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Uncertainty reduction in robust optimization

Ayse Nur Arslan

and Michael Poss

Abstract

Uncertainty reduction has recently been introduced in the robust optimization literature as a relevant special case of decision-
dependent uncertainty. Herein, we first show that when the uncertainty reduction is constrained, the resulting optimization problem
is NP-hard. We further show that relaxing these constraints leads to solving a linear number of deterministic problems in certain
special cases. We provide insights into possible MILP reformulations and illustrate the practical relevance of our theoretical results

on the shortest path instances from the literature.
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1. Introduction

In this paper, we are interested in robust optimization prob-
lems of the form:

min f'y (Static-Robust)
yeY
st. H)y<g Vée =

where the set Y € R” defines the deterministic structure of solu-
tions y and may incorporate integrality restrictions, Z C R? is a
polytope, H(¢) for ¢ € B, f and g are real matrices and real vec-
tors of conforming dimensions, respectively. We assume that,
all uncertain parameters are affine functions of & € E. Using
well-known reformulation techniques encom-
passes the cases where f and g may depend on &.

(Static-Robust) is typically well-solved by using classical
reformulation techniques based on linear programming dual-
ity [2]. However, it does not model applications in which it is
possible for the decision maker to take some proactive actions
to reduce uncertainty. As such, Nohadani and Sharma [12]
introduce decision-dependent polyhedral uncertainty sets that
model uncertainty reduction, defined as follows:

E) ={6eRl | Dé<dé<v+wole—n}, (1)

where v,w > 0, x € X C {0, 1}9 is a binary vector, and e is the
vector of all ones.

In (T)), x is a decision variable that controls the upper bounds
of uncertain parameters. When x; = 0, the uncertain variable
&; can be as large as v; + w;, whereas when x; = 1 its value re-
duces to v;. We write the decision-dependent robust uncertainty
reduction problem as:

min cx+fTy (UR-Robust)

x€XC{0,1}4,yeY

st. Ax+H@Ey<g VE € Z(x).

We also dedicate a particular interest to the min-max variant of
the above robust problem with binary optimization variables y,

Preprint submitted to Operations Research Letters

namely

min max ¢' x+ (f +&)"y.

(UR-Min-Max)
XeXC(0,1)9,yeYC(0, 1) £€E(x)

The first mention of decision-dependent uncertainty sets in
the robust optimization literature dates back to [16] where the
authors use its expressive power to better model the applica-
tion at hand, specifically, a software partitioning problem in-
volving multiple instantiations. The notion has also been used
by [13l[14], who show how the use of decision-dependent bud-
gets can reduce the conservatism of the so-called budgeted un-
certainty set [4], sometimes at no extra computational cost. In
yet another context, [7] rely on decision-dependent uncertainty
sets to model K-adaptable policies, wherein variables x allow
to partition set Z optimally. The authors of [12]] introduce the
uncertainty reduction model (UR-Robust), for which they pro-
pose different formulations as well as detailed numerical ex-
periments that illustrate the possible impact of uncertainty re-
duction. Their paper additionally considers MILP reformula-
tions and a hardness proof for robust optimization problems
with a more general decision-dependent uncertainty set struc-
ture. More recently, [17] has extended the scope of decision-
dependent uncertainty sets to two-stage robust optimization
problems, proposing different decomposition algorithms.

Our main result, presented in Section (3] shows that, when

X = {0, 1}4, solving (UR-Min-Max]) amounts to solve n + 1

deterministic optimization problems

min  f'y,

(Combinatorial)
yexcio, 1)

in line with the seminal result of [3], and, in particu-
lar, that is polynomially solvable whenever
is for any vector f € R?. We complement that
positive result by showing in Section [2] that re-
mains NP-hard when a general set X C {0, 1}¢ is considered.
In Sectiond] we consider the more general model
for which we propose a new reformulation in the case where
D > 0, which does not involve big-M coefficients whenever y is
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binary. Finally, we numerically illustrate our theoretical result
in Section [5] on the shortest path instances described by [12]
and compare it to the reformulations proposed therein. We also
show that the linear programming relaxations of all formula-
tions coincide for these specific instances. We close with some
conclusions in Section[6l

2. Hardness
Theorem 1. The optimization problem

. . ;
min maxc x+(f + 2
x€XC{0,1}9,yeY £e=(x) f+6y 2)

is NP-hard even when Y C {0, 1}", is polyno-
mially solvable, and D = 0.

Proof. We construct a reduction from the Budgeted Minimum
Cost Flow Problem with Unit Upgrading Cost, denoted BM-
CFP, studied in [3)]. Let G = (V, A) be a digraph, b, € Z be the
demand or supply at each node v € V, ¢, and ¢, be upper and
lower costs for each arc a € A and u, be the capacity of each arc
a € A. Finally, let K be a budget parameter. A solution to the
BMCEFP is a flow z € Z¥ in G, which satisfies the flow conser-
vation and capacity constraints, together with a set of arcs A* of
cardinality less than K. The cost of (z,A*) is given by

cost(z, A™) = Z C, %+ Z CuZa-

acA* acA\A*

The objective of BMCEFP is to find a solution of minimum cost.
It is proved in Theorem 2 of [5] that the problem is NP-hard,
even when

by < |Al + V] 3

forveV.

Our reduction works as follows. Consider first that ¥ C
ZM! is the feasibility set of the aforementioned flow vectors
2 X = {xe{0. | o<k} f=cc=0Ex =
{eeRY | £<@-c)o(e-x)]. Given a solution (z,A) to
BMCEFP, we construct a solution (x,y) to () by setting y = z
and x, = 1 iff a € A*. Thus, we obtain that

max ¢’ x+(f+&) Ty = Z CZa+ Z CuZa = cost(z, A®).

§eE) acA* acA\A*

We can similarly construct a solution (z, A*) from any feasible
solution (x,y) to (2)), thereby providing the reduction.

To obtain the result whenever Y C {0, 1}", it suffices to de-
compose the integer flow in terms of binary variables. Thanks
to condition (3)), the resulting problem still contains polynomi-
ally many variables. O

3. Binary decision variables

In this section, we focus on (UR-Min-Max)) and show that if

X = {0, 1}9 then the problem is polynomially solvable whenever

is polynomially solvable for any vector f. We

remark that in contrast to the complexity proof of Section [2]

the problem we consider here does not have any constraints on
vector x that represents uncertainty reduction.

We assume, for ease of exposition, that, v; = 0 for j € [n],
i.e., the deviation w; can be completely reduced by setting vari-
able x; = 1 and that the uncertainty set has a single constraint
expressed in the form of a knapsack constraint with D a row
vector and d a scalar. The results of this section can be extended
to sets with multiple knapsack constraints as long as their num-
ber is constant in problem parameters [15]. They can simi-
larly be extended to uncertain robust constraints [1] although
the complexity of the resulting algorithms will be exponential
in the number of constraints affected by uncertainty.

We start by reformulating the inner maximization problem
using liner programming duality to obtain:

1 T T . — . . - 1
Loymin Tt fTy 4o+ Z wi(l—xp)m;  (UR-Min)
020,70 Jeln]
st. Djf+mi>y; Vje€[n]

Theorem 2. An optimal solution of (UR-Min)) can be obtained
by solving at most n+ 1 deterministic problems of the same form

as (Combinatoriall).

Proof. Starting from (UR-Min), let 6 > 0 be fixed. Then, the
expression of x; simplifies to [y; — D;6]*. We next plug this
expression into the objective function of (UR-Min) to obtain:

: T T +

omin et fTy+dif+ D wil=xply; - Diol" (4)
620 J€ln]

which can be solved by searching over possible values of 6.

Further, since y; is binary, it can be taken out of [-]*, giving rise

to

min ¢ 'x+fy+d# (5)

xe{0,1}9,yeYc{o, 1),
620

+ Z wil = x) ([1 = D61 y; + [-D;61"(1 - y))).

J€ln]

We remark that for fixed x and y, because w; > 0 for j € [n], the
objective function of the above problem is a sum of piecewise
affine convex functions of 6 and is therefore piecewise affine
convex in 6. Its minimum can be obtained as one of the break-
points of the piecewise affine functions which are obtained ei-
therat§ = 0 when D; < Ooratf = Dlj when D; > 0. As such,
(UR-Min)) can be solved as a series of problems each time with
a fixed value of 6. Since there are at most |{j | D; > 0}|+1 differ-
ent values of 6, at most n + 1 such problems need to be solved.
Consider now one of these problems with 6 fixed, where we
make the notational distinction of using @ for fixed values:

T T —
min Cc X+ + dg 6
xe{0,1}4,yeYc{0, 1} 'y i ©)

+ ) wil=x) (11 = Dy, + [=D;81(1 - yy)).

Jeln]

We remark that this problem is bilinear due to the presence of
terms (1 — x;)y;. We next show that for a fixed vector y, the



optimal solution over the vector x can be calculated in closed
form.

To this end, we write the problem at hand a little differently
in order to better reveal its combinatorial structure:

dié + Z Wj[—Djé]+ @)
Jjeln]
+ min 3 (fi+will = DA = wi[-D;Al")y;

e¥c(0,1)n | 4
Y Jeln]

. T o1+ o1+
+ Inin ¢ x_jez[,;]ijj([l_Dje] y;j+[=D;0] (1—)’j))

Assume, now, that the vector y is fixed. Then the optimiza-
tion problem over the vector x decomposes over its elements,
the problem over x; reading

Rt [ej=w; (11 = D1y + [=D;a1 (L= yp)] 5. (®)

When y; = 1,

problem as [cj —wj[l - Djé]"]_, otherwise we obtain it as

we obtain the optimal value of this

[c i —w;[-D jé]*]_. As such, its optimal value can be written
linearly in y as

= [Cj - Wj[l —Djé]+]_yj + [Cj _Wj[_Djé]+]_ (1 _yj)- (9)

Now integrating into the outer optimization problem over y, we
obtain:

dié + Z Wj[—Djé]+ + [Cj - Wj[_Djé]+]_ (10)
J€ln]
+ min Z (f; +w,l1 = D8 —w,[-D,8)"

YC{0,1} 4
=

+ [Cj - Wj[l - Djé]+]7 - [Cj - Wj[—Djé]+]7)yj.

This problem is in the same form as (Combinatoriall) which

completes the proof.
O

Theorem 2]extends to the general case where v > 0 expressed
by (I). To do so, it suffices to introduce the uncertain parame-
ters §jl. and ff for &;, j € [q] to obtain:

Eliﬂed(x):{(f:(f],fz)ERiq | Dé-‘sd,é:l SV,§2SWO(E—X)}.

The preceding developments then can be repeated in the same
manner, the only difference being the addition of the term v;[1 -
D;01* — v;[-D;0]" to the coeflicient of each variable y;.

Remark 1. The dependency of the uncertainty set in the de-
cision variables is here motivated by uncertainty reduction.
However, other works have suggested to let, additionally, the
right-hand-side vector d depend on y, for instance motivated
by the probabilistic guarantees of the budgeted uncertainty
set [4, 13, I4)]. In particular, combining Theorem 3 from [14]
with Theorem 2] still leads to solving n + 1 deterministic prob-

lems of the form whenever d depends affinely

ony.

4. Reformulations

In this section, we focus on reformulations of (UR-Robust)
in the case where D > 0. We consider a single robust constraint
written as:

al x+hi(&"y < g VE € E(x), an

where a; and h;(€) for & € Z are the i row of matrices A and
H(¢) for € € E, respectively. Since A;(€) is an affine function of
£, we can express it as h;(&) = h; + H;& where h; and H; are of
conforming dimensions.

Constraint (I1) is a semi-infinite constraint that is com-
monly treated in robust optimization using classical reformu-
lation techniques based on linear programming duality. To do
s0, we write it equivalently as:

max & Ay < g —a] x—h]y (12)
£eB(x)
integrating the definition of £;(£) and gathering the constant
terms (in &) on the right-hand-side of the constraint. Then, us-
ing classical linear programming duality arguments, we obtain
the deterministic equivalent expression of constraint (TI) as the
system of constraints:

ocld+n"(v+wo(e-x)<g—a x—hly (13)
D'oc+rn>Hy (14)
m,o0 >0, (15)

where o and & are dual variables corresponding, respectively, to
constraints D€ < d and &€ < v +w o (e — x). Although determin-
istic, this reformulation is nonlinear due to the presence of the
term 7" (v+wo(e—x)) which involves the multiplication between
variables 7 and x. Since variables x are assumed to be binary
these terms can be linearized using the big-M technique where
the big-M should be tailored based on upper bounds of dual
variables . The linear relaxation of such a formulation can be
quite weak. Nevertheless, Nohadani et al. [12] proposed such
a formulation for the general case of decision-dependent uncer-
tainty sets where they additionally discussed conditions under
which the upper bound constraints can be removed (which they
call the modified big-M formulation).

The authors additionally proposed a formulation for
(UR-Robusi), which they called the IT formulation, where the
decision-dependence of () can be transferred to the constraints
of the problem through a big-M coefficient. Their result was
stated in the case where H; = I for i € [m]. We generalize it
here to any H; € RY.

Proposition 1. We have that

max ¢ Hy = max y"Hi' + (Hy - Tx) & (16)
EEE(X) Elil‘tcd(o)

where I1 = diag(n™) with 7" a vector of component-wise
upper bounds on dual variables m in (13)-(13).

In (T6), IT acts as a big-M coefficient so that when x; = 1 the
corresponding uncertain parameter ‘f]z is equal to zero at opti-
mality. Nohadani et al. [12] prove that when H; = I for i € [m]
and D,y > 0 this upper bound can be estimated using the upper
bounds on variables y. We next generalize this result:



Proposition 2. When D > 0 and Hy > 0 fory € Y, 7™ for
J € [q] can be set to:
max (H'y)'e;. (17)
yeyYy

The proofs of Proposition [T] and 2] generalize directly from
those of Nohadani et al. [12]. Proposition |I|provides a way to
obtain a linear formulation for (UR-Robust), and Proposition 2]
provides a way to estimate the big-M coefficients necessary for
this formulation. However, the condition I-_IiT y>0foryeVY
may be too restrictive and difficult to verify. Further, in order
to calculate these coefficients one might need to solve n, poten-
tially difficult, optimization problems.

We next propose an alternative formulation that allows us to
better capitalize on the knowledge of the primal formulation. To
this end, we remark that in Zfd(x) each uncertain parameter
g‘f? is bounded by w; > 0 when x; = 0, and by 0 when x; = 1.
Since 512 is also lower-bounded by 0, this implies that .f]z =0
when x; = 1, i.e., the effect of 5}2. is completely eliminated from
the constraints. The following result closely follows from this
observation.

Theorem 3. If D > 0, constraint (1)) can be equivalently ex-
pressed as:

a x+hi(E +e-x)0&)Ty<g Ve, e =) (18)

Proof. The proof consists in showing that (I8)) has at least one
worst case realization &', &2 such that g—‘j. = 0 whenever x; = 1
for j € [n]. To this end, consider the optimization problem

max (€' +(e—x) 0 &)y (19)
£1.6220

st. DE' +&)<d (20)

&<y Q1)

E<w (22)

and let (¢!, &%) be an optimal solution such that there exists k €
[n] with é‘,% = € > 0 and x; = 1. Construct now the solution
(', &%) such t_hatg1 =¢.& = & for j € [n]\{k} and & = &l ~e.
Clearly, 0 < E' <vand 0 < & < w. Further,

DE" +&)=DE" + & —€er) <d—e€Dey < d

where the last inequality holds since we assume that D > 0.
The feasible solution (€', £%) has additionally the same objec-
tive value as the solution (¢!, £?) since the objective coefficient
of variable f,f is equal to zero when x; = 1 which concludes the
proof. O

We remark that the condition D > 0 is necessary for Theo-
rem|3|to hold since otherwise the value of 512. can be increased in
order to increase the value of another uncertain parameter even
when x; = 1.

In order to proceed with the derivation of our reformulation,
we first write constraints (I8 equivalently as:

hE' +e-x)o0&)Ty<gi—alx,  (23)

max
fl ,5265““5‘1(0)

and replace h;(¢' + (e — x) 0 £%) by its affine expression to obtain:

max € +e-x) o0& H y<gi—alx—hly. (24)

.’f] sfz exlifted 0)

Then, using linear programming duality, we obtain the system
of inequalities:

nd+q wH+rv<gi—a x—hly (25)
D'n+q>Hy (26)
D'n+r>H'y—H(yox) 27
m,q,r >0, (28)

which can then be linearized using the big-M technique in order
to eliminate the bilinear terms y o x where the big-M should be
tailored based on lower and upper bounds of variables y which
can be deduced from the knowledge of the problem. This for-
mulation is advantageous compared to the previous one espe-
cially when y are binary in which case the big-M coefficient
can be setto 1.

Example 1. Consider the “box” uncertainty set E(x) =
{§ eER? | £<e—- x}for the robust problem

z= min max y'HE, (29)

xeX,yeY £€E(x)
with yTH > 0 for y € Y. On the one hand, the alter-
native approach proposed in Theorem [3] reformulates 29) as
minyeyx yey ¥ H(e — x), so the linear programming relaxation of
its linearization is

new

= i Ho(v:—n:
*LR xerel(g},l;érel(Y) . Z ]k(y] r]]k)
Jj€lnlkelql
s.t. ik < Xk Vj e [n],Vk € [q]
Nk <Y Vje[n],Vk € [q]
n=>0,

where rel(P) denotes the linear programming relaxation of for-
mulation P. On the other hand, the linear programming relax-
ation obtained through Proposition|[I]is

1 (I:ITy _ gmax X)T(f.

R = min max
xerel(X),yerel(Y) £€E(0)

We show next an example in which z?R =0< 7% =z Con-
sider X = {xERf{ | e'x= 1}, Y = {yER’}r | ely=n- 1},
H\ = M for each k € [q), where M is large enough, and
Hy = 1foreach j > 1 and k € [q). We first remark that the
definitions of Y and H imply that an optimal solution to both
relaxations satisfy yi = 0 and y, = 1 for k > 1. Therefore,
nik = 0 for each k € [q] and nj = min(x;,y;) = xi for each
j > landk € [q], so the problem simplifies to

new __ . _ _ _ _ 3 B
2R _xernrellg()jz (I-x) = Z 1 Zl—(n D(g-1),

#1,ke[q] Jj#Lkelq] Jj#1

where the second equality holds since e" x = 1. This value is
also matched by the the integral optimal solution of the prob-
lem. On the other hand, maxyey(l-_ITy)Tek > M for each k,
so Proposition|2|implies that m** > M for each k and ZIL_IR =0
since (H™y—n™# o x) can be rendered negative by setting x; = Ll]
for k € [q] for M sufficiently large.



5. Numerical experiments

In this section, we illustrate the numerical relevance of our
complexity result presented in Theorem [2]on the robust shortest
path problem. This problem was also studied by [12] in its
form:

: T 5.1 NT
min max ¢ x+(d+ =fod)'y
xeXC{0, 1)1l yeY £€E5P(x) 2
where set X expresses the constraints imposed on variables x

and set Y contains the flow constraints describing the shortest
path problem, and Z5F(x) is given as:

B =JeeRY | Y & <Tg <1 -yym; VG, j)EA

(i,))eA

In the following, we assume, without loss of generality, that
d > 0 since otherwise the corresponding components of £ are
always equal to 0 in the inner maximization problem.

Following [[12]], we concentrate on the variant where X =
{0, 1}, Nohadani and Sharma [12] proposed three different
formulations for this problem. Among those, IT and modified
big-M formulations are the most numerically promising based
on their results. We repeat these formulations here for com-
pleteness:

min  c'x+d'y+Ip+ Z (I =yipgij +vijri; (D)

xeX,yeY, fae
p.q.r=0 (i.j)eA
S.t. pP+qij2 i Y(i,j)eA
d (Vi — X
pry > 2080 Vi j) € A,

- 2
and

min  c'x+d'y+Ip+ Z (I = yiqij + rij

e (i-eA
pig.r2 ’
(mod. big-M)
Jivss
s.t. p+gqij2 i V@i, j) €A
T
rij 2 Yijqij — % 2” Y Y(i, j) € A.

In the above formulations, big-M and 7;; are omitted as their

values have already been set to 7; jdﬂ

5 and 1, respectively. We
also corrected small typos from Table 3 of [12]. For the same
problem, the formulation we proposed is Sectiondis given as:

min ¢ x+d y+Tp+ Z (= yi)qij +yijrij  (new)

xeX,yeY,

Psq.r,v=0 (i.))eA
v
st pqy> 22 V@i, j) e A
d (Vi — vis
pry> i = vij) ’2 i) V@, j) € A
Vij < Xij Vi, j)e A
vij < vij V@, j) € A,

from which we have removed the redundant constraints v;; >
Xij + Yij — 1 for (i, j) € A.

Remark 2. Let zﬁ, M, and 7"V denote the optimal values

of the linear programming relaxations of (M), (mod. big-M),
and (new), respectively. It holds that 7' = M = 7%,

Proof. Let us replace r;; by y;;r;; in (mod. big-M). Renaming

J

ri; as rij, the second set of constraints becomes
diixii
jXij ..
Tij 2 qij — 5 Y(i, j) €A,

and the objective coefficient of 7;; is now v;; so the objective
functions of all formulations coincide. Next, because of the
positive cost coefficients of ¢ and r, we can substitute these
variables in by

_ d: Vi + _ d: (yii = Xi7) +

mo_ | %ijYij i _ |4V~ Xij

and we obtain similarly for that

divi; + d;vij N A
M _ | 4ijij M _ || %ijij ijXij
i = [T - p] and ri; = H > -p| - 5 .

diixi; . .
Now, % > 0 implies that

- - + - -
dijyij —p " _ d;jxij _ dijyij - dijxij ’
2 2 2 2 ’

so the set of optimal solutions coincide for the linear program-
ming relaxations of both formulations.

To prove the equivalence with the last formulation, we ob-
serve first that in any optimal solution to (new)), we have v;; =
min(x;;,y;;). Next we remark that if min(x;;,y;;) = y;; the con-
straint p + r;; > M becomes redundant in (new), as does
the constraint p + r;; > 247 iy () since y;; - x;; < 0. Oth-
erwise, if min(x;;,y;;) = x;; the two constraints are equivalent.
We therefore conclude that the set of optimal solutions for the
linear relaxations of both formulations coincide, proving the re-

sult.
O

Following Remark 2] we disregard formulation of
our numerical experiments as it is significantly larger than
the other two. We implemented the MILP formulations
and in JuMP [10Q], using the commercial solver
CPLEX 20.1 as well as the open source solver HiGHs [8]. Our
implementation of Theorem [2] benefited from Graphs.jl [6] as
well as RobustShortestPath.jl [9]. The experiments are run us-
ing a single thread on a Intel Xeon E312xx (Sandy Bridge).

Instances were randomly generated following the procedure
described in [12]. To do so, we created n points in the 100x 100
square and connected them to create a complete graph. We then
used euclidean distances for d and kept only the 40% shortest
edges of the resulting complete graph in order to obtain the fi-
nal graph. We set y;; = 0.2 and ¢;; = 1 for each (i, j) € A,
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Figure 1: Geometric averages of the solution times obtained using Theorem ]

divided by those of formulationsand (.

and I' = 2. For each n € {25,50,...,300}, we generated 10
instances. While CPLEX could sove all instances within a little
less than 2 hours, that was not the case for HIGHS for which
some instances with n = 150 required between 2 and 3 hours of
solution time, so we limited its results to n € {25, 50, ..., 150}.

We report in Figure[I|the geometric averages of the ratios be-
tween the solution times of Theorem [2]divided by those of for-
mulations and (T). The results illustrate that the
numerical efficiency of the two MILP formulations are com-
parable, both being between 3 and nearly 200 times slower
than the polynomial algorithms obtained from Theorem 2] de-
pending mostly on the performance of the MIP solver. The re-
sults thus offer an interesting practical takeaway on the bene-
fit of using Theorem [2] depending on the available solver. On
the one hand, if one is unable to use high performance com-
mercial solvers such as CPLEX and Gurobi, then the poly-
nomial approach from Theorem [2| is more than 2 orders of
magnitude faster than the reformulation approaches, with a
slightly increasing tendency as the number of nodes rises. On
the other hand, the advantage of Theorem [2] is less important
against a high performance solver such as CPLEX. Interest-
ingly, the speed-up versus CPLEX was much more marked
in [14], for which the MILP reformulations were orders of
magnitude slower than the polynomial-time algorithms (see Re-
mark [T).

6. Conclusions

In this paper, we consider robust optimization problems with
uncertainty reduction where the upper bounds on the uncertain
parameters are adjusted by the binary decision variables con-
trolled by the decision-maker. We particularly focus on the

min-max version of this problem where the decisions are de-
scribed by combinatorial sets. For these problems, we first
show that they are NP-hard in the general case, specializing an
earlier result by [12]]. We further show that they can be solved
as a series of deterministic problems, and in particular, have the
same complexity as the ground combinatorial problem, when-
ever the uncertainty reduction decisions are not constrained. We
finally demonstrate the numerical interest of this result on the
robust shortest path problem with uncertainty reduction which
was first considered by [[12]]. Our results indicate that depend-
ing on the performance of the MIP solver the approach we pro-
pose can be significantly more efficient than reformulation ap-
proaches proposed by [[12]. We further remark that the shortest
path problem is well-suited for reformulation approaches given
the rather small formulations available for the problem. Results
could be different for problems less suited to MILP formula-
tions, such as the minimum spanning tree for which formula-
tions are typically much larger [11]]. Our algorithmic approach
could be expected to perform even more favorably in that con-
text. We also propose an alternative MILP formulation for the
problems under consideration in the case where D > 0. We
show that these formulations provide a significantly stronger
linear relaxation compared to the formulations proposed in the
literature in certain cases although for the shortest path problem
considered in our numerical study all formulations are shown to
have the same relaxation value.
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