subproblems with objective independent element order, Algorithm
[[] can be adjusted in the following way:



In step 3| since I', d., é. are vectors instead of scalars, the subproblems to be solved are
the multi-objective problems

(MPW) ming'(a) == 3 e+ To 8+ 3 (o, ~ )
e€q e;j€q
Y

forl =1,...,|E|+1, with o being the Schur (entry-wise) product and S\EH-l =(0,...,0),0; :=
de; V ej € E. Because we solve multi-objective problems, we are looking for a complete set

of efficient solutions for each subproblem instead of a single solution. Such a solution set

can be found by solving a deterministic multi-objective problem. We denote the solution

set, that we obtain for (MP(l)), by OPT".

In Step |4} every found solution g whose objective vector z*(q) is not dominated by the

objective vector of any of the other solutions is robust efficient. We will refer to this spe-

cial version of the DSA for multi-objective instances with objective independent element

order as objective independent DSA or DSA-oi.

(

Algorithm 4 DSA for multi-objective instances with objective independent element order

(DSA-oi)

Input: an instance I = (F,Q, ¢, 6,T") of a multi-objective cardinality-constrained uncertain combina-
torial optimization problem with objective independent element order

Output a complete set of robust efficient solutions for I

: Sort E w.r.t. 6, such that 6y := e, 2 02 := 0, 2 ... Z ) 2 dpj41 := (0, ...,0).

: Determine L :={1,...,|E| + 1}.

For all I € L find a complete set of efficient solutions OPT" for (MP(1)).

Compare the objective vectors z®(g) of all solutions in Uje, OPT'. The solutions with non-

dominated objective vectors form a complete set of robust efficient solutions.

=Wy

Theorem 16. Algorithm [/] finds a complete set of robust efficient solutions for multi-
objective cardinality-constrained uncertain combinatorial optimization problems with ob-
jective independent element order.

Proof. First, we show that ¢! never underestimates 2% for any objective. Further, we prove
that for each feasible solution ¢ there is an | € {I'y,...,|E| + 1} C L with ¢'(q) = 28(q).
We conclude that Algorithm [4] finds a complete set of robust efficient solutions.

Foreachq € Qandl = 1,...,|E|+1 we show z8(q) £ gl(q) Vi=1,....k. Let {eq,,.--,¢€a,}
be a set of h elements in ¢ w1th the largest cost mtervals7 where h = min{|q|,T';}. Then,

gi(q): Zée,i+r 6[2+Z e, (Slz

ecq e;€q
j<i
- Zée,i + T 00 + Zmax{O,CSm — b1} since j 1= 0, 26,5 > 1= 0c, <6
e€q eeq
h
2 Zée’i + Ty 01 Zmax{o Oea, i — 61} since {eq,,---,€q,} € ¢
eeq j=1
h
2 Zée,i +I -0 + Z(fseaj,i —01i)
ecq j:l ’
= Zc“"_z(s“"_z Cajii —014) = 2%(q) since |{eays---,€a, }| ST
ecq

10



We show now that there is an [ € {T'y, ..., |E| + 1} with ¢'(q) = 28(g): For any set ¢ € Q
with at least I'y elements, let ¢; be the element with the I'y-th smallest index. Then the
I'y elements {e; € ¢ : j < [} have the largest cost intervals in ¢ with respect to every
objective. It follows for all i = 1, ..., k that

gi(q) = Zéez + Ty 6+ Z (0e;i — 81.i)
ecq e;j€q
J=l
= Y leit Y it > (i —01:) =2(q) since |[{e; €q:j =1} =T
e€q e;€q e;eq
J=l Y

For any set ¢ € @ with less than I'; elements, we have for all i =1,....k

gJLE|+1(q> = Zée)i + F,L -0+ Z ((Se]-,i - 0) = Z’LR<q)

e€q €;€q

We conclude: If ¢ is robust efficient, then 2%(q) = g'(q) for some I € L and there is no
q' € Q with 28(¢') < 28(q). Tt follows that

2 €Q: M) <o) T U5 3 €@ () < M) = o).

Therefore, ¢ or an equivalent solution is found at least once in the algorithm. It follows
that in Step[d]the objective vector of each found solution is compared to all non-dominated
objective vectors, thus only robust efficient solutions remain. It follows that the output
is a complete set of robust efficient solutions. O

Now, we consider the enhancements proposed in Algorithms [2| and [3| The results of
Lemma [13| remain valid, Step [2| can hence be implemented as in Algorithm

Lemma 17. The number of subproblems to be solved by Algorithm [J] can be reduced to

[“E'T_Fl-‘ + 1 in the same ways as in the single-objective case:

1. If there are several elements ey, ..., eq4p) with the same interval length 6, = ... =
eirr» only one of the subproblems MP(I), ..., MP(l + h) needs to be solved.

2. Only every second subproblem and MP(|E|+ 1) need to be solved.
3. It is sufficient to start with MP(I'y).

Proof.

1. From d, = ... = 4., follows directly ¢'(¢q) = ... = ¢'*"(q) and therefore OPT'(q) =
.. = OPT""h(q).

2. For any ¢ € Q with less than T'; elements we have z%(q) = g/F!*1(¢). For any ¢ € Q
with at least I'y elements let e; be the element with the I';-th smallest index in q.
From the proof of Theorem |16/ we know that z8(q) = g'(q). We further have

d(@)= D ée+Tod+ Y (0e, = 0)+T 0 (b1 —6)+To (0 — biy1)
e€q e;€q
jsi
= Zce—l—roélﬂ—i—z —8141) because [{ej € q:j S} =T, Vi
e€q e;j€q
i<l

= Zce+FO5l+1+ Z e —011) = 9" (q).

ecq e;€q
jSi+1
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Therefore, if we only solve every second subproblem, we will still solve at least one
subproblem MP(I') with ¢ (¢) = 2R (q) for each ¢ € Q with at least I'; elements.
It follows, that we only need to solve every second subproblem and in addition the
(|E| + 1)-th subproblem.

3. In the proof of Theorem[16]we show that for every ¢ € Q thereisani € {I'y,...,|E| + 1}
with z8(q) = ¢'(q), because none of the elements ey, ...,er, 1 can be the element

with the I'y-th smallest index in g. It follows, that we do not need to solve the
problems MP(1),..., MP(['y — 1) to find a complete set of robust efficient solutions.

From statement [2| we know that at most |E| + 1 — (I'y — 1) problems need to be solved.
From statement [3] it follows that of these problems only the last one and every second of
the other ones must be solved, this leads to at most

_ ~—1 -1 _ _
ARSI R R

subproblems. O

The result of Lemma [I4] is valid for multi-objective problems with objective indepen-
dent element order as well. However, to be able to skip the solving of problem MP(I)
none of the sets in OPT! is allowed to contain any element ej with j < [. Therefore we
replace Step [3] with Algorithm

Algorithm 5 Improved step [3| of Algorithm {4t Solve subproblems (with solution checking).

Input: [ = (E,Q,¢,6,T) with E ordered w.r.t. §;, §, an index set of subproblems L
Output: a set of solutions U;c;, OPT"

1:1:=0

2: for all [ € L in increasing order do

3: if [=0or any of the sets in OPT" contains any element in {ey,...,e;_1} then
4: Find a complete set of efficient solutions OPT" for (MP(1))

5: else OPT! .= OPT!

6: end if

7 [:=1

8: end for

Lemma 18. Let 1 <[ <[ < |E| + 1 and let G be a complete set of efficient solutions
for MP(Z) If none of the sets in G contains any of the elements e1, ...,e;_1, then G' is
a complete set of efficient solutions for MP(l).

Proof. A complete set of solutions for MP(I) can be found by solving a deterministic

multi-objective problem with costs ¢ := (Cle,p e cle’k):

U Cejpit (Oeji — &1i) forj<l
o Ceji for j = 1.

I

_ il .
et Ce]-,i v €j -

€ej,t =

From the proof of Lemma [13| we know that cij < clew Ve;:j<landc

j = 1. It follows that any ¢ € OPT! not containing any element in {ej,...,e;_1} is also
efficient w.r.t. c. If none of the sets in OPT' contains any element in {ey,...,e;_1}, then
for any ¢’ ¢ OPT' exists a ¢ € OPT! with

Zcé:Zc£§Zc£§che

e€q e€q ecq’ ecq’
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and ¢’ is either dominated w.r.t. ¢! or has an equivalent solution in OPT'. Therefore,
OPT! is a complete set of solutions for M7P(I). O

Corollary 19. If we replace in Algorithm[§ Step[q with Algorithm[3 and Step[3 with Algo-
rithm[3], it finds a complete set of robust efficient solutions for multi-objective cardinality-
constrained uncertain combinatorial optimization problems with objective independent el-

ement order, solving at most PE‘%FIW + 1 deterministic subproblems.

2.1.3 The Deterministic Subproblems Algorithm in the general multi-
objective case

In general, the sorting of the elements by interval lengths results in a different order for
each objective. An element that has the I'-th longest interval in ¢ for all objectives is not
likely to exist. To ensure that the worst case vector of g equals the objective vector of a
subproblem, we have to iterate through all elements for each objective independently and
consider all possible combinations.

Let E; be a set of the j elements with the largest intervals for the i-th objective, i.e.,
|E;\ =jand d.; 26 ; Vee E},e’ eE\ EJ’ and let 5; = mineeE; Je,i-

We define SrEHl =0V Foreachl=(l1,....lx) € {1,....|E| + 1} x ... x {1, ..., |E| + 1}
we define the problem

Zeéq éeal + Fl ’ Slll + ZeEQﬂElll (56,1 - 5l11)
(GMP(1)) min g'(q) = :

a€ 5 _— 5 Sk
Eeeq Cek + T - 6lk + ZeéqﬁEl";c (56,’0 - 6lk)

As before, each of these (| E|+1)* problems can be solved as a deterministic multi-objective
problem of the same kind.

Algorithm@preserves the basic structure of DSA: First, the elements are sorted w.r.t. ¢ ;
for each ¢ = 1,..., k. Instead of changing the indices, we store the set E]Z of the first j
elements for all j = 1, ..., |E|, because the order of the elements depends on the objective.
Then the set L is determined, which contains vectors instead of scalar values. For each
element in L the subproblem defined above is solved and their solutions are compared to
obtain the robust efficient solutions.

Algorithm 6 DSA for general multi-objective instances

Input: an instance I = (F,Q, ¢, 6,T") of a multi-objective cardinality-constrained uncertain combina-
torial optimization problem

Output: a complete set of robust efficient solutions for I

1: Fori:=1,...,k: Sort E w.r.t. d.; descending and save the first j elements in E; for j=1,..,|E|

Set Bl , = E. Set 0 = mincp: 0 ¥V j =1, ..., |E] and O{gip1 =0

2: Determine L = Ly X Ly X ... X Ly: Ly :={1,..,|E|+1} Vi=1,..,k.

3: For all [ € L find a complete set of efficient solutions OPT" for (GMP(1)).

4: Compare the objective vectors z%(g) of all solutions in Ujc OPT!. The solutions with non-

dominated objective vectors form a complete set of robust efficient solutions.

Theorem 20. Algorithm [¢ finds a complete set of robust efficient solutions for multi-
objective cardinality-constrained uncertain combinatorial optimization problems.

Proof. Analogously to the proof of Theoremit can be shown that 2®(q) < ¢ (¢)Vq € Q

and that for every ¢ € @ and ¢ € {1, ..., k} there exists an [ with [; € {1,...,|E| + 1} and

28(q) = g(q). Since we consider every combination of the values of Iy, ..., I}, it follows that

13



for every q € Q it exists a problem GMP(I) with z8(q) = gl(q) Vi = 1,...,k. Tt follows
that a complete set of robust efficient solutions is returned. O

As before, we can reduce the number of subproblems to be solved. The proof of
Lemma [I7] still holds for each objective independently. Therefore, we can apply the
reduction on each objective (Algorithm [7) and obtain L := L; X Ly X ... X Ly with

Lif = [ 1

Algorithm 7 Improved Step [2] of Algorithm [6} Determine the subproblems to be solved.

Input: an edge set F with cost interval lengths 6, a k-dimensional vector ' with T'; < |E| Vi
Output: an index set L of subproblems to be solved in Algorithm [f]

1: fori=1,...,k do

2: Determine L; as in Algorithm |2| with I' =T, 0e = Oe,;-

3: end for

Here again, we can use solution checking, i.e., skip some additional subproblems, depend-
ing on the solutions found so far.

Lemma 21. Let [,] € ZF be given with | <1 and let I be the set of indices i with l; < L.
Let OPT! be a complete set of efficient solutions for QMP(Z). If for all i for which l; < I,
none of the sets in OPT" contains an element in Uie]Elii, then OPT" is a complete set

of efficient solutions for GMP(1).

Proof. Since T'; - Sf are solution independent constants, the minimization problem to be

solved is a deterministic multi-objective problem with costs ¢!, = (cle,l, e cé) E

o {8671' + (5e,i — glzi) for e € Eli

C =
et Ce.i else.
Therefore,
cle,i = Cfm Vi with [; = Zi, Vee E
cy=c,;Viwithl;<l;, Vee E\E}
ci’i < cle’l- Vi, VeeE.

Hence, for all objective functions ¢ we have cle7i = c£7i for all elements that are contained
in any set in OPT!, and cg,i < clm for all elements that are not contained in a set in
OPT!. Analogously to the proof of Lemma it follows that OPT! is a complete set of
efficient solutions for GMP(I) if no solution in OPT' contains any element in U;¢ IE;

O

A fast way to use this result is to replace Step [3] of Algorithm [6] with Algorithm
Lemma 22. In Line@ of Algorithm@ if I (0,...,0), then 1 £ I <l < |E| +1 and
=1,V i=1,..ki#Hh.

Proof. For every i = 1,...,k let lil ‘= miny, ez, l; be the minimal element in L;. We use
the following observations:

1. Because h =1 and l~1~: (0,...,0) in the first iteration, the first subproblem is solved
and then [ is set to [' := (I},13,...,1}) for all i = 1,...,k in LineThereafter, It s
changed in Line[13|if and only if A < 1.

14



Algorithm 8 Improved step [3| of Algorithm @ Solve subproblems (with solution checking).

Input: an instance I = (E,Q,¢,0,T), §, edge sets E; V 7,7, an index set L of subproblems
Output: a set of solutions Uie, OPT!
1: 1t:=(0,...,0)
2: h:=1
3: for all /; € L in increasing order do
for all l; € Ly in increasing order do

4

5

6: for all [, € Ly in increasing order do

T U= (U, lg)

8 if [ = (0,...,0) or any of the sets in OPT" contains any element in El}; then
9: Find a complete set of efficient solutions OPT! for (GMP(I)).
10: else OPT' := OPT"

11: end if
12: for i =h,....k do
13: =1
14: end for
15: h:=k
16: end for

17:

18: h:=2

19: end for

20: h:i=1

21: end for

2. The value of h is changed to h whenever one iteration of the for-loop changing [j is
finished. Then I; = I! Vi > h during the next execution of Lines [8] to

3. In Line[®
h =min{i € {1, ...,k} : [; has changed since the last execution of Line [8]}.

We consider the state of the algorithm during any iteration of Line |8 and show ZZ <lp
and I =1; Vi # h. Let h denote the value of h at this moment.

e i > h: When " was changed last, h < h < i hold ), S0 lzl was set to [} ) It
follows I = 11 2 ;.

e i < h: When I" was changed, either h < ¢ or h 2 7 hold. If it was h < i then l;h was
set to 1 ([£]) and it follows I# = 11 2 1,.
If it was h = i, then I; was not changed since then, otherwise i" would have been
changed again, because of i < h ) It follows I; = 121

e i = h: We show first that I; changed at most once since the last change of . During

the first execution of Line a after the first change of [; it holds h = h ) So I is
changed again in Line before I; could be changed a second time.

From ) follows, that [; has changed since the last execution of Line E but I

hasn’t. Therefore, the for-loop changing I; , has not been finished. Hence, I; can
not have been set to l}l again, but was increased. This was the only change of [}

since l~ﬁ was set to its current value. It follows ZZ <Ij.
O
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Corollary 23. If we replace in Algorithm [¢ Step [J with Algorithm [4 and Step [3 with
Algorithm[8, it still finds a complete set of robust efficient solutions for general instances
of multi-objective cardinality-constrained uncertain combinatorial optimization problems.
During its execution at most Hle (PElT*F—‘ + 1) deterministic subproblems have to be

solved.

The number of subproblems to be solved for general instances is hence a lot higher
than for instances with objective independent element order. But if there exists a common
element order for only a subset of the objectives, we can already reduce the number of
subproblems significantly:

Definition 24. An instance (E, Q,¢,d,T") has partial objective independent element order
if there is a subset {i1,...,ir} C {1,...,k} with
[ Fil = Fi2 =..= Fir and

e there exists an order of the elements, such that
(561_’1- z z 68\E|7i Vie {il, ,ZT}

Lemma 25. Let an instance (E,Q,¢,6,T) with partial objective independent element or-
der be given and let {i1,...,i,} be the subset from definition . Then the nested for-loops
changing li,, ..., L, in Algorithm [§ can be replaced by a single for-loop. The number of
solved deterministic subproblems in Algorithm [6] with Algorithm [3 as Step [4 and Algo-
rithm[§ as Step 3 is then less or equal to

(220, (20

€ (Lo kI {i1eir }
Proof. This follows directly from the proofs of Theorem [16] and Lemma [T7] O

2.2 Bottleneck approach

DSA is especially useful for problems with high I';, because fewer subproblems have to
be solved for higher values of I';. For small I'; the method described in might be
preferred. Its idea is to transfer the multi-objective uncertain combinatorial optimization
problem with & ob{ectives into a deterministic combinatorial optimization problem of the
same kind with > | (I'; + 1) objective functions, some of which are bottleneck functions
instead of sum functions. The concept is particularly useful if an efficient algorithm for
solving the deterministic multi-objective problem with sum and bottleneck functions is
available. As an example we present such an algorithm for the shortest path problem in

Section [2.2.2

2.2.1 Bottleneck approach for cardinality-constrained uncertain com-
binatorial optimization problems

We first consider the single-objective uncertain problem (mingeq 2(g,§), € € U). Its min-
max robust counterpart is

iy ((0) = max (0. 8) ) 2)

q€Q

Definition 26. For a set A C R let j-max (A) denote the j-greatest element of A.
For a set ¢ C E let j-maxeeq 0 := j-max ({Jc : e € q}) denote the j-highest value d,
which appears in q. If q¢ has less than j elements we define j-maxecq e :=0
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Theorem 27. Every optimal solution for @ is an efficient solution for the deterministic
multi-objective problem

Zeéq ée

mMaXeeq e
oS Ley . | 2-max )
min z = ecq Oe | . 3
min =(q) ' Q)
I'-maxeeq de

Proof. Let q be an optimal solution for Problem . Assume that ¢ is not efficient for
Problem . Then there exists a solution ¢’ € () that dominates ¢ and it follows

Z Ce S Zée and j-max 0, < j-max 6. V j = 1,...,T", with at least one inequality

ecq’ ecq e€q’ ecq
r r
= R(¢)= Z Ce + Zj— max J, < Zée + Zj— max &, = 27 (q),
e€q’ j=1 °&¢ e€q j=1 ¢&4

because the worst case scenario for any feasible set is a scenario where the cost of its
T' elements with the largest cost intervals take their maximal values. This contradicts ¢
being optimal for . O

The reverse of Theorem does not hold: There exist efficient solutions for 7 which
are not optimal for , as the following example shows.

Example 28. Let G be a graph that consists of two disjoint paths q,q" from s to t with
three edges each. Let the cost interval of all edges in q be [1,1] and of all edges in ¢’ be
[0,1] and let T' = 2. Then both paths are efficient solutions for Problem (@, because

2P(g) = (3,0,0) £ (0,1,1) = z*(¢) and 2"(¢') = (0,1,1) £ (3,0,0) = 2"(q).
But only ¢’ is robust efficient, because
(¢ =2 <3=2"(q).

Lemma 29. A complete set of efficient solutions for Problem @ contains at least one
optimal solution for Problem (@

Proof. Let Q' C @ be a complete set of efficient solutions for . Assume, that has an
optimal solution g that is not contained in @’. According to Lemma q is an efficient
solution for Problem , so ' contains a solution ¢’ with

EeEq ée ZeGq’ ée

MaXecq Oc MaXeeq Oc

r
2-maXeeq Oe | = | 2-maXeeq de | = R(g) = Z Ce + Zj— max 6, = 2%(¢')
: ecq j=1 ecq
I'-maxeeq O I'-maxeecqy O
. .
and ¢’ is optimal for . O

Now, we transfer this approach to the multi-objective case. For a problem with k
objectives, we construct a deterministic problem with Zle(Fi + 1) objectives.
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Theorem 30. Fvery efficient solution for the multi-objective robust counterpart

maxecy 21(q, §)
gggZR(q) = : (4)
maxeey 2k(q, §)

is an efficient solution for the deterministic multi-objective problem

Zeeq 0571
maXeecq 66,1
2-maXeeq Oc,1

EréiSzL(q) = F1-maXe§q den | - (5)
Zeeq Ce,2

MaXeeq Oc,2

Ip-maxecq Oe
A complete set of solutions for @ contains a complete set of solutions for .

Proof. Let g be an efficient solution for Problem (4)). Assume that ¢ is not efficient for
Problem . Analogously to the proof of Lemma [27] there is a path ¢’ € @ dominating ¢
and it follows that 2 (q’) < 2R}(q) for at least one i € {1, ..., k}, which contradicts ¢ being
efficient for (4)).

Assume now, that ¢ ¢ Q' with @’ being a complete set of efficient solutions for Problem
. Since q is efficient for Problem 7 there is a solution ¢’ € Q' equivalent to ¢ w.r.t. the
objective function of Problem and it follows z%(q) = 28(¢) analogously to the proof
of Lemma [

With an algorithm solving the deterministic Problem and a method to filter the
obtained solutions we can now find a complete set of robust efficient solutions for the
uncertain problem. In the case of a single-objective uncertain problem, an algorithm to
solve Problem (3] was introduced in [GKR12].

2.2.2 Label setting algorithm (LSA) for the cardinality-constrained
uncertain shortest path problem

In this section, we show how to apply the bottleneck approach to the cardinality-constrained
uncertain shortest path problem. We propose an adjustment of standard multi-objective
labeling algorithms (label setting or label correcting) to find a complete set of robust
efficient solutions.

Let the cardinality-constrained uncertain shortest path problem be defined as in Section
i.e., E is the edge set of a graph and @ the set of simple paths from a given start
node s to a given end node t. For simplicity we consider the single-objective uncertain
shortest path problem, i.e., we show how to solve Problem , but the adjustments can
be used for Problem in the same way. Additionally we assume non-negative edge costs
(ée 20V e € E) and adjust a label setting algorithm as an example.

We first recall the definition of a label, which is used in common multi-objective labeling
algorithms. A label [ = (z,v',1’) at a node v consists of

e a cost vector z, here z = (2, ..., 2r),
e a predecessor node v’, and

e a predecessor label I’

18



Every label at a node v # s with predecessor node v’ represents a path ¢ from s to v whose
last edge is (v',v). That means that its cost equals the cost of ¢ and its predecessor label
I’ represents the subpath of ¢ from s to v/. We assume here, that no parallel edges exist,
such that v and v" uniquely define an edge (v’,v). If parallel edges have to be considered,
the respective edge can be contained in the label as well. The labels are constructed
iteratively from existing labels at the predecessor nodes and can at any time be either
temporary or permanent.

Algorithm |§| is a label setting algorithm for solving a shortest path problem of type .
It is based on the label setting algorithm of Martins for multi-objective shortest path
problems [Mar84], but we make the following adjustments:

1. In Step[3a label must be chosen whose cost is not dominated by the cost of any other
temporary label. In [Mar84] the lexicographically smallest label is chosen. Based
on [IMP10], we choose the label with the smallest aggregate function ) ,_, 2
instead.

2. In multi-objective label setting algorithms with only sum functions (as in [Mar84])
anew label I = (z,v',1’) at v is created by adding the cost 2’ of the predecessor label
I to the edge cost. For min-max functions the (entry-wise) maximum of the edge
cost and the predecessor label’s cost is taken (see [GBRO6]). To solve Problem
we need a new way to construct the labels: For the sum objective function, we add
the nominal costs é. of the edge e := (v, v) to the corresponding predecessor cost
entry zg. For the j-max objective functions, we compare the interval length §. of
e to each of the I" longest interval lengths so far zi, ..., 21 and insert it at the right
position (see Algorithm [I0). We will use the following notation: z := 2’ ® (&, d.).

3. In [Mar84] a newly created label is only deleted if it is dominated by a label at the
same node. We delete the new label even if another label with equal cost exists at
the same node, because we are only looking for a complete set of efficient solutions.
This is also the reason why we do not need to consider hidden labels, which were
introduced by [GBRO6] for problems with bottleneck functions. Since new labels
with the same cost as existing labels are immediately deleted, Algorithm [9] works
even without the assumption that no cycles of cost (0, ...,0) exist.

Algorithm 9 Label setting algorithm to solve a shortest path problem of type (3|

Input: an instance I = (E,Q,¢,6,T) of a multi-objective shortest path problem of type (3)
Output: permanent labels at ¢, representing a complete set of efficient solutions for I
1: Create a temporary label [y with cost (0,...,0) at node s.
2: while there exists at least one temporary label do
Select a temporary label " (at any node v’) with minimal aggregate cost >, _, 1 z; and make
it permanent.
for all outgoing edges (v',v) of v" do
Create a new temporary label [ at v by Algorithm
if the cost of [ is dominated by or equal to the cost of another label at v then
Delete .
else if [ dominates any temporary labels at v then
Delete these labels.
10: end if
11: end for
12: end while

w

Lemma 31. In Algorithm@for every label | = (z,v’,1") at a node v there exists a path q
from s to v with z = z%(q).
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Algorithm 10 Step [f of Algorithm [0} Create a new temporary label.

Input: an edge (v/,v), a label I’ with cost 2’ at a node v’
Output: a new label [ at v with predecessor label I’

T T
W e

20 1= 2 + E(vr v)
=1
while i <T do

if 0(y0) > 2; then

Zi = O(v'v)
for j:=i+1,..,'do z; := 2371
end for
1 =I+1

else
zi =z
1:=1+1

end if

: end while

: Create the temporary label [ := ((zo, ..., 2zr),v’,l') at node v.

Proof. We show the statement by induction:

The first label has cost (0, ...,0) and represents the path only consisting of node s.

Let 2’ = (2, ..., 2[.) be the cost of the predecessor label I’ and assume that 2z’ equals the
cost of a path ¢’ from s to v'. Then we have

20 = 2’6 + é(v’,v) = Z ée + é(v’,v) = Z ée.
e€q’ e€q’U(v’,v)
For the other objectives we distinguish two cases:

e Case 1: 0,0y = 2; Vi = 1,...,T'. In this case the I' edges e with biggest intervals
de of ¢’ and ¢’ U (v/,v) are the same and z; = 2. for all objectives. Therefore,
(205 -y 21) = 22 (q U (v/,0)).

e Case 2: Either 6,/ ) > 2 fori=1or i€ {2,..,T'} with z;_; = () > 2;. Then

Vj<i: z =2;and j-max §, =j- max 0,
e€q’ e€q’'U(v’,v)

for ] =1 zj = 5(1)/7,[]) = j— max 63

e€q’U(v’,v)
Vji:T2j>i: zj=2; ;=j- max 4,
e€qU(v’,v)
It follows (2o, ..., 2r) = 2%(¢’ U (v/,v)). O

In the deterministic case with only sum functions, subpaths of efficient paths are
efficient as well, which plays an important role in the proof of Martin’s algorithm. If some
of the objective functions are bottleneck functions, this property does not hold any more
IGBRO6]. In our case, since we only look for a complete set of efficient solutions, the
following weaker property is sufficient (this was observed but not proven in [IMP10]).

Lemma 32. Let g from s to t be an efficient path with respect to z* and v,w two nodes
on q (v before w). Then either q, ., is an efficient path from v to w or there exists an
efficient path p such that ¢’ := qs., Up U qus is equivalent to q.
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Proof. Assume that g, ., is not efficient. Then there exists an efficient path p from v to
w that dominates g, ,. We have

Dole= D et let Y ESY bt Y bt Y le=)

e€q’ €€qs,v e€p eCqu,t ds,v e€qu,w eCqu,t ecq
and for ¢ =1, ...,T it follows from j-max.e, 0. < j- maxeeq, , e that vV j <

i-max 0,
e€q’

= {-max <{j—erggx de:j=1,.,i}U {j—glg;{ Je:j=1,.,i}U {j—ergqaxt Je 14 =1, ,z})

S<d-max ({j- max 0.:7=1,.,i}U{j- max d.:j=1,.,i}U{j- max d.:j5=1,..,i}
e€qs,v ecqy,w ecqu,t

= -max Je.

ecq
It follows z%(¢’) < 2%(q) and we conclude z%(¢’) = z%(q), because q is efficient with
respect to 2. O

Theorem 33. When Algorithm B (with Algorithm as Step @ stops, the permanent
labels at t represent a complete set of efficient solutions for Problem

Proof. We have to show that each permanent label at ¢ represents an efficient path from
s to t and that for each efficient path ¢ from s to ¢t a permanent label at ¢ representing ¢
or an equivalent path exists.

The proof of the first part is analogous to the proof in [Ehr06] of the multi-objective label
setting algorithm by Martins [Mar84]. For substituting the lexicographic order with the
aggregate cost order see [IMP10].

Now, we show that the algorithm finds a complete set of efficient solutions. Assume that
we have an efficient path g from s to ¢, such that there is no permanent label [ at ¢t with
label costs z = z"(g). Consider the predecessor node v’ of ¢ on gq. From Lemma [32] it
follows, that there is an efficient path p from s to v' with 2 (p U (¢/, 1)) = 2L(q).

If there exists a permanent label I’ at v’ with label costs 2’ = z"(p), then, at the moment
when it was made permanent during the algorithm, a new label I at node ¢ with label
costs Z = 2’ @ (E(v 1), O ,+)) Would have been constructed. It follows

2=2"® (1), 00 .1) = 2°(P) ® (8w 1y, O 1) = 2H(p U (V' 8)) = 2"(q).

Consider the first label with cost zY(q) that was constructed at node t. If this label
was deleted again, its costs are dominated, which contradicts the efficiency of ¢. If it
was not deleted, then it was made permanent, which contradicts our assumption that no
permanent label with costs 2%(q) exists at ¢.

Therefore, there is no permanent label at the predecessor node v’ of ¢ with costs 2’ such
that 2’ @ (¢, d.) = z%(q). In the same way, we can show that there is no permanent label
at the predecessor node v of v' with costs z” such that

(2" @ (Eor 1), 8(0,01))) B (o), Owr 1)) = 2 @ (ot ays 8o 1)) = 27 ().

By induction it follows that there is no permanent label at node s with cost (0, ..., 0), which
is a contradiction, because such a label is constructed in Line [1| and made permanent
during the first execution of Line [3]

We conclude that for each efficient path ¢ from s to t there exists a permanent label at
t representing ¢ or a path that is equivalent to ¢q. Furthermore, each permanent label
at t represents an efficient path from s to t. Therefore, the paths represented by the
permanent labels are a complete set of efficient solutions. O
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To find a robust optimal solution (in the multi-objective case: a complete set of robust
efficient solutions) we have to filter the solutions obtained by the labeling algorithm (see

Algorithm .

Algorithm 11 LSA for the shortest path problem with cardinality-constrained uncertainty

Input: aninstance I = (E, @, ¢, §,T) of the (single-objective) cardinality-constrained uncertain short-
est path problem
Output: a robust optimal solution for I
1: Solve Problem with Algorithm @
2: Compare the aggregate cost of all permanent labels in ¢ to find a minimal one.
3: Obtain the path represented by this label by backtracking the predecessor labels.

Corollary 34. Algorithm finds an optimal solution for (@ with non-negative edge
costs.

Remark 35. The algorithms in this section can easily be extended for the multi-objective
case. We will also use the abbreviation LSA to refer to the multi-objective version.

3 Experiments

In this paper we have presented two approaches to solve multi-objective, cardinality-
constrained uncertain combinatorial optimization problems. DSA solves the uncertain
problem, assuming that we know how to solve the deterministic multi-objective problem.
To use the bottleneck approach we need a method to solve a deterministic multi-objective
problem with several objective functions, some of which are sums and some are bottleneck
functions. We have introduced such an algorithm for the shortest path problem (LSA)
and, hence, we test our approaches on the multi-objective uncertain shortest path problem.

3.1 Hazardous material transportation

We test our algorithms for the multi-objective uncertain shortest path problem on a haz-
ardous material transportation instance: When transporting hazardous materials, on one
hand, the shipping company wants to minimize travel time, distance or fuel costs. On
the other hand, if an accident happens, environment and population are exposed to the
hazardous material, hence, another objective is to keep the risk and negative impacts
of accidents to a minimum. An overview about objectives for hazardous material trans-
portation and about approaches for estimating the risk and the impacts of an accident is
given in [ETV0T].

For our experiments we consider the travel time and the population affected by a potential
accident. We assume a nominal travel time on each road and a potential delay resulting
from congestion or incidents like accidents or road construction works on some of the
roads. We further assume a nominal population level, which can be increased locally by
events like fairs or sport events, or due to regular shifts in population during the workday.
Our problem instance for hazardous material transportation is based on the instance used
in [KRSS16] to test an algorithm for bi-objective shortest path problems with only one
uncertain objective. The underlying network is a sector of the Chicago region road net-
work available at [BGKLS]| (Chicago-regional). The sector contains 1301 nodes and 4091
edges.

To obtain plausible travel times in [KRSS16] a traffic assignment problem is solved with
an iterative algorithm. It models the simultaneous movement of network users, assuming
travelers follow their shortest paths. Congestion effects are taken into account by a non-
linear relationship between the flow on an edge and the travel time. Until an equilibrium
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Figure 2: Section of the Chicago regional road network with distribution of population from
[KRSS16]. The red dots show start and end node chosen for our experiments and two exem-
plary robust efficient paths are marked in blue.

solution is found, each iteration of the algorithm produces a flow and resulting travel
times on the edges. To obtain the lower (upper) limit of the travel time interval for each
edge we choose the smallest and largest travel times obtained during several stages of the
iterative equilibrium algorithm.

For the population we use the distribution of the population described in [KRSS16] as
nominal values (lower interval limits). We randomly assign integer interval lengths (. 2)
up to % of the respective nominal value. By varying = we obtain several test instances.
We call x the population uncertainty.

We choose an appropriate start and end node with an agglomeration of population be-
tween them. Figure [2| shows two exemplary robust efficient paths for the instance with
2z =10 and T' = (5,5). One of the paths goes directly through the area with high popu-
lation, here the time objective function has a small value, whereas the number of people
exposed to the risk of health damage in case of an accident is relatively high. The other
path avoids highly populated areas, which results in a longer travel time.

3.2 Results

The algorithms are implemented in C++, compiled under Debian 8.6 with g++ 4.9.2
compiler, and run on a Laptop with 2.10 GHz quad core processor and 7.71 GB of RAM.
If not stated otherwise, we use an implementation of DSA that contains all enhancements
described in Section [2.1] and uses the special version DSA-oi for instances with objective
independent element order (see Section @ . For solving the subproblems we use an
implementation of the Algorithm of Martins [Mar84] (with the difference that the labels
are selected w.r.t. their aggregate cost instead of using the lexicographic order). There
and in the implementation of LSA, we additionally delete new labels at any node if they
are dominated by an existing label at t.

In the figures, one data point represents one measurement, except for Section [3.2.3] where
we took the average running time of 40 runs.

To compare the performance of our solution approaches, we solve the bi-objective haz-
ardous material transportation instance described above for different values of population
uncertainty « and T (to keep the number of parameters low, we always choose the same
value for I'; and I'y and we will refer to this value as I'; in the following). In addition, we
compare the performance of the algorithms on an instance with three objectives and on
an instance with two correlated objective functions. We further evaluate the improvement
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z on two different scales.

gained by our enhancement of DSA (solution checking). Finally, we generate an instance
with objective independent element order and compare the running time of DSA-oi for
such instances to the general DSA.

3.2.1 Comparison of the two solution approaches for the hazardous
material transportation instance

Figure [3] shows the running time of DSA and LSA for several values of I'; and . The
running time of LSA increases with I';, whereas the running time of DSA decreases (see
also Figure @ The reason is that for increasing I';, the number of objectives in the
deterministic multi-objective problem solved during LSA increases as well, whereas the
maximal number of subproblems solved during DSA decreases. For small values of T';
LSA solves the given instances faster, for higher values DSA has a better performance.
If we choose a higher value for x, which results in a greater maximal and mean deviation
from the nominal value and a higher number of different values of d. 2, the running time
of both algorithms increases. In the case of DSA, the increase of the running time can be
explained by the higher number of different values of d. o, which leads to a higher number
of subproblems.

3.2.2 Three objectives

Since we are also interested in the performance of the algorithms for problems with more
than two objectives, we generate an artificial third objective using, again, the nominal
population. We generate random interval lengths in the same range as the other popu-
lation objective, i.e., the value of population uncertainty in general is the same for both
population objectives, but the specific interval lengths of each edge may differ. Figure [4]
shows the running times on this instance in comparison to the instance with two objectives
described above.
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Figure 4: Running time of DSA and LSA for an instance with three objectives and an instance
with two objectives.

The running time of both algorithms increases by including the additional objective.
The relative difference between the running time of the instance with two objectives and
the instance with three objectives increases with T'; for LSA, whereas it decreases for
DSA.

3.2.3 Correlated objective functions

We additionally generate an instance with two strongly correlated objective functions:
We use the travel time as one objective and generate a second travel time objective by
multiplying the nominal times and the interval lengths each by a random factor between
0.9 and 1.1.

Both algorithms benefit a lot from the correlation, all running times are now less than
four seconds, as shown in Figure [} In comparison, LSA benefits more from correlated
objective function values: The values of T';, for which it is still faster than DSA, are much
higher on this instance than on the original hazardous material transportation instance
considered in Section For small values of T'; it is much faster than DSA.

3.2.4 Evaluation of the improvement obtained by solution checking

To evaluate the obtained improvement by using solution checking in DSA, we use Algo-
rithm [§ as Step [3] of Algorithm [f] We compare the running time of the version containing
solution checking to the running time of the version without this enhancement, and, ad-
ditionally, count the solved subproblems (Figure @ Where fewer subproblems have been
solved because of the enhancement, the running times differ significantly, for all other
instances they are nearly equal. Hence, the check itself does not slow down the algorithm
significantly in comparison to the acceleration that we obtain when subproblems can be
skipped. We conclude that it is worth using the enhancement, but as I'; increases solution
checking becomes less effective.
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Figure 5: Running time of DSA and LSA for an instance with two strongly correlated objective
functions.

Note that, since Lemma allows to exclude even more subproblems than excluded in
Algorithm [8] further speed-ups may be achieved by implementing a more sophisticated
solution checking. However, already when using Algorithm [§ the benefit of solution
checking is clearly visible.

3.2.5 Evaluation of DSA for instances with objective independent el-
ement order

To compare the performance of the objective independent DSA (DSA-oi) from Section
2:1:2]to the general algorithm, we generate an instance with objective independent element
order: Instead of generating interval lengths for the population objective we use the
interval lengths of the travel time objective. Figure [7] shows that DSA-oi has a much
better performance than the general algorithm. The test, whether the instance is objective
independent, only takes a small fraction of the running time (for our instances 1.4 - 1075
seconds). Therefore, it is reasonable to check each instance for objective independent
element order before solving it with DSA.

4 Conclusion

In this paper we have developed two approaches to find minmax robust solutions for multi-
objective combinatorial optimization problems with cardinality-constrained uncertainty.
We have extended an algorithm from [BS03] (DSA) to multi-objective optimization, have
suggested an enhancement and developed a special version for instances with objective
independent element order. We have also introduced a second approach and used it to
develop a label setting algorithm (LSA) for the multi-objective uncertain shortest path
problem.

We have tested our algorithms on several instances of the multi-objective uncertain short-
est path problem arising from hazardous material transportation. On most of the tested
instances DSA has a better performance, but LSA is faster for small values of T';. If
the two objective functions are strongly correlated, which appears often in shortest path
problems, where, e.g., the distance, travel time and fuel consumption are correlated, LSA
is competitive even for higher values of I';.
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When implementing DSA we recommend to use the proposed enhancements and to check
whether the special version for instances with (partly) objective independent element or-
der can be used. The checks do not take long in comparison to the total running time,
and if their result is positive, the algorithm can be accelerated significantly.

For further investigations other variants of multi-objective cardinality-constrained uncer-
tainty are of interest. A second way to extend the single-objective concept is to require
the edges whose costs differ from their minimal values to be the same for all objectives.
In this case the uncertainties in the objectives are no longer independent of each other
and using point-based or set-based minmax robust efficiency leads to different solution
sets. An interesting variation of cardinality-constrained uncertainty is not to consider a
bound on the cardinality, but on the sum of the deviation from their minimal values.
Further research on robust multi-objective optimization includes other types of uncer-
tainty, e.g., discrete scenario sets or polyhedral or ellipsoidal uncertainty. Also the case of
decision uncertainty, in which the solution found can not be realized exactly, is of interest,
see [EKS1E] for first results.

The algorithms for the multi-objective cardinality-constrained uncertain shortest path
problem presented in this paper can easily be extended to the multi-objective single-
source shortest path problem, where a complete set of efficient paths from a start node s
to all other nodes has to be found. Since, in the deterministic case, there exist algorithms
(e.g. the algorithm of Martins [Mar84]) for which it can be shown that the running time
is polynomial in the output size, it would be interesting to investigate whether this is the
case for the uncertain problem, too.
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