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Introduction

1.1. Motivation

In this thesis, we discuss distribution-free perspectives on stochastic models for queues, inven-
tory and finance. Traditionally, stochastic models rely on the assumption that the probability
distributions of the driving random variables, such as service times, demand and stock prices,
are fully known. In contrast, a distribution-free perspective assumes only partial knowledge
of these distributions, for example only the mean and variance are known. Distributionally
robust analysis seeks to determine the worst-case model performance by optimizing over the
set of probability distributions that satisfy this partial information. For the stochastic models
in this thesis, identifying this worst-case probability distribution requires solving semi-infinite
optimization problems using duality theory.

We will first present a brief overview of related literature strands, in order to position this
thesis. In Section 1.2, some concrete examples of the duality techniques are presented, which
are closely connected with the theory of generalized moment problems. We will then discuss
in Section 1.3 specific methodological challenges for stochastic models with multiple indepen-
dent and identically distributed (i.i.d.) random variables. We will conclude this introduction in
Section 1.4 with an outline of the chapters in this thesis.
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1.1.1. Related literature

This thesis connects three common themes in the applied probability and optimization liter-
ature: Generalized moment problems, minimax stochastic programming, or distributionally
robust optimization (DRO), and extremal queueing models.

Generalized moment problems. The study of moment problems dates back to the late 19th
century and has attracted the attention of prominent probabilists of that era [43, 153, 205, 206].
In its most classical form, the problem of moments is essentially a feasibility problem that aims
to determine if there exists a probability distribution that satisfies the given distributional in-
formation. Chebyshev [43] formulated the problem of determining bounds for tail probabilities
in terms of only the mean and variance. A formal proof of the tight bound, now known as
Chebyshev’s inequality, was later provided by Markov [153]. In the 1950s and 1960s, there was
a renewed interest in this type of problem, which gave rise to the vast literature on Chebyshev
systems. We refer to the monograph of Karlin and Studden [128] for a comprehensive review.
We further highlight the concurrent advent of duality theory as a favored method for solving
these problems, as demonstrated in works such as [117, 128, 130]. Marshall and Olkin [154]
were the first to generalize Chebyshev’s inequality to the multivariate setting, and Mallows
[150] used structural properties to sharpen the traditional Chebyshev inequalities. In more re-
cent research, the connections between moment problems, nonnegativity of polynomials and
semidefinite programming have been exploited (see, e.g., [29, 139, 172, 173, 177]).

Minimax stochastic programming and DRO. A natural progression from generalized
moment problems is the application of this methodology to decision-making problems with
uncertain parameters. Minimax stochastic programming involves defining a set of probability
distributions to hedge against and then attempting to find the decision that provides the best
protection against worst-case outcomes. Such a minimax approach has its roots in the duality
theory for games, as introduced by Von Neumann. In his pioneering work, Scarf [191] was
arguably the first to bring the concept of minimax optimization into the area of operations
research. Scarf considered a single-item newsvendor problem where the demand distribution
is not precisely known, but only characterized by limited information. The set of admissible
distributions, also known as the ambiguity set, contained all distributions with specified mean
and variance. Scarf used duality techniques to find the worst-case distribution that maximizes
the total costs of the newsvendor, and then determined the order quantity such that these max-
imal total costs were minimized. Subsequently, generalized moment problems have been used
to solve such minimax optimization problems in a vast amount of literature (see, for instance,
(32, 34, 71, 197, 199, 232]). Another work that plays an important role in this thesis is the study
conducted by Ben-Tal and Hochman [19], who derived robust bounds for the expected value of
a convex function of random variables when in lieu of the variance, the mean absolute deviation
from the mean (MAD) is used as dispersion measure. In recent years, the minimax paradigm
regained traction in the operations research literature under the acronym DRO, or distribu-
tionally robust stochastic programming. The term DRO was first coined by [66], and has since
then become the standard terminology in the operations research community. Distribution-
ally robust optimization is advocated as the unifying paradigm between two distinct fields for
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decision-making under uncertainty: robust optimization and stochastic programming. Robust
optimization [17, 22] provides an effective way to deal with problems subject to parameter un-
certainty through uncertainty sets. Although encoding uncertainty through these uncertainty
sets often results in computationally tractable problems, the resulting solutions might turn out
to yield overly conservative outcomes. In contrast, stochastic programming captures parameter
uncertainty with full distributional information, but often yields intractable models [198]. Am-
biguity sets provide a powerful modeling tool for capturing distributional information about
uncertain parameters in terms of their support and descriptive statistics. A significant portion
of the literature on DRO is moment-based, with partial information given by means, moments,
and dispersion measures [66, 101, 178, 224]. As adequately described in [224], the tractability of
moment-based DRO problems relies on the intricate interplay between the objective function
and the structure of the ambiguity set. Other popular ambiguity sets are based on statistical-
distance measures, which restrict their members to be within a specific distance of a reference
distribution. Examples of these statistical-distance measures include ¢-divergences and the
Wasserstein distance (see, e.g., [15, 157]). In the present work, we focus mainly on moment-
based information. See [181] for overviews of many more DRO applications and techniques.

Extremal queue problem. Extremal stochastic models have been the subject of study
for a considerable period, dating back to the early works of Hoeftding [114], Hoeffding and
Shrikhande [115], Kingman [133]. At first, this body of literature primarily focused on simple
univariate problems or sums of random variables. However, extremal stochastic models also en-
compass problems that involve finding bounds for performance metrics of stochastic processes,
such as the waiting time in the GI/G/1 queue. One of the most renowned bounds in this context
is the one proposed by Kingman [132], which bounds the expected waiting time when one only
knows the means and variances of the service and interarrival times and is known to be tight
in heavy traffic. Nevertheless, an important unresolved problem in queueing theory is to find
the sharpest bound for the expected waiting time in the GI/G/1 queue with this mean-variance
information. In search for the tight upper bound, foundational work was done by [73, 187],
and by [222] in the context of the GI/M/1 queue. Whitt [222] considered the GI/M/1 queue
with given mean and variance of the interarrival time, and showed that the expected steady-
state waiting time is maximized when the interarrivals follow a specific two-point distribution.
Daley conjectured (see [24]) that the overall worst-case behavior, in terms of expected wait-
ing time, would be caused by two-point distributions for both the interarrival and the service
time. That conjecture was proved invalid by counterexamples in [222] when fixing either the
distribution of the interarrivals or the distribution of the services, but the conjecture remained
standing for the case when both are unspecified, except for their first two moments.

Positioning of the thesis. This thesis unifies these strands of research in the following man-
ner. We employ primarily the techniques presented in the generalized moment problem litera-
ture to derive new distribution-free bounds. These novel bounds will be valuable for analyzing
distributionally robust stochastic programs, as well as for the extremal analysis of queueing
models.
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1.2. The weak duality technique
We now introduce the duality framework by means of obtaining the sharpest possible upper
bound for the expectation Ep[g(X)] given limited information on the distribution P of the ran-
dom variable X. We model this through the generalized moment problem

Pe{l/qu%)((g) Ep[g(X)] st Ep[hj(X)]=gq;jforj=0,..,m, (1.1)
where P belongs to the set of nonnegative measures . (Q2) with support confined to Q, and
g, ho, ..., hy, are measurable, real-valued functions with hy = 1 and gy = 1. Hereafter, through-
out the entire manuscript, we define measurable functions as exclusively real-valued ones with
respect to the appropriate Borel algebra. The functions hy, ..., h,, describe the available distribu-
tional information, and the expectations of these moment functions, qo, ..., g, are assumed to
be known and finite. There are typically two common approaches to solving problem (1.1). For
the first approach, we need a concept that is analogous to basic solutions in standard linear pro-
gramming. The Richter-Rogosinski theorem (see, e.g., [186, Theorem 1] and [198, Lemma 3.1])
asserts the existence of an extremal distribution for (1.1) with at most m + 1 support points.
Leveraging this general theory, one can reduce the semi-infinite linear program (1.1) to a finite-
dimensional optimization problem. This method is widely used for addressing problems in the
uncertainty quantification literature, as discussed in [98, 170]. Nevertheless, the resulting opti-
mization problems may be nonconvex, making them potentially challenging to solve.

The second approach involves solving the Lagrangian dual of (1.1),

mial Z Ajq; st Z/ljhj(x) > g(x), vx e Q, (1.2)
m =

which can be used in lieu of the primal problem (1.1). It is worth emphasizing that in (1.2),
one optimizes over a set of dual functions characterized by the weighted sum of the moment
functions hy, ..., h,, whereas in (1.1), one optimizes over probability measures. However, this
approach can be somewhat strenuous, as we are still dealing with an infinite number of con-
straints. Therefore, we will take a different route.

We propose the notion of weak duality as a tool for solving generalized moment problems,
as discussed in, for example, [102, Chapter 2] and [191]. It turns out to be advantageous to
consider (1.1) directly in conjunction with its dual problem (1.2). By making an educated guess
for the dual solution, we can construct a corresponding primal solution. We can then use weak
duality to confirm the optimality of these candidate solutions.

We shall first demonstrate this versatile solution strategy for generalized moment problems
with generic objective functions. To illustrate the approach, we will use the probably most
well-known example from DRO. Then we will demonstrate that there exist combinations of
function classes and distributional information for which we can simplify the search for optimal
solutions even further. This ultimately leads to optimal distributions that depend exclusively
on the distributional information, irrespective of the functional form of g. We shall refer to this
property as the “insensitivity” property.
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1.2.1. Concerning particular solutions
In his seminal work, Scarf [191] solved the distributionally robust stochastic program

min max Ep[Clg, X)]. (13)
Here the ambiguity set %, is defined as the set of all distributions with given mean y and
variance o2, and C(g, x) denotes the total cost incurred by the newsvendor when ordering q
units to meet a demand of X. Scarf identified the worst-case distribution that yields the max-
imal costs for a given order quantity, and then determined the order quantity that minimized
the maximal total cost. Particularly pertinent to our interests is the inner maximization stage.
Scarf determined this “worst-case” through the use of weak duality, which involves solving the
problem

Ep[(X —g)* 1.4
pg%%if,) (X =)', (1.4)

where (x)* = max{x, 0}. Scarf essentially sought, given the order quantity decision, the demand
distribution that maximized the expected excess demand. This problem is tantamount to solving
the semi-infinite linear program (LP)

max /(x —q)" dP(x)

s.t. /dJP(x) =1, /x dP(x) = p, /x2 dP(x) = p* + 0%,

which has a finite number of moment constraints (three in this case), and an infinite number

(1.5)

of decision variables, modeled through the probability distribution P (an infinite-dimensional
object essentially). Just as for linear programming, a dual problem can be set up using standard
techniques. The dual problem of (1.5) is yet another semi-infinite LP, but this time with an
infinite number of constraints, and it can be written as

min ).0 + /11” + Az(ﬂz + 0'2)
Aodidy (1.6)
s.t M(x) 1= Ao+ Aix + Aox? > (x — @), v

It is not hard to see that problem (1.6) is weakly dual to (1.5), i.e., the optimal value of (1.6)
provides an upper bound for (1.5). This is easily shown as follows. Suppose that P is feasible
for the primal and (4o, A1, A;) is feasible for the dual. Then, by the constraints of (1.6),

/(x —q)"dP(x) < /M(x)dIP(x) = Ao + Ayt + A (p® + 0?),

so that (1.6) is weakly dual to (1.5). As such, for every feasible P and (Ao, A1, A2), (1.6) provides
an upper bound for the objective value of (1.5). Hence,

max /(x — )" dP(x) < An/lliri Ao + Ap + A(p% + 0%).
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Now, if one finds a feasible distribution P* and a feasible dual vector (45, A}, A5) such that
/(x — @) dP*(x) = Ay + AT p + A5 (1 + 0?),

then these solutions are optimal for the primal problem (1.5) and the dual problem (1.6); more-
over, strong duality holds. Strong duality can be established directly under mild conditions on
the moment vector q = (q, ... g) (see, for example, [117] and [177, Theorem 2.1]). However, we
will not simply assume this; rather, we will seek optimal primal-dual solutions to demonstrate
strong duality in a more constructive manner. To this end, recall the complementary slackness
property from linear programming. This result readily extends to semi-infinite LPs. That is, for
P* and (A, A}, A3) the optimal solutions to the primal and dual problems respectively,

/ (M* — g)dP*(x) = 0.

This semi-infinite programming variation of complementary slackness (see, e.g., [201, p. 813])
implies that a sufficient condition for a feasible primal-dual solution pair to be optimal is that
the extremal distribution is supported on the points where the optimal dual function M*(x)
coincides with g(x). It is thus sufficient to construct a feasible dual function M* and check its
optimality by constructing a feasible distribution with all of its probability mass on the points
where M*(x) = g(x).

Figure 1.1: Primal-dual solutions to Scarf’s distributionally robust stochastic program

These insights combined provide a constructive method for solving a semi-infinite LP, like
Scarf’s or in general. The solution of the dual problem not only gives an upper bound for
the primal problem (by weak duality), but also identifies a candidate worst-case distribution.
Indeed, in this way Scarf proved (1.5) is solved by A¢, A1, A, yielding a parabola M(x), as in
Figure 1.1, that touches (x — ¢)* at two points. Since M(x) is convex, it touches (x — ¢)* at the
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points x;, x, where M(x;) = 0, M(x;) = (x, — q), and

M
o
1-A4
245

Mx)=0 = A +2Lx; =0 = x =—

M) =1 = M +2hx,=1 = x, =

1-A
21,

Substituting x, = —* into M(x;) = (x; — q) and x; = _2% into M(x;) = 0 gives

(1 —4gA) 1

=~ —2gA,.
Ao 164, A 2 942

Inserting these values into the dual objective function leads us to consider

(1 - 4q/12)2 1 2 2
l’l}inT"f‘ E_ZCMZ ‘U+/12(,U +O').

Taking the derivative with respect to A, and setting it equal to zero, we find that

o1 (1.7)

NCET BT

Thus, the dual objective value equals

(1 —4q23)? 1 . . 1
T;Z 5 2qA5 | p+ As(u* + 0?) = 5(;1 —q+J(p—q)?+ 2.

Using the proposed support points

1 1
v=q- o =q-Ju-qP+0’ m=q+ o =q+(u-q’+0%

423 445
we return to the primal problem and solve
pr+pr=1, pixy+poxa =4,  pixi+ poxs =t + o’ (1.8)

Hence,

with primal objective value

/(x — @) dP(x) = (x, — q)ps = %(/1 —q+J(u—q? +0?).

Thus, we observe that the objective values of the primal and dual feasible solutions agree. By
weak duality, we conclude that this primal-dual solution pair is optimal for the semi-infinite LP
(1.5) and its dual problem (1.6). In the end, this yields the tight upper bound

max E[(X - )] = 2 (u—q+ JGu—gF +0?). (1.9)

Pe @()‘ﬂ)
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It is worth noting that the precise form of the objective function plays a crucial role in iden-
tifying the optimal solution to maxpeg,, ., E[(X — ¢)"]. So, even though a general method of
solution (i.e., weak duality) exists, determining the optimal solution vector (A3, A7, A3) typically
remains an ad hoc procedure. Thus, finding the optimal primal-dual solution pair can still be an
arduous task. However, as we will discuss next, specific conditions on the shape of the function
g can considerably simplify the search for the optimal solution.

1.2.2. Concerning insensitive solutions

As in the previous subsection, we strive to find the extremal distribution for X that gives the
worst-case expectation for the function g. However, here it is assumed that besides being mea-
surable and finite valued, g(-) is a convex function of X. To describe all considered distribu-
tions, we define an ambiguity set that consists of all distributions that comply with the limited
information available. The partial information consists of X having a known bounded support,
supp(X) C Q :=[a,b] with —e0 < a < b < 0, mean Ep[X] = g and MAD Ep[|X — p|] = d. This
defines the ambiguity set

Puay ={P : supp(X) C [a,b], Ep[X] = p, Ep[|X — pl] = d}. (1.10)

In what follows, X is a random variable whose distribution belongs to the set %, 4). The ex-
tremal distribution that solves the resulting moment problem is a three-point distribution with
support {a, y1, b} and respective probabilities [19]

__da ¢ __d __d
P =y P 2i—a) 26-p) P T20-p)

(1.11)

Observe that this extremal distribution does not in any way depend on the objective function g.
It is quite insightful to see why the moment problem (1.1), with a convex objective function and
MAD as the dispersion measure, returns such a simple worst-case distribution. Under mean-
MAD ambiguity of one random variable X, (1.1) specializes to the semi-infinite LP

n§§/guyw&)
¢ (1.12)
s.t. / dP(x) =1, /deP(x) =, /|x — p|dP(x) =d,
Q Q Q
to which the problem

min /10 + ALU + /12d
P (1.13)
s.t. U(x) := Ao+ lix + Aylx — p| = g(x), Vx € [a,]]

is weakly dual. The function U(x) has a “kink” at x = p. Since the majorant is piecewise linear
and convex, every convex function g(x) is majorized by letting U(x) touch at the boundary
points a, b and at the kink point y, as displayed in Figure 1.2a. For this choice of U(x), the dual
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variables are

Ao

b) — _
f@=ha=tu=a, 4 = 3 (LGL0SOTE),

h L (f(b) - 1) fw - f(a)) |

2 b—p H—a

By the complementary slackness property, we expect the three points at which g(x) and U(x)
coincide to constitute the support of the extremal distribution. From the constraints of (1.12),
we obtain a linear system of three unknown probabilities and three equations:

pr+pe+ps=1 piatpp+pb=p  pila—pl+pslb—pl =d,

yielding (1.11). After substituting this primal-dual solution pair in (1.12) and (1.13), it immedi-
ately follows that strong duality holds. As a result, this particular category of functions (ie.,
convex functions), in conjunction with a specific type of information, renders the extremal dis-
tribution “insensitive” to the exact form of the objective function. That is, it only depends on

the distributional information specified.

— g(x)
---- U(x) .

(a) The majorant U(x) (b) The minorant L(x)
Figure 1.2: Some convex function g(x) and the dual functions for mean-MAD(-f) information

These tight upper bounds correspond to worst-case scenarios. As a second example, we show
how MAD information can be used to determine best-case scenarios and hence tight lower

bounds. Define a second ambiguity set, which is a subset of Q’(yyd):
@(y,d,ﬁ) = {]P : Pe g)(p,d)s P(X >p)= ﬂ} (1.14)

Here, some information regarding the skewness of the distribution, P(X > p) = f, is added to
the ambiguity set. Ben-Tal and Hochman [19] proved a general lower bound for the expectation
of a convex function of a random variable with P € %, 4 5).

For the tight lower bound, it can be shown that the best-case distribution is a two-point
distribution which is insensitive to the precise functional form of g, except that it must be
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convex. For X ~ P with IP € %, 4 5), the tight lower bound follows from solving

rgpin L g(x)dP(x)

(1.15)
s.t. /dJP(x) =1, /xd]P(x) =/, /|x — pldP(x) = d, /{x>#}(x)le(x) =B,
o) o) o) Q
which is a semi-infinite LP with four equality constraints.
Consider the dual of (1.15),
max /10+A1[1+/12d+/13ﬁ
AoArdo.ds (1.16)

s.t. 8(x) = Ao + Aix + Aglx — p| + Az (), VX € Q.

Define L(x) := Ag + A;x + Ao|x — p| + Asgy>,y. Then the inequality in (1.16) can be written
as g(x) = L(x), Vx, i.e. L(x) minorizes g(x). In this case, L(x) has both a “kink” and a jump
discontinuity at x = p, as depicted in Figure 1.2b.

Thus, the goal is to find the tightest minorant that maximizes the objective value of the dual
problem. By the supporting hyperplane theorem, L(x) touches the epigraph of g(x) at two
points on opposite sides of u (i.e., at x; < g < x3). Using this insight, it follows from solving
the moment conditions

prtpe=1 pxi+pxe=p  pila—pl+ple—p=d p =5
that
j— d j—
xl—y—m, xz—,u+ﬁ
and P(X = x;) = 1 — f and P(X = x;) = f. Solving for Ay, A1, A, and A3, such that we obtain
L(x), yields

_ (A1 = Az)d _ _ Aod _ (A1 + A2)d
Ao = glxy) + 2(17_’3) =i, Az =glx) — glx) + -5  260-p)

To ensure the solution is dual feasible, the free dual variables A;, A, are chosen such that A, — A;

and A, + A; equal the slope of g(x) at x = x; and xy, respectively. It is then easily verified that
the optimal value of (1.15) and (1.16) is given by (1 — f)g(x1) + pg(x2), attained by the two-
point distribution with support {x;, x,} and respective probabilities {(1 — f), f}. This extremal
distribution is again insensitive to the objective function. This insensitivity will prove to be
rather helpful in the distribution-free analysis of stochastic models.

1.3. The multivariate problem with i.i.d. random variables
Now consider g,(X) as function of the random vector X = (X, ..., X,;) with support Q C R".
This function might reflect the realization of a stochastic process or some cost in a decision
problem, for which the vector X then represents the driving sequence of the stochastic process
or the uncertain parameters in the decision problem. We then seek a solution to the problem

max Ep[g:(X)] (1.17)
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with P some joint distribution from the set 2 of distributions compatible with the partial infor-
mation. The partial information available here pertains to the joint measure and might contain
information about both marginal and cross moments, among other types of information. It
turns out most of the duality techniques discussed in the previous section still apply to the
multivariate setting, albeit under some additional assumptions (see, e.g., [117, 196, 201]).

We will first introduce a particular instance of (1.17), and then we discuss how these multi-
variate problems are typically solved using the duality theory of generalized moment problems.
Finally, we will elaborate on why this becomes significantly more complicated for the setting
with 1.i.d. random variables.

1.3.1. The extremal queue problem

When i.i.d. random variables are involved, problem (1.17) becomes substantially more difficult
to solve. The following function is a classic example in applied probability that brings this
difficult i.i.d. setting:

fa(x1, o %) = max{0, xq, ..., X1 + - + X},

for which Ep| f,(X)] expresses the expected running maximum of a random walk S, := X; +
<+ X, (So := 0) with the i.i.d. driving sequence {X,,n > 1} distributed as X. The random
walk {S,,n > 0} and its running maximum M, := max{Sy, Sy, ..., S,} are extensively studied in
standard texts on probability theory [7, 56, 57, 79] with methods that require full distributional
information of X, ..., X,,. However, in this thesis, we concentrate on the setting in which the
distribution is only partially known. Denote by W,, the waiting time of customer n in the GI/G/1
queue, where Wy = 0. Let X,, =V, — U, be the difference between service and interarrival time.
The waiting-time process satisfies Lindley’s recursion

Wit = (Wn + Xn)+; nzo,
which, by the i.i.d. assumption, is equivalent to
d
Wy = max{0, Xi, ..., X; + X,,} = max{Sy, Sy, ..., Sp} = M,

where £ denotes equality in distribution. The sequence {W,,n > 0} is thus generated by the
random walk {S,,n > 0}, through its running maximum {M,, n > 0}. Then, if only the first two
moments of the interarrival and service times are known, it is of interest to solve the problem

Jnax E[£(X)]

where Py ; is based on the available moment information and X is a random vector with ele-
ments {V;, Ui}l_,. As n — oo, this yields the extremal queue problem, one of the longest-standing
open problems in queueing theory [50, 60, 222], which aims to determine tight bounds for the
moments of the stationary GI/G/1 waiting time W : = lim,_,. W,,.
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1.3.2. Strong duality for generalized moment problems

The concept of duality theory to solve generalized moment problems originated in the 1960s,
most notably in the works of [117, 118, 128, 130, 133]. Smith [201] provided a modern account of
this duality theory with applications in operations research and decision theory, while Shapiro
[196] discussed more rigorously the necessary topological conditions for strong duality, relat-
ing the duality results for generalized moment problems to the more general theory on conic
duality. More recently, a stream of research exploits the connections between moment prob-
lems, nonnegativity of polynomials and semidefinite programming (see, e.g., [29, 139]). In his
now-classical work, Stieltjes [205, 206] introduced the problem of moments in its most basic
form. It concerns itself with identifying whether the set

P := {]P € M(Q) : [hi(x)dP(x) =gq;,j = 0,...,m}, (1.18)

contains any elements, and it is thus recognized as a feasibility problem. As a closely related
concept that we will leverage, denote with “€ the cone of moments q € R™ that yield a nonempty
ambiguity set 2(q), i.e.,

6 :={q€eR™ : IP € M, (Q) such that P € 2P(q)}.

This set identifies the moment vectors for which the moment problem admits a solution.

We now turn to the generalized moment problem, in which we aim to find the tight upper
bounds on some objective E[g,(X)], transforming the feasibility problem into an optimization
problem. Like (1.1), problem (1.17) can be stated as a semi-infinite linear programming problem,

Pen/}g((g) /Qg,,(x)dJP(x) s.t. /th(x)le(x) =g;forj=0,...,m, (1.19)

but now considering the joint probability distribution of the components of X, defined on the
support Q, instead of the probability distribution of a single random variable X. The dual prob-
lem of (1.19) can be expressed as

Agmr;m ; Ajq; st ]Z:(; Ahi(x) > g(x), vxeQ, (1.20)

which is similar to (1.2), but involves multivariate functions. The duality results discussed in
Section 1.2 can be readily extended to the multivariate setting (see, e.g., [117, 133]). To achieve
this, we only need the additional assumption that the moment vector q lies in the interior of
the moment cone 6. If this is the case, strong duality is ensured to hold. However, even though
solving the dual is sufficient, it involves checking nonnegativity of a multivariate function,
which can be a daunting task in general. When we only consider marginal moment information,
the dual problem usually admits a computationally more tractable reformulation at the cost
of disregarding the dependency structure between the components of X. On the other hand,
cross-moment ambiguity sets incorporate this information, resulting in tighter bounds but often
leading to hard optimization problems [25, 163, 165]. The computational tractability of the dual
problem is a widely studied problem in the DRO literature; see, for example, [29, 66, 100, 224].
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1.3.3. Computational intractability of i.i.d. driving sequences

Consider a stochastic model with independent random variables {X;}!, of which the distribu-
tions {P;}I_, belong to some ambiguity set {2;}I,. In the previous subsection, we considered
the joint probability distribution P defined on the support of X. Instead, we shall now optimize
over the (constrained) joint measure P = P; ® P, ® --- ® P,,, where the marginal distributions
{P;}, all lie in their respective ambiguity sets, and ® denotes the product measure operator.

The objective function then takes the form

/xn.../xz/Xlgn(xl,...,xn)d]Pl(xl)-d]Pz(xz)...d]pn(xn)’ (1.21)

which is no longer linear, nor concave, with respect to the optimization variables (i.e., the prob-
ability measures). As a consequence, (1.21) does not yield a convex optimization problem, and
therefore, strong duality might not hold. Yet another way to look at this is as follows: Indepen-
dence is a structural property imposed on all (joint) probability distributions in the set 2. As an
example, denote by %, the set of all probability distributions with support Q = {0, 1}?. We thus
consider two binary-valued random variables X,Y. Define J, ) as the Dirac measure which
puts a probability mass of one on the support point (x, y). The set %, can be characterized as
the closure (with respect to the weak topology) of the convex hull of its extreme points, which
are the Dirac measures, and is thus a convex set. However, notice that all mixture distributions
(convex combinations) of the two extreme points (o) and &(; 1) have perfectly correlated com-
ponents. As a result, these convex combinations cannot be elements of the ambiguity set that
has the independence property. The structural property of independence degrades the structure
of the set of probability distributions %, transforming it into a nonconvex set that is less ideal
to work with since it makes finding a global optimum considerably more difficult. To alleviate
these difficulties, one could of course relax—or, in a sense, convexify—problem (1.21) by using
(1.17) instead, but this still allows (higher-order) correlations between the random variables,
even when we impose the cross-moment constraints E[(X; — u;)(X; — p;)] = 0, Vi # j.

By means of an example, we will explain why optimization problem (1.21) is challenging,
as already pointed out in the works by [114] and [133]. There do exist methods to solve (1.21)
under the assumption of independent (not necessarily identical) random variables, although
they can become computationally cumbersome. To illustrate this point, we will use the random
walk example described at the beginning of this section. Formally, finding the tight bound for
the running maximum of a random walk can be achieved by solving the following optimization
problem over probability distributions:

Pr’{r[%%;:]Ep [max{0, Xi,..., X; + - + X,,}]
stP=P,®P,® - ®P, (1.22)

E]pl[hj()g)] = qi,js i= 1,2,...,n, j: 1,...,m.

The measure P, defined on R”, is the joint probability measure of the random vector X, which is
constructed from the individual probability distributions {P;}"_, through the product measure
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operator. By writing PP in this particular form, we impose independence among the random
variables in X. For the sake of exposition, let us concentrate on the setting with mean-variance
information constraints. Problem (1.22) then becomes

]Pr?a}x Ep [max{0, X1,..., X; + - + X, }]
11 1

stP=P,®P,® - ®P,,
Ep[Xi]l=p, i=12,..,n
E]pi[)(iz] = ,uiz +0i2, i=1,2,...,n

(1.23)

Note that the objective function is linear in the joint probability distribution P, and the moment
constraints are linear in the marginal distributions {P;}! ;. If we would ignore the indepen-
dence constraint, (1.23) becomes a marginal-moment problem with mean-variance constraints
for each marginal distribution P;. It is worth recalling that such infinite-dimensional problems
can be reduced to finite-dimensional ones, of which the optimal objective values are preserved,
since the optimal distribution is always achieved by discrete point distributions. In fact, from
the independence constraint, it follows that every marginal distribution is optimized by a dis-
crete distribution P} with support on at most m + 1 points, where m is the number of moment
constraints [170]. In other words, the Richter-Rogosinski theorem still holds even if we impose
independence. For an elegant proof using Fubini’s theorem, we refer the interested reader to
the work of Kingman [133, Theorem 3], who also provides an excellent discussion on some of
the topics discussed in this introduction.

Since our example involves two information constraints (mean and variance), each P} con-
sists of at most three point masses. We denote the support and probabilities for each X; as
G0, 0 x0) and (p, p, p{), respectively. After applying the Richter-Rogosinski theorem,
(1.23) can be reduced to the following optimization problem:

max Z <Hp(’)>max{x(l),... (1) (”)}

L, X
P ae{l 2,31\ i=1

@) (z) .
s.t. pj =, i=12,..,n,
Z l (1.24)

Z (') (l) =t +ol, i=12,..,n,

o0<p<lxeQ.

Clearly, this problem can be computationally challenging due to the decision variables being
both the support points and the probabilities. While numerical optimization can be used to de-
termine the extremal distribution, it may not provide the necessary insights into the structural
properties of the extremal distribution that are needed to solve the problem for arbitrary n.
The example presented above does not assume that the independent variables {X;}!_, are iden-
tically distributed. Imposing identical distributions would lead to losing the ability to reduce the
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semi-infinite LP to its finite-dimensional counterpart. To overcome this limitation, one could
replace the identicality constraint with the constraint of identical moments (up to a certain or-
der), as proposed in [27]. Unfortunately, an exact analysis of the i.i.d. setting resulting in explicit
solutions remains elusive. Although a general framework for distribution-free analysis under
the i.i.d. assumption is still desired, this thesis does offer some results that leverage a simple
insight to analyze i.i.d. stochastic models by exploiting the insensitivity property introduced
earlier. However, we acknowledge that this approach may not be applicable in more general
settings. For further details, please refer to Chapters 2, 7 and 8.

1.4. Contributions and outline

This thesis presents seven chapters on various stochastic models assessed with techniques from
distribution-free analysis. Each chapter has its own notation that is tailored to its content. We
now highlight the main contributions of each chapter and explain how all themes throughout
the thesis fit together through the principles outlined in this introduction. We emphasize two
key contributions, which serve as a unifying theme across all chapters:

1. We utilize semi-infinite linear programs and primal-dual techniques (as discussed in Sec-
tion 1.2) to establish sharp bounds for the distribution-free analysis and optimization
of stochastic models. These tight bounds provide an effective approach for handling
distribution-free decision making problems.

2. We propose specific combinations of objective functions and ambiguity sets that result
in insensitive extremal distributions. Such insensitivity not only allows us to evaluate
stochastic models driven by i.i.d. sequences, but it also simplifies DRO problems by re-
ducing them to stochastic programs with a worst-case distribution that is independent of
the decision variables.

In Chapter 2, we address the extremal queue problem by determining the worst possible
performance of the GI/G/1 queue under mean-dispersion constraints for the interarrival- and
service-time distributions. To address this problem, we use as dispersion measure the MAD
rather than the more commonly used variance. We then make the crucial observation that the
expected waiting time can be written in the form

Ep[W,] = Ep[max{0, Xi, ..., X; + - + X;}],

which is componentwise convex in the random variables Xj, ..., X,,. As a consequence, we can
utilize the tight mean-MAD bounds, as derived in Section 1.2.2, for the distribution-free anal-
ysis of the GI/G/1 queue. Our analysis leverages the insensitivity property of the extremal
distribution to derive the sharpest possible upper bounds for all moments of the waiting time,
circumventing the computational issues that arise with the i.i.d. assumption. Furthermore, by
utilizing the mean-MAD lower bound, we are able to produce tight lower bounds that, in con-
junction with the tight upper bounds, provide distribution-free performance intervals.
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In Chapter 3, we examine an M/M/s queue in which the arrival rate is a random variable A
with only known mean, variance and range. Through the use of semi-infinite programming
duality, we establish tight bounds for the expected wait. These bounds are based on an arrival
rate that takes only two values. Unlike the distribution that maximizes Scarf’s bound (1.4), this
two-point distribution possesses the insensitivity property, as with the mean-MAD ambigu-
ity set. The proofs rely heavily on the fact that the expected wait W(-), as a function of the
arrival rate A, has a convex derivative. Specifically, we demonstrate that the third derivative
W’”(2) is nonnegative, which leads to the insensitivity property and substantially simplifies
the distribution-free analysis of Ep[W(A)].

In Chapter 4, we derive novel bounds on the tail probability of a random variable given
support, mean and dispersion information. As alternatives for the renowned Chebyshev in-
equality, we present tight lower and upper bounds on the tail probability for random variables
with known bounded support, mean and mean absolute deviation. We derive these bounds as
exact solutions to semi-infinite linear programs, employing the weak duality framework set
forth in Section 1.2.1. To this end, we consider as objective function Ep[T1{x>;4(X)], where 1z
denotes the (discontinuous) indicator function for the event =. We then apply these bounds
for distribution-free analysis of the newsvendor model, stop-loss reinsurance and a chance-
constrained optimization problem in radiotherapy.

In Chapter 5, we consider the problem of bounding conditional expectations based on infor-
mation about the moments of the underlying distribution and the observed random event. For
this, we consider objective functions that take the following semi-infinite programming form:

C Eplg(X)Lix=n(O] [ g(0) Lixzn(x)dP(x)
BelsQOIX >t = =5 00T~ [ Lpran (APG)

which is nonlinear with respect to the probability measure P; that is, the objective is a linear-
fractional function of P. However, through a simple transformation, we can reformulate this
problem as a semi-infinite LP. This enables us to use the techniques described in Section 1.2.1
to obtain tight bounds for conditional expectations.

Chapter 6 focuses on the multi-item newsvendor problem with a constrained budget, where
demand information is limited to its range, mean and mean absolute deviation. We determine
optimal order quantities by solving a minimax problem that minimizes costs for the worst-case
demand distributions. Using the mean-MAD bounds and recognizing that the newsvendor cost
function is separable, i.e.,

Ep [ Zn:(Xi - Qi)+] = ZH:EP[(Xi -q)'],

we reduce the problem to a stochastic program with a particularly simple structure. This opti-
mization problem can be solved through a greedy approach, reminiscent of the algorithm that
resolves the continuous knapsack problem. The proposed method prescribes a policy that first
ranks items based on their marginal effect on total cost and then orders them until the budget
is exhausted.
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Chapter 7 focuses on the Appointment Scheduling Problem (ASP), which involves schedul-
ing planned appointments for a single server serving a given number of customers within a
fixed period. The objective is to minimize a cost function that takes into account both the
costs of waiting and overtime costs for the server. Even with fully specified service-time dis-
tributions, the ASP presents a computationally challenging stochastic program. When there is
limited distributional information available, one can apply distribution-free analysis techniques
to find the schedule that minimizes costs in worst-case scenarios. However, determining the
extremal distributions under the independence assumption is difficult. Consequently, existing
methods consider relaxations that allow dependence between service times, which may result
in highly correlated extremal distributions. Despite the challenges posed by the independence
assumption, the ASP can be analyzed using similar distribution-free techniques as those used
in Chapter 2 for the GI/G/1 queue.

Finally, Chapter 8 concludes this thesis by examining classes of functions and distributional
information that exhibit the insensitivity property. We also suggest possible directions for fu-
ture research to develop a more general framework for distribution-free analysis of i.i.d. stochas-
tic models.
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MAD dispersion measure makes extremal
queue analysis simple

2.1. Introduction
Queueing theory has existed for more than a century, with the GI/G/1 queue playing a cen-
tral role in this theory as a model for a single server and independent generally distributed
interarrival and service times. In this model, the waiting times of consecutive customers can
be expressed as maxima of a random walk with step size equal in distribution to the differ-
ence of the service and interarrival times. This random walk and its maxima can be studied
with mathematical techniques for sums of random variables, covered in many standard texts
on probability theory: [7, 56, 79]. For all moments of the maxima (i.e., waiting times), general
expressions are available that involve convolutions of the distribution of the step size. To use
these general expressions, one thus needs to specify the precise distribution of the increments,
and in the case of the GI/G/1 queue the distributions of both the interarrival and service times.
Special cases of the GI/G/1 queue can be studied with dedicated techniques for Markov
chains. For instance, the M/G/1 queue with Poisson arrivals and the GI/M/1 queue with expo-
nential services have explicit solutions that are more insightful than the general random walk
results; see, for example, [7] and [57]. Another large, somewhat opposite branch of queueing
theory concerns finding approximations and bounds. For the steady-state waiting time in the

This chapter is based on the research paper [210].
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GI/G/1 queue, a classical bound for its expected value was obtained by Kingman [132] in terms
of the first two moments of both the interarrival and the service time. While Kingman’s bound
is sharp in situations of heavy traffic, when the server’s utilization approaches 1, it leaves room
for improvement for all other values of the utilization.

In search for that sharpest possible (tight) upper bound when the first two moments of the
interarrival and service times are given, significant progress was made by [24, 73, 187, 222], and
it was conjectured by Daley in [24] that the overall worst-case behavior of the waiting time
in the GI/G/1 queue would be caused by two-point distributions for both the interarrival and
the service time. After this initial thrust of research, it remained silent for a while, until re-
cently Chen and Whitt [49] derived sufficient conditions for the tight bounds to be attained by
the conjectured two-point distributions. Without these additional conditions, the exact form of
the extremal distributions can only be determined numerically, as the solution of a hard non-
convex nonlinear optimization problem. Extensive numerical experiments led Chen and Whitt
to conjecture that for the general problem, with undetermined service- and interarrival-time
distributions, the worst case is formed by two-point distributions, in line with the conjecture
postulated several decades ago. Finding the extremal queue for given mean-variance informa-
tion is therefore one of the longest-standing problems in the field. That problem remains open.

We consider the same problem of finding the sharpest possible bounds for GI/G/1 queue per-
formance measures, but we choose to quantify dispersion in terms of mean absolute deviation
(MAD) instead of variance. MAD is hardly used in queueing theory, or random walk theory
for that matter. The random walk and GI/G/1 queue are intrinsically linked with independent
and identically distributed (i.i.d.) sums of random variables, and the variance thus naturally
emerges as the quantity of interest (e.g., variance of the sum, central limit theorem). The vari-
ance and MAD, however, are equally adequate descriptors of dispersion, and are both easily
calibrated on data using basic statistical estimators. Using the MAD instead of the variance as
dispersion measure has several important advantages for, e.g., analyzing the waiting times in
GI/G/1 queues. First, not only simple explicit expressions for the worst-case distributions can
be obtained, but also for the best-case ones. Hence, a sharp upper bound and a sharp lower
bound for the expected waiting time can be obtained. Second, our approach is for i.i.d. sums of
random variables, while existing DRO approaches have to tolerate possible dependence struc-
tures between the random variables. Third, our approach is suitable for analyzing both transient
behavior and the steady state. Fourth, because of its computational tractability our approach
can also be extended to many optimization variants.

We organize the theoretical results in terms of three key theorems that build towards our
main goal, finding the tightest possible upper bounds for all moments of the steady-state waiting
time of the GI/G/1 queue with MAD as dispersion measure. We first provide a tight bound for
the expectation of a general convex function of finitely many random variables with mean,
MAD and range information. This is, in fact, a known result due to [19]. We present a new
proof that finds the extremal distribution, the distribution that attains the tight bound, as the
solution to a semi-infinite linear program (LP). The novel proof clearly illustrates why the MAD
constraint leads to a tractable LP in the univariate setting. Since the solution of this LP does
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not depend on the objective function, we can recursively apply the univariate result to obtain
independent extremal distributions that resolve the multivariate problem, thus making the latter
amenable to distribution-free analysis. The traditional moment constraints for the mean and
variance, although a popular choice, may not necessarily yield tractable counterparts because
the worst-case distribution depends on the (multivariate) objective function. After showing
the general result, we prove tight bounds for moments of random walk maxima and customer
waiting times, all characteristics that can be brought into the form of the expectation of a convex
function. An additional hurdle is to extend the transient setting to the case of infinitely many
random variables, which is required for the all-time maximum, but also in that case, the extremal
distribution for the step size remains the same three-point distribution. Finally, we resolve the
extremal queue problem and present tight bounds for all moments of the waiting time. For this,
we apply the random walk results combined with the additional reasoning that the step size is
now replaced by the difference between the service and interarrival times. Consequently, the
tights bounds for the stationary moments are attained by three-point distributions for both the
interarrival and service time.

In addition to the theoretical results, we also present various results related to the application
and computation of the tight bounds. The computational complexity of the bound for the ex-
pected finite-time maximum grows exponentially in the number of steps. For the random walk,
we present an alternative expression that considers a number of terms that grows roughly as a
cubic, rather than exponential, function of the number of partial sums, a substantial reduction
in computational complexity for random walks with many steps. We also express, as easy to
compute complex contour integrals, the tight moment bounds for the all-time maximum and
the steady-state waiting time. In addition, we derive tight lower bounds that, together with the
tight upper bounds, provide sharp performance intervals for distribution-free analysis. Fur-
ther, for choosing the range of the step sizes, we propose a heuristic approach reminiscent of
the construction of confidence intervals in statistical estimation. Finally, we illustrate the use
of our approach when the mean and MAD are not known precisely and need to be estimated
from data. The bounds remain effective also in these more realistic settings.

2.1.1. Contributions and outline
The contributions of this chapter can be summarized as follows:

1. We suggest to use MAD instead of variance, and obtain by concise mathematical proof
the worst-case three-point distribution for a rich class of extremal problems. This proof
for MAD gives insight into why the traditional moment constraints, although a popular
choice, may not necessarily yield tractable counterparts.

2. We leverage this result to obtain tight upper and lower bounds for performance mea-
sures, including transient and steady-state queue length moments. Under mean-MAD
constraints, these bounds are the sharpest possible (and thus cannot be improved). The
mean-MAD approach is a new quantitative method applicable to random walks, queues
and related stochastic processes. This generic approach is a computationally tractable
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way to analyze key performance measures of such processes.

3. We present guidelines that describe how to compute the novel tight bounds efficiently.
Moreover, we demonstrate our approach when the mean and MAD are not known pre-
cisely and need to be estimated from data. Also in these more realistic settings, the bounds
remain sharp.

The remainder of this chapter is organized as follows. Section 2.2 presents the novel proof
of the tight bounds for the expectation of general convex functions of random variables. Sec-
tion 2.3 then derives sharp bounds for the moments of random walk maxima, and subsequently
conveys both the transient and stationary results for the random walk to the GI/G/1 setting. In
Section 2.4 we discuss the results that are related to the application and computation of the tight
bounds, including the derivation of the matching lower bound. We conclude in Section 2.5, also
mentioning various possibilities for further research.

2.2. Bounding a convex function using mean-MAD-range

information
In this section, we explain how information about the mean, MAD and range can be used for
establishing tight bounds for the expectation of a general convex function of random variables
that match this information. In Section 2.2.1 we present, in Theorem 2.1, a general upper bound
for the expectation of a convex function of independent random variables. We then provide a
novel primal-dual proof for Theorem 2.1 in Section 2.2.2 and explain in Section 2.2.3 why MAD
as dispersion measure is computationally tractable, and why variance is not.

2.2.1. Tight bound for convex functions

The moments of random walk maxima and GI/G/1 waiting times can all be expressed as the ex-
pectation of h, (X, ..., X;;) with h,(-) some function convex in the components of (Xj, ..., X,,) and
Xi, ..., X, independent random variables, which represent the interarrival and service times in
the queueing model (or, alternatively, step sizes in the random walk model). Let X = (Xj, ..., X;,)
follow some distribution P. We use the notation X ~ P € 9 to say that X has a probability
distribution P from the set of probability distributions 2. Let Ep[-] denote the expectation over
the probability distribution P.

Assuming we only have partial information consisting of the mean, dispersion measure and
range of the random variables in X, the first question we ask and answer in this chapter is:
What extremal distributions of X result in the worst-case expectation of the convex function
h,(Xi, ..., X,,)? This question thus requires solving the optimization problem

max Ep [h.(X)] (2.1)

with 9 the set of all considered distributions. To describe all considered distributions, we
define an ambiguity set that consists of all distributions of componentwise independent X with
known supports, means and MADs. The partial information for (X, ..., X;) consists of (i) X;
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has bounded support, supp(X;) = [a;, b;] with —0 < a; < b; < 0,1 = 1,...,n, (ii) Ep(X;) =
and (iii) Ep|X; — p| = d;. This defines the ambiguity set

Puay = {]P : supp(Xy) C [a;, bi], Ep(X) = pi, Ep|X; — il = di, Vi, X; UL X, Vi # j} , (2.2)

where X; 1L X, Vi # j, denotes stochastic independence of the components X, ..., X,. To avoid
trivialities we assume y; € (a;,b;) and d; € (0, W) The latter interval follows from
basic properties of MAD, which we discuss in Appendix A of this thesis. In what follows, X is
a vector of random variables whose distribution belongs to the set %, 4).

The extremal distribution that solves (2.1) with % = 9,4 can be shown to be a three-
point distribution. This classical result follows from the general upper bound in [19] on the

expectation of a convex function of independent random variables with mean-MAD ambiguity:

TaEOREM 2.1. The extremal distribution that solves

max Ep[h,(X)] (2.3)

PePya

consists for each X; of a three-point distribution with values rgi) = a, Tgi) = u, Tgi) = b; and
probabilities

d; 4 p(i) _ d;
2w —a) 2bi—w) 2(bi — )’

Ben-Tal and Hochman [19] proved Theorem 2.1 by introducing a piecewise linear function on

. d
w_
e 20y — a;)’

P =1- (2.4)

the interval [, b] that intersects the convex function in g, p and b, and then applying the classic
Edmundson-Madansky bound to the subintervals [a, p] and [y, b]. In the next subsection, we
give another proof of Theorem 2.1 that also elucidates why using as dispersion measure MAD
instead of variance makes the analysis so simple.

A direct consequence of Theorem 2.1 is that the worst-case expectation of h,(X) is obtained
by enumerating over all 3" permutations of outcomes a;, y;, b; of components X;, as formulated
in the next result.

COROLLARY 2.2. It holds that

max Ep[h,(X)] = Y, (G, .. e ] ] p¥. (2.5)
i=1

PePua) aef1,2,3}

2.2.2. Novel primal-dual proof of Theorem 2.1

Our proof of Theorem 2.1 will crucially rely on the fact that the solution of the univariate case
can be straightforwardly extended to the multivariate case. We thus start by considering some
univariate measurable function f(x) (with the univariate function h;(x;) as an example) that
has finite values on [a, b], the support of the distribution P. Under mean-MAD ambiguity of
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one random variable X, we then need to solve

max / Fx)dP(x)

P(x)>0

s.t. [dJP(x) =1, /xx dP(x) = p, l|x — p|dP(x) =d,

a semi-infinite linear program with three equality constraints. A perhaps surprising, yet clas-

(2.6)

sical fact, is that the semi-infinite LP (2.6) can be reduced to an equivalent finite-dimensional
optimization problem that yields the same optimal value. Indeed, the Richter-Rogosinski the-
orem [98, 186, 198] states that there exists an extremal distribution for problem (2.6) with at
most three support points. While finding these points in closed form is typically not possible
(for general semi-infinite problems), we have shown in Chapter 1 that this is possible for the
problem at hand, by resorting to its dual problem,
Aﬂﬂz Ao + A+ Aod o
s.t. M(x) := Ao + A+ Aolx — pt| = f(x), ¥x € [a,b],
and exploiting the specific structure of M(x) induced by the MAD constraint fx |x —p|dP(x) = d.
As explained in Chapter 1, the tightest majorant M(x), with A;, A, and A3 chosen optimally,
touches f(x) at three points: x = a, p and b. For illustrative purposes, Figure 2.1 is presented
once more. Because the majorant is piecewise linear and convex, we can majorize every convex
function f(x), choosing M(x) such that it touches at the boundary points a and b, as well as the
kink point x = p. The optimal probabilities of these support points can now easily be obtained
by solving the linear system resulting from the equations of (2.6), and primal-dual optimality
can be demonstrated as outlined in Section 1.2.2.
To deal with the multivariate case, we successively apply the univariate result. The multi-
variate problem can be expressed as

max -+ max max Ep_[h.,(X1, X5, ..., X)]. (2.8)
PPl PPl PiERl, © " "

Here, P; and 97’("”’ 2 for all i, represent the marginal distributions and ambiguity sets of X, ..., X,,,
respectively, and Pg denotes the product measure. Let h,(X,..., X;,) be componentwise con-
vex in the vector X. Suppose we first apply the univariate result to X, then we need to con-
sider as objective functional Ep, [h,(Xi, X2, ..., x,)], With x,,...,x, all being fixed. Notice that
h(:, %2, ..., x,) is a convex function of X; for all possible realizations of X;, ..., X,. Hence, for all
realizations x,, ..., X, E[h,(Xi, X2, ..., x,)] can be bounded using the univariate result. As stated
in Theorem 2.1, the worst-case distribution is independent of the values for x,, ..., x,. Then, by
substituting the extremal distribution for X;, we obtain

max - max Ep, Z PO, X, X)) (2.9)
PuePlay  PaePi, one{12,3}

Since the worst-case probabilities for x; are nonnegative, the worst-case expectation becomes a
convex function in xy, ..., x,. Consequently, we can apply the univariate result to x, in a likewise
manner. Successively repeating this reasoning n times completes the proof.
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Figure 2.1: Some convex function f(x) and its piecewise linear majorant M(x)

To the best of our knowledge, our proof is the first to exploit the specific shape of the kink-
majorant to find an analytic solution for the semi-infinite LP. While the dual problems are often
solvable as semidefinite or second-order conic programs, analytic solutions as in our case are
typically hard to attain, and require special structural properties of the LP’s objective function
and its constraints. In the univariate case, this proof method does not require convexity of
f(x) and works for arbitrary measurable functions, as demonstrated in (1.2.1). Convexity is
needed, however, in the proof of Theorem 2.1 to extend the univariate case to the multivariate
case. The proof method is of independent interest, and can for instance be applied to study the
mean-MAD counterparts of the mean-variance analyses in, for example, [61, 163, 166, 174, 226].

2.2.3. Why is MAD computationally easier than variance?

Now that we fully grasp why and how the proof of Theorem 2.1 relies on the specific structural
properties of the mean-MAD constraints, and in particular the univariate result seamlessly
passes into the multivariate counterpart, we can also explain why the comparable challenge
with mean-variance constraints becomes much more difficult if not impossible. For the uni-
variate case, the same proof argument works when ¢ is given instead of d, i.e., when |x — p| in
(2.6) is replaced by (x — p)?. Hence, irrespective of whether MAD or variance is used as disper-
sion measure, for determining the tight upper bound of f(x), it suffices to consider distributions
with support on at most three points. There is, however, a crucial complication when extending
to the multivariate case.

To see this, observe that when o? is used as dispersion measure, the end points and kink
point do not necessarily span the support of the extremal distribution. That is, upon replacing
|x — p| with (x — p)?, the tightest majorant F(x) does not necessarily touch f(x) in a, b and
1. Hence, if the variance is used as dispersion measure, then the worst-case distribution might
depend on the function f(x). This has severe consequences for the multivariate case, i.e., when
we consider h,(xi,...,x,). In that case, the worst-case distribution depends on the values of
X2, ..., X, and calculating (in closed form) the worst-case distribution as a function of xy, ..., x, is
not straightforward. Even if we were able to derive such a worst-case distribution, substituting
this distribution in the worst-case expectation might result in a complicated function of x,, ..., x,
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that is likely nonconvex, and hence applying the univariate result to x; is no longer possible.

2.3. Tight bounds for random walks and queues

We now leverage the general tight bounds in Theorem 2.1 for proving tight bounds for moments
of random walk maxima in Section 2.3.1 (Theorem 2.3) and the GI/G/1 queue waiting time in
Section 2.3.2 (Theorem 2.4). In Section 2.3.3 we draw a technical comparison between the ex-
tremal queue problem with MAD information and variance information. Section 2.3.4 provides
some further insights regarding the mean-variance ambiguity set.

2.3.1. Extremal random walk maxima

Consider the partial sums S, := X; + - + X, (So := 0) of i.i.d. random variables Xj, X, ...

distributed as X. The random walk (S,,n > 0) arises in many application domains, includ-

ing queueing theory, inventory management and risk theory; see, e.g., Chapter XIV of [7]. If

(Sp,n > 0) indeed models congestion, shortfall or capital position, large values of S, are of

particular interest, and it is natural to consider the maxima sequence M, := max{Sy, Sy, ..., Sy}.
Notice that M, can be expressed as h,(X, ..., X,), with

ha(x1, ..., %) = max{0, xy, ..., X1 + = + X}, (2.10)

and the expected maximum can be expressed as E[M, ]| = E[h,(X)], with h,(X) jointly convex
in X = (Xj,..., X,). Thus, under the partial information contained in %, 4), (2.5) is an upper
bound on E[M,] that cannot be improved. Let X3y denote the random variable with the extremal
three-point distribution, identified in Theorem 2.1 but for the special case when Xi, X;, ... are
ii.d., that attains this bound. To state our results and for later reference, let Q(y,d, a,b) denote
a three-point distribution on the values {a, y1, b} with probabilities

d d d d

EE RS B RS B TCRn M (RN
Then, Xy ~ Q(p,d, a,b).
For E[X] < 0 the all-time maximum M := lim, . M, is a proper random variable (M,

converges in distribution to M, which will be finite with probability one if E[X] < 0). Let
¢n(M) denote the m-th cumulant of M. Recall that ¢;(M) is the mean, c,(M) is the variance, and
c3(M) is the central moment E[(M — E[M])*]. From general random walk theory we know that

(see e.g., [1])

[

) = Y LELS)"] (2.12)

k=1
We can now prove results similar as for E[M, ], regarding the worst-case distribution and tight
upper bound. The following theorem states the extremal solution for the all-time maximum of
the random walk.

THEOREM 2.3. Consider the random walk with generic step size X contained in the ambiguity
set P ,.q). The tight upper bounds for all cumulants c,,(M) of the all-time maximum M are the
cumulants of the random walk with extremal step size X(3).



Chapter 2. MAD dispersion measure makes extremal queue analysis simple 27

Proof. Consider the function
1
S, e X)) = Z — (max{0,x; + ... + x;})", (2.13)
ok

which is convex in the vector (xi, ..., x,). Hence, for i.i.d. increments with generic X,

max Ep[f,"(X)] (2.14)
PePa)
is solved by the extremal random variable X3). This gives the bound, with X", X;,... ii.d. as
X@3),

n

b= Y LB < ELOG o X1 =5 (2.15)
k=1

The result follows by observing that the sequences {/,} and {u,} are both monotone, and con-
verging to well-defined limits. O

We conclude that the extremal three-point distribution for E[M,] in Theorem 2.1 is also
the extremal distribution for all cumulants of M. When calculating the associated tight upper
bounds for ¢,,(M), (2.12) shows that we are confronted with an infinite summation of increas-
ingly complex summands. Here, another line of classical random walk theory can help, which
transforms such infinite sums into complex contour integrals. We discuss these methods in
Section 2.4.1.

2.3.2. Extremal GI/G/1 queue

We now turn to the extremal GI/G/1 queue problem. Consider a single-server queue with
i.i.d. interarrival times {U,} distributed as U, i.i.d. service times {V, } distributed as V, and server
utilization p = E[V]/E[U] < 1. Let W, be the waiting time of customer n. The sequence
(Wp,n > 0) with W, = 0 satisfies the Lindley recursion

Whi = (Wn +Vi— Un)+, n=0. (216)

Let W be the steady-state waiting time. Since W, 4 M, and W £ M the results for the random
walk maxima will carry over to the waiting times. The main difference is that the step size
X is now interpreted as the difference V — U between the generic service time and generic
interarrival time. If one has mean-MAD information about both V and U this is more in-
formative than mean-MAD information about V — U, and this additional information should
lead to even sharper bounds. Let us consider the steady-state queue length W, which satis-
fies W £ (W +V — U)*. Denote by 0% and o the variances of U and V, respectively. Let
p = E[V]/E[U] < 1. Then, the following bounds for E[W] are known if one possesses informa-
tion about the first two moments of U and V:

« Kingman’s upper bound:

]E[W] < 0‘2, + cr[z]

S EUT-E[V]) @1
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« Daley’s upper bound:
2 V2
W] < oy + p2—p)af;

. (2.18)
2(E[U] -E[V])
« Upper bound of Chen and Whitt [49] based on the two-point conjecture:
2 2
E[W] < —¥ + x(poy (2.19)

= 2(E[U] - E[V])
with k(p) = 2p(1 — p)/(1 =) and § € (0, 1) the solution of § = exp(—(1 — 5)/p).

We shall compare these bounds with the tight bounds for mean-MAD-range information that
we derive next.

The GI/G/1 queue assumes that interarrival times and service times are independent, so it is
natural to assume that V has ambiguity set %(,, 4,) and U has ambiguity set %(,, 4,). We then
consider all distributions P that lie in %, 4,) X 2 (4, 4,), the set containing all product measures
of feasible marginal distributions for V and U. The extremal queue problem with mean-MAD
dispersion information can now be phrased as

i E[f(X)]. (2.20)
where E[ f(X)] describes E[W,] or ¢,,(W) and X is the random vector with elements U;, Vi,
U,, V2, .... This is the classical setting of the extremal GI/G/1 queue treated in [49, 73, 187, 222],
but with MADs instead of variances describing the ambiguity set. Let the random variables
V(3) and Us) follow the extremal three-point distributions Q(uy, dy, av, by) and Q(uy, dy, au, by),
respectively. The next result presents the solution to the extremal queue problem in (2.20).

THEOREM 2.4. Consider the GI/G/1 queue with generic interarrival time U with ambiguity set
P(uy.dy) and generic service times V with ambiguity set %(,, 4,). Consider the tight upper bounds
for the transient mean waiting time E[W, | and all cumulants of the steady-state waiting time W.

(i) For given interarrival time U, the tight upper bounds follow from the service time V(3.
(ii) For given service timeV, the tight upper bounds follow from the interarrival time Ugs).
(iii) The overall tight upper bounds follow from interarrival time U3y and service time V(3).
ght upp (3) (3)

Proof. As in Theorem 2.1, the tight bounds for E[W,] follow from the general upper bound in
[19] on the expectation of a convex function of the random vector (X, ..., X;,) with mean-MAD
ambiguity, but now with X; replaced by V; — U;. The function describing E[W, ], see expression
(2.10), is indeed convex in both V; and U;, and hence the result follows. Similarly, the expression
for ¢,,(W) (see Theorem 2.3) is also convex in both V; and U;, and hence the tight bounds for
cm(W) follow from our proof of Theorem 2.3. O

Table 2.1 shows an example of the tight bound for E[W] associated with (U, V(3)), and com-
pares it with the other known bounds that require variance information.The variance of the
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extremal three-point distribution Q(y, d, a, b) is %(b — a), the maximal variance for distributions
in the ambiguity set %, 4. We thus know the variances of Us) and V(3), and can calculate the
other three bounds. In heavy traffic, Kingman’s bound is known to be asymptotically correct,
and hence the other three (sharper) bounds also converge to the heavy-traffic limit as p 1 1.
Furthermore, we remark that the mean-MAD bounds in Theorem 2.4 are crucially influenced
by the choice of range, in this example set to [0, 10] for both the interarrival- and service-time
distributions. Notice that Table 2.1 is not meant to compare mean-MAD with mean-variance
bounds. The displayed differences merely express different ways of dealing with ambiguity. We
make a connection between mean-MAD and mean-variance information in Section 2.3.4.

Table 2.1: Bounds for (1 — p)E[W]/p for (uy,dy, ay,by) = (1,1,0,10) and (uy,dy, ay,by) = (p,0.1,0, 10)

p  Thm.24 C&W Daley  Kingman
(2.19) (2.18) (2.17)

0.1 4.06613 7.00020 7.25000 27.50000
0.2 2.52306 5.27810 5.75000 13.75000
0.5 2.03141 3.63750 4.25000 5.50000
0.7 2.49160 3.17138 3.60714 3.92857
0.8 2.61932 3.00523 3.31250 3.43750
0.9 2.69802 2.86711 3.02778 3.05556
0.95 2.72609 2.80627 2.88816 2.89474
0.99 2.74547 2.76091 2.77753 2.77778

2.3.3. Comparison with classical extremal queue problem
For the variance counterpart, Chen and Whitt also formulate a semi-infinite linear optimization
problem. The crucial difference is that they cannot use the univariate function extension (as
explained in Section 2.2), and hence should work directly with the multivariate function. This
in turn implies that the dual problem cannot be solved explicitly (like in the univariate case),
let alone that there is a zero duality gap. Another complication is that the expectation of the
multivariate function (2.13) cannot be expressed directly in V and U, but rather in terms of
convolutions of the distributions of V and U. Chen and Whitt [49] try to circumvent these
challenges by applying stochastic comparison techniques to obtain results for the mean steady-
state waiting time. In this way, Chen and Whitt [49] prove a similar but weaker result than
Theorem 2.4 for the steady-state setting, but with variance as dispersion measure. They provide
sufficient conditions that guarantee the extremal distributions of U and V to be the widely
conjectured two-point distributions.

An important message of this chapter is that with MAD the extremal distribution remains
unaltered going from the univariate to the multivariate setting, and that with variance this rea-
soning fails. In fact, one intuitively expects formidable challenges when seeking for extremal
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distributions under variance constraints. This intuition is confirmed by Chen and Whitt’s for-
mulation of the extremal distribution as the solution of a nonconvex nonlinear optimization
problem. While this optimization problem can be solved numerically, a closed-form solution
and hence identification of the extremal distribution remains out of reach.

Under variance constraints, it is thus conjectured that the tight bound comes from specific
two-point distributions for both U and V. In fact, the bound (2.19) in Table 2.1 holds under the
assumption that this conjecture is true, and was shown by Chen and Whitt [50] to be very close
to the tight upper bound. Theorem 2.4 rules out a similar conjecture in the MAD setting. The
tight bounds in Theorem 2.4 always involve three-point distributions.

2.3.4. Further comparison with mean-variance ambiguity

As already explained in Section 2.2.3, mean-variance ambiguity appears less computationally
tractable than mean-MAD ambiguity. Let 9’&,0) denote the ambiguity set that contains all dis-
tributions with known range, mean and variance, i.e.,

Doy = {P + supp(X) € [a;,bi], Bp(X:) = p, Bp(Xi — p)* = 0%, Vi, X; L X, Vi#j}.
(2.21)
We now show how the key result for mean-MAD ambiguity, Theorem 2.1, can be used to obtain
results for mean-variance ambiguity, using the following property:

PROPOSITION 2.5. Let dpi, = 262 /(b — a) and dyay = 0. Then,

max Ep[h,(X)] < max Ep[hn(X)] < p ax Ep[hn(X)]- (2.22)

PED (i) Pl Pudmax)

Proof. From [21], we know that
2

2
7 <d<o.
b—a
Hence, maxpez,;, | Ep[h,(X)] = maxpea,, ., Ep[h,(X)] for some d* € [26%/(b — a),c]. Since
maxpeg,,, Ep[h,(X)] is nondecreasing in d, see [179], the result follows. O

This result presents a way to delimit the upper bounds of all stationary cumulants c,,(M)
and the transient mean E[M,] under mean-variance ambiguity. The mean-MAD bounds are
specified in terms of specific three-point distributions.

We next show that the lower bound in Proposition 2.5 can lead to a result for infinite-support
distributions. Set b = a + é(u — a) with & > 1, and observe that the lower bound in (2.22) comes

with the extremal three-point distribution

02
a W.p. W,
& o? o?
X =) A WP 1= Grapr ~ GraEe
a+&u—a) wop. (}1_(1)‘2’75(5_1)

This distribution has mean p and variance o2, irrespective of the range [a, b]. We can thus let £
grow to infinity to investigate what happens for infinite-support distributions.
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For the expected all-time maximum, we can exploit an argument very similar to [50], Theo-
rem 5.1. A classic result from regenerative analysis says that the expected all-time maximum is
the expected sum of the random walk position over one cycle, denoted by E[integral], divided by
the expected length of one cycle, i.e. E[cycle length]; see Sections 3.6 and 3.7 of [189]. This cycle
will consist of a period during which the queue remains empty, corresponding to consecutive
(negative) steps of size a or p. As ¢ increases, the three-point distribution places probabilities
of order O(1/£%) on a and a + £(u — a), and the rest of the mass on point p. As & grows large,
only rarely with probability O(1/£?), a large positive step occurs. The impact of the very large
step of size a + £(u — a) is roughly the area of the triangle with height a + £(u — a) and width
(a+&(u—a))/(—p), and hence E[integral] = (a+&(u—a))*/(=2p) ~ ({(u—a))*/(=2p) as & — co.
The cycle then consists of an empty period of expected length (1 — p)/py ~ (E(u — a))?/c?
and the positive period due to the large step of expected length (a + &(u — a))/(—p), so that
E[cycle length] ~ (£(u — a))?/c?, and the expected all-time maximum converges to o2 /(—2p)
as & — oo. Since this is a lower bound for maxpea,: ]E[M ], we know that for the random walk
with generic step size X it holds that maxp. 7, ]E[M ] > o?/(=2p). This lower bound matches
Kingman’s upper bound E[M] < o2 /(—2p), Wthh proves that Kingman’s upper bound is tight.
Tightness of Kingman’s bound was already proven in [60] by identifying a two-point distribu-
tion with mean p, variance o such that E[M] approaches the upper limit as one of the two
points goes to infinity.

2.4. Computational guidelines

This section presents various guidelines for using and calculating the tight bounds in Theo-
rems 2.1-2.4. Section 2.4.1 shows how the computational complexity that comes with convo-
lutions of three-point distributions can be reduced considerably. Section 2.4.2 discusses some
of the numerical aspects of the contour integrals used to determine the tight bounds in the
stationary setting. Section 2.4.3 shows how tight lower bounds can be derived, using a similar
proof method as employed for the tight upper bounds. Section 2.4.4 extends the computational
results for the random walk to the GI/G/1 queue. Section 2.4.5 investigates the impact of the
range on the bounds, and Section 2.4.6 demonstrates what happens if this range is unbounded
from above. Finally, Section 2.4.7 presents a data-driven approach for estimating the mean and
MAD.

2.4.1. Spitzer’s formula and Pollaczek’s integral for three-point distri-
butions
We recall that Spitzer [202] used combinatorial arguments to establish for E[M, ] the alternative

expression (which strictly requires i.i.d. increments)

n

E[M,] = Y BLS; ] (2.23)

k=1
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with x* = max{0, x}. This can be written as E[M,] = E[ f,(X)] with

1
Julxts %) = ]; % max{0, x; + ... + Xk} (2.24)
A first usage of Spitzer’s formula (2.23) is a considerable improvement, in terms of computa-
tional complexity, of the tight bound for E[M,] in (2.5). By applying Theorem 2.1 to (2.23), we
get the following result.
COROLLARY 2.6.
!

_y! KUk ks
max Ep[ f,(X)] = ; p z%c max{0, kja + kot + ksb} RTINS (2.25)

Note that for each fixed k, (2.25) contains a multinomial distribution with support set {(k;, ko, k3) €
IN® : k; + kg + k3 = k} with cardinality (k;rz). This implies that the sum over k in (2.25) is over
roughly n® terms, which is way better than the 3" terms in (2.5).

Consider the random walk with generic step size X. It is known that formal solutions of the
distribution of M, and M can be expressed in terms of complex contour integrals (see [1, 121]
for the algorithmic aspects of these contour integrals). Assume that ¢x(s) = E[e**] is analytic
for complex s in the strip [Re(s)| < & for some § > 0. A sufficient condition is that the moment
generating function ¢x(s) is finite in a neighborhood of the origin, and hence all moments of
X exist. Then

E[e "] = exp { -t L) " log(1 - ¢X(—u))du} ; (2:26)

27i u(s —u)
where s is a complex number with Re(s) > 0, 6 is a contour to the left of, and parallel to, the
imaginary axis, and to the right of any singularities of log(1 — ¢x(—u)) in the left half plane.
From (2.26) contour integral expressions for the cumulants follow by differentiation:

(-D"m! / log(1 — ¢X(—u))du
6

en(M) = 2ri ymtl

(2.27)

Consider X = X(3) with a three-point distribution on values {a, 1, b} with probabilities pi, ps, ps
and moment generating function

Px)(s) = pre’™ + poe™ + pse’l. (2.28)

All moments of X(3) exist, and hence ¢x, (s) satisfies the assumption required for representation
(2.26) to hold. Since X(3) follows the extremal three-point distribution associated with the tight
upper bounds for ¢, (M), we obtain the following result:

COROLLARY 2.7. Let ¢y, (s) := E[e*®] = p;e% + pre™ + pse®’. The tight upper bounds on c,,(M)
identified in Theorem 2.3 are given by

(=D"m! / log(1 — ¢x (1))
g ,

27 um+1

m=12,.., (2.29)

where € is a contour to the left of, and parallel to, the imaginary axis, and to the right of any
singularities of log(1 — @x, (—u)) in the left half plane.
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Expression (2.29) bypasses the cumbersome calculations with convolutions in (2.12). In the
next subsection, we demonstrate that this is a numerically efficient way of computing the tight
bounds.

2.4.2. Numerical experiments with contour integrals

Numerical aspects of integrals of the type (2.27) have been discussed in e.g., [1, 50, 121]. For
distributions with support on a finite set of points, potential numerical problems can arise,
because [Re(¢px(u))| does not converge to zero as |u| — oo; see [2, 3, 50]. For the three-point
distributions required in this chapter we have performed extensive numerical experiments with
(2.29). These experiments confirmed that the integrals can be calculated up to high accuracy
with standard integration routines in Mathematica. For many parameter values a, b, u, d such
that (A.1) holds, we have calculated E[M] for generic increment X5 using (2.29), and compared
this with results from extensive stochastic simulations. We also compared the results with a
third numerical procedure, known to be extremely stable and accurate. Let us explain the third
procedure, which might be of independent interest: Choose the boundaries of the support as
multiples of f = |u| by writing that a = —sff and b = mf§ with s, m positive integers. Denote by
Mp = M/p the normalized steady-state waiting time. We then get

d
Mﬁ = (Mﬁ + Xﬂ)+,
with X = X/ a discrete random variable with support {—s, —1, m} and MAD

dy 5= EIIX; ~ E[Xp] = LE[X ~EIX]] = &
B B
Define X3 = Ap — s, so that
Mg L (Mg + Ag —5)"
for a discrete random variable Ag with support {0, s—1, s+m} and probability generating function

m+s

E[z%] = Do+ pﬂzs_1 + ppz™",
with i p p i
B B B B
Pa= 561y Pr 25-1) 2m+1) 7 2m+1)

Notice that E[Ag] = s — 1. The resulting discrete queueing system is sometimes referred to as a

bulk service queue. Let ry be the unique zero of z° — E[z*] with real z > 1. For any ¢ > 0 with

1+e<n,
_ s _ A1y
e =e(on ¢ (25 EpE ) (230)

|z|l=1+¢

holds when |w| < 1 + ¢; see, e.g., [121]. Alternatively,

E[w™] =

(s —E[Ag])(w — 1) ﬁ w— 2z

v = AW (2.31)
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holds for all w, |w| < ry, in which zy, ..., z,_; are the s — 1 zeros of z° — E[z#] in |z| < 1. Upon
differentiation, (2.30) and (2.31) provide expressions for all cumulants of Mg that are known to
allow for accurate numerical evaluation, see [121]. We have then performed, for a wide range
of parameters, the following experiment:

1. Fix f, and then choose integers s and m. In this way we create a standard bulk service
queue with discrete-valued generic increment Ag.

2. For ranging dg, calculate E[M;] using root-finding procedures and (2.31) or using the
contour integral (2.30).

3. Calculate

_ —ua —ub —uc
E[M] = / log(1 — (pe™ + pre™ + pee ))
27l Jg

)
4. Check whether E[M] = fE[M;].

After thoroughly conducting a range of these experiments, it has become clear that the con-
tour integral (2.29) can be computed with remarkable precision.

2.4.3. Random walk lower bounds

The tight upper bounds correspond to worst-case scenarios. We next show how the same MAD
approach can identify best-case scenarios and hence tight lower bounds. For each X;, define a
second ambiguity set, which is a subset of %, 4):

g)(y,d,ﬂ) {]P P e @(yd)’ ]P(X y,) ﬁu Vl} (2.32)

where f; € (57— 0, _M), - ﬁ) Hence, for obtaining a lower bound, we include the additional
information P(X; > ;) = f; in the ambiguity set. Now, instead of finding the worst-case distri-
bution, we want to identify the best-case distribution and corresponding tight lower bound. The
following result is a direct consequence of the general lower bound in [19] on the expectation
of a convex function of independent random variables with %, 4 5y ambiguity.

THEOREM 2.8. It holds that

min Ep[h,(X)] = Y, ha(),.... <">)Hqg>, (2.33)
PePuap) aef1,2)
where
@@ =p ¢ =1-p, O =p+d/2p, VP =pm—d/201-p). (2.34)

In Chapter 1, we have presented a novel proof with the primal-dual method. The extension
to the multivariate setting follows from the argument used earlier for proving Theorem 2.1.

Again specialize to the ii.d. setting, and denote by Y the random variable with two-point
distribution on values

e TR Ay
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Figure 2.2: Expected random walk maximum E[M, ] for U(-b, ), where b = 2, distributed step sizes with
MAD b/2 (middle curve, obtained by simulation)

with probabilities f and 1 — f3, respectively. Using a similar reasoning as for the upper bound,
we obtain for the tight lower bound of E[M,] an expression that sums over O(n?) terms:

ZZ,,;.

ky+ky=k

— B)* max{0, kyv; + kv, }. (2.35)

The tight lower bound for ¢, (M) can be expressed in terms of the integral

(—l)mm!/ log(1 — ¢y (— u))
¢

27i ym+1

(2.36)

where ¢y(s) = e + (1 — f)e™2, 6 is a contour to the left of, and parallel to, the imaginary
axis, and to the right of any singularities of log(1 — ¢y(—u)) in the left half plane.

We illustrate the lower bound (2.33) (calculated using (2.35)) in Figure 2.2 for the random walk
with step size X having a uniform distribution on [a, b]. Here we assume a specific distribution
just for illustration purposes. The MAD of X can be shown to be (b — a)/4. In Figure 2.2 we
choose b = —a = 2 so that y = 0 and d = 1. The upper and lower bound together provide a
tight interval for all possible distributions in the ambiguity set %(y11/2). Figure 2.3 shows the
tight upper bound (2.29) and the lower bound (2.36) for E[W] with ambiguity set with p = —1,
d = b/2 and range [—b — 2, b]. The bounds increase with the range and the MAD (which can be
shown to hold in general). For a point of reference, we also plot the exact results for one member
of the ambiguity set, with the generic increment having a uniform distribution on [—b — 2,b].

2.4.4. Numerical procedures for the GI/G/1 queue
Calculations for E[W,,] and c,(W) in the GI/G/1 queue can be performed using similar expres-
sions as for the random walk. Let the random variable V(3) follow a three-point distribution on
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Figure 2.3: Expected all-time maximum E[M] for U(-b — 2,b) and b € (1, 10) (middle curve, obtained by
simulation)

values {s1, 52, s3} with probabilities

& I S &
2(py —ay)’ Pz 2(py —ay)  2(by — py)’ b3 2(by — pyv)’

with 0 < ay < py < by, so that V(3) has mean pyy and MAD dy. Similarly, let Uy have a

P (2.37)

three-point distribution on values {t, t,, t;} with probabilities

4 A dy L
20y —ay)’ 20 —av)  20bu — ) 20y — )

" (2.38)

and 0 < ay < py < by, so that Uy has mean py and MAD dy.
We then have the representation, see also [49],

n 1 3 3
E[Wn] = Z E Z max{O, Z k,-s,- — Z ljtj} . P(kl,kz, kg) . R(ll, lz, 13) (239)

k=1 " Y k=kY; 1=k i=1 =1

with

2 k3

PllqplzC Pss R(ll,lz,l3) = Lol I3

ryrrs,

P(kl,kz,]%) =

k! !
kilkolks! IRIPY
which requires summing O(n°) terms.

Let ¢y, (s) and ¢y, (s) denote the moment generating functions of V(3) and Uz). The tight
upper bounds on ¢,,(W) are given by
(=)™ m! / log(1 — ¢y, (=w)du,, () du

6

um+1

em(W) <

2.40
211 ( )

where 6 is a contour to the left of, and parallel to, the imaginary axis, and to the right of any
singularities of log(1 — ¢y, (—u)¢y,, (w)) in the left half plane. Again comparing with extensive
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simulation, we have found the expression (2.40) accurate and hence suitable for calculating the
tight bounds.

2.4.5. Setting the range

Compared to variance, MAD may be more appropriate in case of real-life empirical data that
display non-Gaussian features and outliers. Indeed, unlike standard deviation, MAD does not
require existence of second moments, and is not so much affected by large deviations from the
mean. This feature, however, has major consequences when we let the range [a, b] grow large
in which case conditioning on the MAD being d thus allows for distributions with relatively
heavy tails. In particular, in the limit b — oo, this will lead to overly pessimistic scenarios as
heavy-tailed distributions with infinite second moments can still have a finite d and hence be
member of the ambiguity set. See Section 2.4.6 for more details. While for large but finite b a
truly heavy-tailed distribution with infinite second moment is ruled out, the dispersion allowed
by the ambiguity set might become too loose for practical purposes.

We now present some guidelines for setting the range, based on the observation that many
distributions come with a MAD and standard deviation of comparable size. For the Pearson
family of distributions (which includes the gamma and normal distribution) with mean p and
variance o2, the MAD d and variance are related as

d = 200 p(p) (2.41)

with & a constant depending on skewness and kurtosis and p() the density in p. For the expo-
nential distribution this relation gives d = (2/e)o and for the normal distributiond = (\/2/7)0.
Other distributions for which the ratio d/c is constant include the uniform distribution and
discrete distributions such as the Poisson, binomial and negative binomial distribution. In a
way similar to constructing confidence intervals in statistical estimation, we then choose to set
the range as the mean plus or minus a constant times the MAD:

a=p—k-d b=p+k-d (2.42)

Here we regard d as the natural scale of deviation, and k as a free parameter that sets the
robustness level. So we take the mean and MAD as given, and regard the range as tunable
(using common sense or statistical evidence) by the decision maker. We assume that y and d
can be estimated accurately with existing statistical procedures; see e.g. [179]. We should stress
that, while intuitive from a probabilistic perspective, the rule (2.42) is only one of many ways
to choose the parameters a, b.

Table 2.2 illustrates the results associated with using (2.42) for a setting where we take the
M/M/1 queue as the “true” model. The increment X now becomes the difference of two ex-
ponential random variables for which we have a closed-form MAD expression in terms of the
mean value of X. We consider an instance with unit mean exponential interarrival times and
exponential service times with mean p, so that the increment X has mean y = p — 1 and MAD

d= We thus have reference values for y and d, and can investigate the impact of k. The

271
p+1 "
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bound grows almost linearly with k, in particular in heavy-traffic scenarios, and this underlines
the need for careful selection of the range. While the actual range of the M/M/1 queue spans
all real numbers, we see that restricting deviations to twice the MAD (k = 2) gives comparable
model performance. When reading Table 2.2, keep in mind that the overall goal in this chapter
is not to approximate specific models, but rather to come with conservative, robust estimates
for an entire class of models that share the same mean-MAD-range properties. In that sense,
k = 2isnot better than k = 1.5 or k = 2.5, but rather expresses a different ambiguity assessment
or robustness level. The M/M/1 queue serves as a point of reference but is not contained in any
of the underlying ambiguity sets, as the range of the step size is unbounded.

Table 2.2: The actual values and bounds of the expected steady-state waiting time E[W] of the M/M/1
queue with the range [a, b] set through the rule (2.42)

p E[W] 1.5 1.75 2 2.25 2.5 3
0.1 001111 0.10497  0.16434  0.21535  0.25915 030116  0.40782
0.5 050000 0.56329  0.67919  0.79663  0.91459 1.02840 1.26462
0.6  0.90000 0.86690  1.03323  1.19770 1.36332 152804  1.85818
07 163333 141436 166589  1.91885  2.17142 242373  2.92850
0.8  3.20000 2.57273  3.01339  3.45454  3.89573  4.33672  5.21866
0.9 810000 6.21057  7.25250  8.29428  9.33642  10.37811  12.46184

0.99 98.01000 73.55537 85.81540 98.07540 110.33542 122.59543 147.11548

2.4.6. Degenerate behavior for infinite range

The variance of X3 is (b — a), the maximal variance for distributions in the ambiguity set
%P u.a)- Hence, for fixed d, the variance becomes unbounded when b — co. As a consequence,
this results in fairly crude bounds:

PROPOSITION 2.9. Asb — oo, the bound (max Ep[ f,(X)] converges to
)

n-— + Z K, Zk: max{0, kja + kap} - r 'k |p1 pre (2.43)
1+
with p; = 2(” ) and p, = ﬁ.

Proof. Split the inner summation in (2.25) into three parts. First consider the summation over
Yiki =k : ks > 2, ie. those outcomes where the value b occurs multiple times. Taking the
limit b — oo inside of the summation and recognizing that the probability mass on this point is
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of order O(l/bk3) gives
d“ max{0, k1a + kot + ksb} k! ky
lim . ke — o )44
b_mZ»k,v:;h}z 26 (b — p)s Ky y ks ! Py P2 (2.44)

Next consider Y, k; = k : k3 = 1, denoting the instances for which b is attained precisely once.
Taking the limit b — oo inside the sum and using that b occurs with probability O(1/b) results

m
. dmaX{O,kla+k2ﬂ+b} k! ki ks d (k_l)' ki ks d
Jim 2(b — ) Tt P1 P =k 2 e, PPz =k

Y ki=k:ks=1 ¥ kythp=k—1
(2.45)
The third part is then ), k; = k : k3 = 0, representing the realizations without the point b. As

b — oo, we get

. k! k!
!}gg Z max{0, kya + kyp} - AT phipk = Z max{0, kia + kypt} - AT phpke. (2.46)
¥ kimk ky=0 kitho=k
This completes the proof. O

Proposition 2.9 suggests that large running maxima are likely due to a single large step. The
feature is caused by heavy-tailed distributions, and in queueing theory dubbed the single big
jump principle (see, e.g., [81]). This dominance of one step sharply contrasts intuition for light-
tailed distributions, where typically all steps together lead to large sums or maxima. The bound
(2.43) for E[M,] grows to infinity as n — oo, rendering the bound useless for the expected all-
time maximum E[M]. This is indeed anticipated, and can be understood as follows. Define a
sequence of random walks indexed by b with the extremal three-point distribution. Consider
the limiting all-time maximum M as b — co. Assume that the random walk has negative drift
(ie, E[X] < 0). Then the associated sequence of distributions of M = Mg, will converge
to a proper limit My. However, as limy_,., %(,4) contains distributions with infinite second
moment, [7, Theorem X.2.1] says that E[M(«)] will be infinite.

2.4.7. Data-driven setting
In applications, one may only have a limited number n of observed interarrival and service
times. We consider this realistic setting where knowledge of the stochastic nature is restricted to
a set of samples generated independently and randomly according to an unknown distribution
IP. To apply the mean-MAD framework in this context, we need to construct the ambiguity set
that is supposed to contain this unknown P. We will show that we can efficiently estimate the
mean, MAD and f, and hence compute robust bounds that are useful in realistic settings.

Let 4, d) and B{") denote the consistent estimators of py, dy and fy = P(V > py),

respectively, based on n observed service times vy, ..., v,, and defined as ,uﬁlv) =9 = %Z?:l Vi,
dV) = 13" | — 0l and B = L3 150 (v;). We define similar estimators based on n

observed interarrival times. Next, we demonstrate the mean-MAD bounds in this data-driven
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setting. Since statistical accuracy of the estimators increases with the number of samples, we
expect the bounds to converge as n increases.

We have performed extensive simulations to investigate the error between the estimated and
true bounds for several values of the sample size n. We generate 1,000 sample paths of sample
size 10,000 and compute the corresponding mean relative error. Table 2.3 displays the mean
absolute percentage error (MAPE) for both the upper and lower bound estimates, where the
interarrival time is U(0, 10) distributed and we differentiate between a 50% and 90% utilization
level. Sample paths resulting in instable systems were removed. The lower bound is slightly
harder to estimate than the upper bound. Indeed, the lower bound requires estimating the
additional parameters Sy and fy. Also observe that the relative error increases with the system
utilization.

Table 2.3: MAPE of the bound estimates for n = 150, 200, 500, 1000, 2000, 5000, 10000

MAPE with sample size n

Service times Bound 150 200 500 1000 2000 5000 10000
U(0,5) UB 15.44% 13.22%  8.31% 5.84% 4.28% 2.72%  1.89%
LB 25.51% 22.30% 13.86%  9.75% 7.08% 4.53% 3.16%

U(0,9) UB 33.35% 30.93% 21.93% 16.35% 13.29% 8.92% 6.41%

LB 36.27% 35.01% 28.72% 22.30% 17.35% 10.77% 7.58%

To further highlight the role of system utilization, we perform a similar data-driven exper-
iment, but now with ground truth a single trace of n customers in an M/M/1 queue. The U;
are sampled from a unit mean exponential distribution, and the V; are exponentially distributed
with mean p. The results are shown in Figure 2.4. Indeed, as p increases, more observations
are required for accurate parameter estimates and hence accurate bounds. Observe that con-
vergence settles in quickly for low-utilization regimes. Taken together, we conclude that the
robust bounds are useful for realistic data-driven settings that require statistical estimation of
the summary statistics such as the mean and MAD.

2.5. Conclusions and outlook

This chapter explains why MAD simplifies comparable variance-based optimization problems,
in a way that is almost unreasonably effective, resulting in a full solution to the extremal queue
problem with mean-MAD-range information. When full distributional information is not avail-
able, or simply judged too detailed, the mean, MAD and range together form partial yet suffi-
cient information for obtaining robust bounds on the steady-state waiting-time moments in the
GI/G/1 queue. Through basic statistical estimation of this partial information the GI/G/1 queue
becomes a data-driven model that adjusts to available training data, for which we present tight
performance guarantees. While the bounds we have obtained for mean-MAD information are
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Figure 2.4: Estimation of the mean-MAD ambiguity lower bound for the M/M/1 queue, with the dashed
lines corresponding to estimates of the tight bounds

the best possible, it is worth exploring the potential improvements that can be made using more
distributional information, such as higher-order moments and other summary statistics. How-
ever, it is currently unclear how our approach can be adapted to incorporate this information,
so further research in this direction will be necessary.

Compared to the classical extremal queue problem, the key idea in this chapter was to use
MAD instead of variance as dispersion measure. This idea is likely applicable to other queueing
systems. Examples are the multi-server GI/G/c queue, with a cyclic allocation rule, and tandem
queues. Indeed, some of the key performance measures for such systems are expectations of
functions that are convex in the random variables (see, e.g., [192]), and therefore the mean-
MAD approach can be used. The MAD approach is of interest beyond queueing theory, because
the search for extremal distributions of convex functions is relevant in many other settings.
Moreover, whenever a performance measure can be viewed as a convex function of i.i.d. random
variables with mean-MAD ambiguity (e.g., nested max-operators in production systems; see
[37, 89]), our approach will identify the extremal distribution and tight bounds.

The crux of the MAD approach consists of the explicitly solvable dual LP described in Sec-
tion 2. A simple argument then showed that this solution is independent of the precise objec-
tive function (in this chapter describing waiting-time moments of the GI/G/1 queue). Hence,
the MAD approach is a generic, computationally tractable way to analyze stochastic processes,
such as random walks and queues.
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Second-order bounds for the M/M/s queue
with random arrival rate

3.1. Introduction

The majority of stochastic models in queueing theory assume known arrival processes, which
facilitates exact analysis. In fact, the dominant assumption is that potential customers arrive
according to a Poisson process with a known intensity. In contrast, we interpret the arrival rate
as an unknown parameter of which partial information is available. The arrival rate parameter
is then replaced by a random variable with some distribution representing what is known about
the market size. We primarily focus on the situation where we know the mean and variance
of this market size, with the connection to classical queueing theory when the variance is zero
and, hence, the random variable is known to be identical to the arrival rate.

The technical challenge is to solve the maximization problem, which requires to determine
tight bounds for the expected wait for all distributions of the random arrival rate that comply
with the partial information. A tight upper bound on the expected wait presents for the rational
choice model the worst-possible scenario, and yields the corresponding tight lower bound on
the market share. For mean-variance information, we will show that these tight bounds are
attained by two-point distributions, essentially saying that the worst-case market is one where
individuals assume the actual market size attains its maximum size or is well below the expected

This chapter is based on the research paper [212].
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market size. To establish such tight bounds, we invoke primal-dual techniques for solving semi-
infinite linear programs. Successfully applying these techniques will prove to depend crucially
on the properties of the expected wait viewed as function of the arrival rate. For the main
queueing system in this chapter, the M/M/s queue, we shall leverage that the expected wait is
(i) increasing and (ii) convex in the arrival rate, with (iii) the first derivative with respect to the
arrival rate being a convex function. All three properties turn out to be crucial for solving the
optimization problems in this chapter, and the convex derivative will be particularly useful for
the setting with mean-variance information.

This research connects four themes in the queueing literature: random arrival rates, second-
order bounds, parametric convexity and rational queueing.

Queues with random arrival rate. Due to its mathematical tractability, the M/M/s queue
is among the cornerstones of queueing theory and is widely applied in service operations man-
agement. To enhance practical relevance, several studies proposed to relax the assumption of
Poisson arrivals, and instead model the arrival rate as a random variable [9, 44, 47, 107, 111,
204, 223, 233]. This gives rise to a Poisson mixture model for the arrival process, which can
deal with forecast errors, overdispersion (compared with the natural fluctuations of a Poisson
process) and unknown market size. The mathematical formulae of the M/M/s model, such as
the Erlang-C formula for the delay probability, then still apply once the mixing distribution can
be characterized. Jongbloed and Koole [125] showed how to estimate this mixing distribution
based on available data of arrivals.

Second-order bounds. For this M/M/s queue with random arrival rate, we derive perfor-
mance bounds that do not require the full mixture distribution, but only utilize the first two
moments of the arrival rate. To derive such second-order bounds, we need to solve a semi-
infinite linear program. To do so, we first show that the expected stationary waiting time can be
written as the expectation of a function of the random arrival rate that has a convex derivative.
We then establish a general result, which provides tight second-order bounds as the solutions
to semi-infinite linear programs for the expectation of functions with convex derivatives. Such
semi-infinite linear programs arise naturally in studying second-order bounds, or more gener-
ally, moment problems. For example, [32, 66, 70] use second-moment information to compute
tight bounds for distributionally robust stochastic programming. Second-order bounds also
play a predominant role in the theory on performance bounds for queues, which started with
the work of Kingman [132]. Kingman derived bounds for the mean waiting time in the GI/G/1
queue, expressed in terms of the first two moments of the interarrival- and service-time distri-
butions; however, these bounds are not in general tight.

Convexity and beyond. Numerous studies have taken advantage of the insight that mo-
ments of the waiting time can be viewed as the expected value of a convex function. Vasicek
[216] showed that the variance of waiting time under a general queueing discipline does not
exceed that under the LCFS discipline, and Hajek [96] established that among all arrival pro-
cesses for an exponential server queue with specified arrival and service rates, the arrival pro-
cess which minimizes the expected waiting time is the process with constant interarrival times.
Weber [219] revealed that the mean queueing time in the G/GI/m queue is nonincreasing and
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convex in the number of servers, m, indicating that marginal analysis is optimal for determining
server allocation among various service facilities so as to minimize the total expected queue-
ing time. The proofs in [96, 216, 219] rely on convexity properties. Convexity of queueing
performance metrics is a highly desired property in the parametric optimization of stochastic
systems. A substantial body of research employs direct algebraic methods to establish con-
vexity of the steady-state performance metrics as functions of the design parameters; see, for
example, [91, 103, 104, 106, 119, 142, 220]. For a comprehensive discussion on the related notion
of stochastic convexity, we refer the interested reader to [192, 193, 195]. However, as mentioned
earlier, for the present study we require convexity of the objective function’s derivative. Several
closely related concepts emerge in the extremal analysis of queueing systems. In this context,
the need for a convex derivative is replaced by closely related sufficient conditions that warrant
the application of the theory of complete Tchebychev systems [128]. For a detailed discussion
of the relevance of these systems to queues, please refer to [73, 94].

Rational queueing with limited information. A mature literature exists [108] that seeks
to elucidate the rational decision-making processes of users who decide whether or not to access
delay-sensitive services based on utility. Naor [162] initiated this line of work for the observable
M/M/1 queue with a customer utility that depends linearly on the price, the value of service and
the expected waiting time. Edelson and Hilderbrand [74] investigated similar questions for the
unobservable M/M/1 queue. These works explore the environment with a deterministic arrival
rate. Liu and Hasenbein [143] expanded upon Naor’s model by assuming that the arrival rate
is drawn from a known probability distribution accessible to the decision maker. This concept
was further extended to the unobservable setting in [48]. Their research demonstrated that a
socially optimal pricing strategy results in a lower expected arrival rate compared to a price set
by a revenue-maximizing decision maker. Hassin et al. [109] examined the unobservable model
with a random arrival rate from a distinct angle, where strategic customers base their decisions
on a rate-biased time-average property when estimating their expected waiting time. Wang
et al. [218] extended the traditional observable model to a distributionally robust setting by
taking into account an uncertain arrival rate governed by an unknown underlying probability
distribution.

3.1.1. Contributions and outline
We summarize the main contributions of this chapter as follows:

1. For the M/M/s queue with partially known arrival rate we establish novel tight bounds.
When mean-variance-support is known, we show that the tight bound on the expected
wait is attained by a two-point distribution. We also present similar results for the envi-
ronment in which the service rate is partially known, or when the dispersion measure is
changed from variance to mean absolute deviation or semi-variance.

2. Our proof of these tight bounds combines two results from disparate areas. The first result
stems from optimization and says the semi-infinite linear program that describes the tight
bound for the expectation of a convex function with a convex derivative is attained by a
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two-point distribution. The second result stems from queueing theory and shows that the
expected wait as a function of the arrival rate is convex, and we show that its derivative
is also a convex function of the arrival rate. Combining these two results provides an
effective strategy for finding distributionally robust bounds for queueing systems subject
to parametric uncertainty.

3. The bounds are leveraged for analysis of non-observable M/M/s queues that cater to ra-
tional users who decide to join or balk based on expected utility. We use the wait bounds
to bound the equilibrium arrival rate, which in turn leads to tractable maximin analyses
for setting the revenue-maximizing price. In this way, we extend the classical strategic
queueing literature with known model parameters as in [162] and [74] to a setting where
the arrival rate is only partially characterized in terms of range, mean and variance.

4. We further introduce a broader framework for the methods presented in this chapter,
enabling their application to other queueing systems that are subject to parametric un-
certainty. We additionally propose to incorporate additional types of information which,
in the context of steady-state performance metrics, yield tight bounds under paramet-
ric uncertainty. In all cases, the mathematical tractability of the distributionally robust
queueing models hinges on the “curvature” properties of the steady-state performance
metrics with respect to the uncertain parameters governing these models.

The chapter is structured as follows. Section 3.2 contains the proof of our main result, which
provides bounds for the expected wait under uncertain arrival rates. Section 3.3 applies these
bounds to a rational queueing model. In Section 3.4, we explore several information sets that
complement mean-variance information. In Section 3.5, we examine other types of queueing
problems. Finally, in Section 3.6, we conclude and propose future research directions.

3.2. Tight bounds for expected wait with limited market
knowledge

In this section, we derive bounds for the expected wait with an uncertain arrival rate. Sec-
tion 3.2.1 introduces the central problem. Section 3.2.2 derives the second-order bounds for
general convex functions with a convex derivative. In Section 3.2.3, we apply these second-
order bounds to the expected wait in the M/M/s queue.

3.2.1. The model

Consider an M/M/s queue with Poisson arrivals with rate A, unit mean exponential service re-
quirements and s parallel servers, each operating with service rate . Let W(s, 1) denote the
total system time experienced by a customer in this queueing system, which depends on the
number of servers s and the arrival rate . We shall refer to W(s, 1) as the expected wait. For
notational convenience, we omit at first the functional dependence on the service rate parame-
ter y1, but our findings remain valid for any given value of this parameter. Suppose that 1/p < s.
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Then the single-server M/M/1 queue has expected wait W(1,1) = (u — A)~'. Observe that

Swan=—1so Lwan= -2 s
A Py R B YERA Ll iy
and
” W= —5 S0 fora<
— = I .
F e () LN

Hence, A — W(1, ) is an increasing, convex function of 1 with a convex derivative. We now
present some general results for functions ¢ that have the same properties as W(1, -). We present
the results in general form, because we will apply these results later to W(s,A) with s > 2 as
well, to obtain the solutions for

max Ep[W(s,A)] (3.1)
Pe (m.c)
in which we focus on the case & = %, ,) with the latter shorthand notation for % (m, o, x, %),

the set of all distributions with mean m, standard deviation o and the support contained in the

interval [A, A]. That is,
P(m,o,A2) := {P e P([AA] : Ep[A]l = m, Ep[A’] = 0 + m® }

where %([4, A]) comprises all probability distributions with support contained in [A,1]. We
shall refer to such a set as an ambiguity set. Henceforth, the market size is viewed as a random
variable with a distribution contained in % (m, o, A, 1). We further assume from this point on-
ward that the system under consideration is stable for each realization of the random arrival
rate; that is, 1 < SH.

3.2.2. Bounding the expectation of a convex function with convex deriva-
tive

We first demonstrate how (3.1) can be written in terms of a moment problem. To emphasize the

generality of these results, we develop bounds for /x ¢(x)dP(x), where ¢(-) represents a function

of a random variable X possessing specific “curvature” properties, shared by W(s, -). We next

solve maxpeg,, , Ep[#(X)] where the constraints that define %y, ) correspond to known first

and second moments and support contained in [x,x]. In other words, we wish to find

/ $(0dP(x)

max
PePy([x.x])
s.t. /xd]P(x) =m, /xzd]P(x) =(c? +m?),
X X
which constitutes a semi-infinite linear program with an (infinite-dimensional) decision vari-

able, the probability distribution IP, which must reside within %, ;). In this formulation, it often
proves more manageable to solve the corresponding dual problem, which is also a semi-infinite
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linear program, but with an infinite number of constraints instead of an infinite-dimensional
decision object. For (3.1), this dual problem involves finding 7o, 771, 77, such that

Mo + mx + mx® = P(x),  Vx € [x, %],

and 7y + mym + my(0? + m?) is minimized. The following result, attributable to Birge and Dula
[32], offers a solution to (3.1) under these curvature conditions for ¢. The proof relies heavily
on duality theory for moment problems:

LEMMA 3.1 (Theorem 5.1, [32]). Let x — @(x) be a continuously differentiable and convex func-
tion on the interval |x, x| with its derivative ¢'(x) being convex on [x, c] and concave on [¢,x] for
x < ¢ < x. For a random variable X with distribution P € % (m, 0, x,X), the tight upper bound
for Ep[¢(X)] is attained by a discrete distribution with at most two support points.

As a consequence of Lemma 3.1, we can restrict attention to two-point distributions in the
search for the extremal distribution that attains the tight bound Ep[¢(X)]. A similar result was
already applied by Popescu [178] to the setting in which the support of the uncertain parameter
is unbounded, i.e., supp(X) = R.

LEmMA 3.2 (Extremal two-point distributions). Consider a function x — ¢(x) that is con-
tinuously differentiable and convex on [x,X], and let X be a random variable with distribution
Pe%(m,o,x,%).

(i) If the derivative ¢’ (x) is convex on [x,X], the tight upper bound for ]E]p[qS(X)] is attained by a
two-point distribution with values {m——z X} and correspondlngprobabllltles{m, m}
(i) If the derivative ¢’(x) is concave on [x, x] the tight upper bound for Ep[¢(X)] is attained by a

two-point distribution with values {x, m+—>— } and corresponding probabllltles{m, (m(m;)f)zaz 1.
Proof. A two-point distribution with mean m and variance o* has support
1-«a
X, =m+ (3.2)

1—a

with probabilities &, 1 — «, respectively. We thus need to solve max,, ®(«) with

d(a) :=a¢(m+ \ {l;aa> +(1—a) <m— ,1foco->

and
o (m—x)°
ae |- , |
Gx—-m)+o02 (m—x)+o?
due to the support being contained in [x,x]. To show that a* = m is a maximizer, we
will prove that ®(«) is nonincreasing in «. For differentiable ¢, we have that

¢ (x1) + ¢/(x2).

000 = ) — ) — (o — ) O

(3.3)
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In order for ®(«) to be nonincreasing, we need

¢’ (o) + ¢ (x1) <0

P(xz) — Pplx1) — (2 — x1) 2

5

or

¢ ) +¢'Car) _ P0x) — $0x1)

2 - X2 — X1 '
This inequality holds by convexity of ¢’. Thus, as ®(«) is nonincreasing in @, the maximum
occurs at the lower bound of the feasible set (i.e., a* = (Z"%) Substituting the optimal

x—m)i+o
value o into our parameterized expression for the two-point distribution then yields assertion
(D).

For assertion (ii), note that for concave ¢’, ®(«) is nondecreasing in « and therefore maxi-
(m—x)* O

mized by a = m.

Returning to the expected wait in the M/M/1 queue, we see that the tight bound for Ep[W (1, A)]
is attained by the two-point distribution in Lemma 3.2(ii). We shall prove this result for the
multi-server system in the next subsection.

3.2.3. Bounding the expected wait as function of the arrival rate

To apply the results in the previous section to the multi-server M/M/s queue with random
arrival rate, we must show that the expected wait, as a function of the arrival rate, has a convex
derivative. Therefore, we need to study the third derivative of W(s, 1) with respect to A. The
expected wait is a classic formula in the queueing literature, for which a host of properties have
been discovered, including convexity with respect to A; see, e.g., [91] and [142]. But to the best
of our knowledge, the property of a convex derivative with respect to A has not been reported.
However, this property was reported in [182] for the expected queue size defined as

L(s,A) :=sp + —2—C(s, ), (3.4)
I-p

where C(s, ) is the Erlang-C formula, the probability that an arriving customer experiences
delay in the M/M/s queue and p = A/(sp). [182] proves that L(s, 1) as function of the arrival
rate A, indeed has a convex derivative. By Little’s law, W(s, 1) = L(s,1)/A, and one could try
to see whether the convex derivative of L(s, A) implies the same property for W(s, 1). We do
not see a direct proof for this argument, in which we can use convexity of the derivative of
the expected queue length L to demonstrate convexity of the derivative of the expected wait
W. We therefore choose to provide a standalone proof for the fact that W(s, A) has a convex
derivative, just like L(s, ). The proof method we apply is largely inspired by that in [182]. In
the following, we provide a proof sketch. The details are relegated to the Appendix. First, we
determine an expression for the third derivative of the expected wait as a function of the server
utilization p. Then, we write this expression as a function of the Erlang-C formula C and the
number of servers s. It then suffices to show that this expression is nonnegative for all values
of s and Vp € (0, 1), which implies convexity of W(s, 1) as a function of A with the number of
servers s fixed.
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LEMMA 3.3 (Derivative w.r.t. A is convex). The expected wait W(s, 1) as function of A € (0, 1)
has a convex derivative.

Proof. See Appendix B.1. O

Convexity of W(s, -) as a function of A implies that the extremal distribution of A is given by
the extremal distribution in Lemma 3.2(i). This then yields our main result.

THEOREM 3.4 (Second-order bound for random arrival rate). Consider an M/M/s queue with
random arrival rate A that follows a distribution P belonging to the ambiguity set Py, ). The
tight upper bound for the expected wait Ep[W (s, A)] is attained by the two-point distribution with

support
A
M=m-—= , =A
1 T m 2
and corresponding probabilities
B A —m)? 3 o?
p A —m)? + 0% P2 A —m)? + o2

We demonstrate the effectiveness of our novel second-order bounds through a numerical
experiment. The results are presented in Table 3.1. We assume that the “true” distribution of
the random arrival rate follows a beta distribution with support [0, 1] and standard deviation
fixed to 0 = 0.1. We consider the scenario with s = 2 servers and vary the mean m to obtain
results for multiple utilization levels. The average utilization level is denoted by p = m/(sp).
As shown in Table 3.1, the second-order bounds proposed in Theorem 3.4 perform well for low-
and medium-utilization regimes. However, for high utilization, the bounds deviate significantly
from the true value when assuming a beta distribution for A. Furthermore, the bounds widen
as the upper bound of the support A increases. The second column corresponds to the second-
order lower bound, which can be obtained using the extremal distribution in Lemma 3.2(ii). This
holds because determining the lower bound is tantamount to maximizing Ep[—@(X)]. Notice
that this bound depends on A, the lower bound of the support, rather than A.

Table 3.1: Numerical bounds for the expected wait in the M/M/2 queue with random arrival rate following
a beta distribution with support [0,1] and ¢ = 0.1

A =1.925 A=1.95 A=1.99
p LB EW(@A] UB |EW®A)] UB |EW(@A)] UB

0.2 1.0445 1.0449 1.0940 1.0449 1.1199 1.0449 1.4312
0.5 1.3389 1.3440 1.4655 1.3440 1.5315 1.3440 2.3236
0.7 1.9753 2.0094 2.3200 2.0096 2.5002 2.0098 4.6625
0.8 2.8099 2.9442 3.5518 2.9465 3.9446 2.9497 8.6515
0.9 5.3921 6.4285 7.6443 6.6019 9.0133 6.9387 25.0550
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3.3. Rational queueing model

We apply in this section the results derived in the previous section to rational queueing models.
Section 3.3.1 introduces the rational queueing model with a known market size. In Section 3.3.2,
we extend this model to the setting in which customers are ambiguity-averse about the total
market size.

3.3.1. Model with known market size
Consider a firm that sells delay-prone services to a market of rational delay-sensitive individ-
uals. Individuals value service, but dislike waiting, and will only join when the net service
value exceeds the wait costs. They cannot observe real-time queues, and instead estimate their
expected wait costs based on beliefs or information about the total arrival rate of all potential
customers. The arrival rate or market size is measured in terms of the scale parameter A, so
that the expected time between arrivals of consecutive individuals is 1/A. All individual joining
decisions together give an equilibrium arrival rate or market share A,, which could be viewed
as the product of A times the probability that an individual decides to join. We then consider the
firm as a price-setting monopolist seeking to maximize revenue. With p the price for service,
the firm can influence the net service value of individuals, and hence the joining probability.
A low price yields small margins but high joining probability, while a high price increases the
profit per customer but suppresses the market share. The firm should thus strike the optimal
balance between profit per customer and market share. Such challenges have been thoroughly
addressed in the rational queueing literature [108].

Assume that the firm operates according to an M/M/s queue, but that the arrival process con-
sists of individuals that decide to join-or-not based on a rational-choice model. An individual’s
utility in acquiring service is defined as

U=r—p—cW(s, 1)

with r the value of service, p the price for service, ¢ the wait costs per time unit, and A, the
effective arrival rate of joining individuals. Here we assume that individuals cannot observe
real-time queue lengths, but instead know how the expected wait varies with overall demand.
Hence, the rational choices are based on a linear relation between net service value and expected
wait costs, and an individual will only join when U > 0. This is a common set-up in the rational
queueing literature with self-interested individuals that tend to overcrowd systems, because
they ignore externalities—inconvenient side effects—that their decisions have on others. When
an individual decides to join, this will increase congestion and wait for all customers. Standard
game theory then predicts that all individual decisions together will lead to an equilibrium,
expressed in the equilibrium arrival rate, the probability q(p) that an arbitrary individual joins
the system multiplied by the market size A. Since not joining the queue gives zero utility, the
equilibrium joining probability q(p) then solves U = r — p — cW(s,q(p)A) = 0. The arrival
process of those who decide to join is then a Poisson process with rate g(p)A. To optimize
revenue, the firm needs to set the price that strikes the best balance between margin p and
market share A.(p) = q(p)A. Notice that the joining probability q(p) is an implicit function that
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decreases with p and can only be determined as the solution to U = 0 when individuals know
the arrival rate parameter A. The firm then effectively solves the monopoly pricing problem,
max, p - q(p) - A, to attain maximal revenue. The optimal solution to this problem for a given
market size is already well established [108]. Instead, in the next subsection, we choose to view
the market size as a random variable of which only limited information is available.

3.3.2. Model with ambiguous market size

We interpret the market size as an unknown parameter about which the individuals that con-
stitute the market form beliefs. The parameter A is then replaced by a random variable A with a
distribution representing what individuals believe or know about the market size. We primar-
ily focus on the situation where individuals only know the support, mean and variance of A.
From the individual’s perspective, variance of A expresses uncertainty about the market size,
and hence uncertainty about the expected waiting. For this setting with partially-informed cus-
tomers, or an ambiguously specified arrival process, we consider the revenue-maximizing firm
as a maximin decision maker, first determining the worst-case market (a minimization prob-
lem), and then maximizing the revenue by selecting the best price for this worst-case market.
The firm thus attempts to solve the maximin problem

max min Ep[p-A.(p)] (3.5)
P PePy o

with IP the distribution of the market size A and %, , the ambiguity set that contains all distri-
butions that satisfy the partial information, given by the mean, variance and support. Minimax
and maximin optimization problems such as (3.5) arise naturally in decision making under un-
certainty. Our strategy for solving such problems will be to solve first the minimization problem
minpegp,, , Ep[A.(p)], and then the maximization problem for this worst-case market. The tech-
nical challenge is to solve the minimization problem, which requires determining tight bounds
for the expected wait for all distributions of A that comply with the partial information. How-
ever, this part was already resolved in the previous section, where we derived an upper bound
on the expected wait. A tight upper bound on expected wait presents the worst-possible sce-
nario in the rational choice model and yields the corresponding tight lower bound on the market
share. Observe from the expression for the utility U > 0 that solving minpeg,, , Ep[Ac(p)] is
equivalent to solving maxpegp,, , Ep[W(s,q(p)A)]. That is, the worst-possible expected market
share arises from the worst-possible utility and hence worst-possible expected wait. To make
this more precise, notice that the maximin problem (3.5) can also be written as an optimization
problem in terms of the equilibrium joining strategy g(p); that is,

max min Ep[q(p)A] - Ep[r — cW(s,q(p)A)]

q(p)el0,11n[0,51/7) PEP o)

= max _ min Eelg(p)m(r— (s, g(p)A))],
q(p)el0,11n[0,511/X) PEP(m )

(3.6)

where the equivalence follows from the fact that the expected value E[A] = m is a known
constant as it is part of the information contained in the ambiguity set. To see that (3.6) is
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equivalent to (3.5), we carefully go over the decision processes of the firm and the customers.
First, the firm sets a price p, and then the customers settle on a joining strategy with expected
utility U = 0, while considering all possible distributions that might govern the market size A.
That is, the customers solve the equationr = p+maxpes,,,, cEp[W (s, g(p)A)], with the expected
value operator appearing here because of the customers’ internal calculations. In equilibrium,
the utility equation can then be rewritten as p = minpegp, , Ep[r — cW(s, q(p)A)]. Now, if
the firm sets the price to p, the expected revenue will equal this price times the market share,
p - Ae(p) = p-Ep[g(p)A], yielding (3.6). In order to solve the utility equation, we must make
additional assumptions regarding how customers experience waiting times in a mixed Poisson
model.

The next question then is a rather philosophical one: What to assume for the wait expected
by an arbitrary arriving customer? One natural choice is Ep[W (s, gA)]; see, e.g., [47] and [48].
Here, we assume nature picks a realization A = A, and customers from time 0 onward arrive
according to a Poisson process with this rate. Customers remain unaware of the specific uni-
verse (i.e., event A = A) they live in but hold a (Bayesian) prior belief about the probability
of residing in one universe compared to another. Another option is to base the rational de-
cision made upon arrival on the posterior distribution of A, the updated version of the prior
distribution of A that accounts for size bias. That is, the customer uses the conditional distri-
bution of A given the realization of its own arrival event. [109] calls this phenomenon RASTA
(Rate-biased ASTA), as a counterpart of PASTA. For any function g(-), the posterior expectation
of g(A) at arrival instants is E[Ag(A)]/E[A], and when g is nondecreasing and convex, then
E[Ag(A)]/E[A] = E[g(A)] > g(E[A]). As an application, consider the M/M/s queue. Then, the
expected wait with a random arrival rate gA equals

E[AW(s.gM)] _ ElgAW(s,gM] _ E[L(s,¢M]

W) = =g ElgA] ElgA]

The utility of a customer who joins the queue when all the other customers use strategy g equals
Ul@ =r—p—cW(s,q)

and the best response of an individual customer is to join if and only if U(g) > 0. When
accounting for size bias, we thus need to solve

W (s, 3.7

pIax (s.9) (3.7)

to find the worst-case market share. Alternatively, assuming (P)ASTA instead of RASTA, we

should consider
max Ep[W(s, qA)]. (3.8)

PEP (.5
It is easy to show that (3.7) is also solved by the distribution in Lemma 3.2(ii), as it is known
that AW(s, A) is increasingly convex in A (see [182]) and E[A] is a known constant since the
mean m is contained in the ambiguity set. For the RASTA arrival assumption, we then obtain
the following result.
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CoROLLARY 3.5 (Market share with partially known market size, RASTA). Let the market
size A follow a distribution P that belongs to the ambiguity set % (m, o, A, 1). Suppose the market
consists of individuals that base their decision on the posterior distribution of A. Then, the worst-
case joining probability q = q* solves the equation

r— MW (s, gA AW (s, gh
P:p11 (611)+p22 (QZ),

C m m

with Ay, Ay, p1 and p, as defined in Theorem 3.4.
When we work with (3.8) instead, Theorem 3.4 implies the result for PASTA arrivals:

COROLLARY 3.6 (Market share with partially known market size, PASTA). Let the market
size A follow a distribution P that belongs to the ambiguity set % (m, o, A, 1). Suppose the market
consists of individuals that base their decision on the prior distribution of A. Then, the worst-case
joining probability q = q* solves the equation

r—p
Cc

= pW(s,qd1) + paW (s, qAy),
with Ay, Ay, p1 and p, as defined in Theorem 3.4.

We next present numerical results for the M/M/1 model with random market size A ~ P €
Pn(2,0,0,4),c = 0.25, r = 2 and RASTA arrivals. Figure 3.1 illustrates the equilibrium joining
probabilities and revenues for various price values p and different levels of variance ¢?. As
expected, both the joining probabilities and revenues decrease with an increase in the dispersion
of the market size. This observation aligns with the intuition that greater variance indicates
more uncertainty about the market size and, as a result, greater uncertainty about the expected
wait. Another noteworthy characteristic of the ambiguous model, as compared to the model
with a known arrival rate, is that the equilibrium joining probability cannot exceed a certain
level since, otherwise, the M/M/1 system can become unstable.

For conciseness, let P* denote the extremal two-point distribution, as defined in Theorem 3.4,
in the remainder of this section. We now present expressions for the optimal price in the RASTA
context. To accomplish this, we start by deriving an expression for the derivative of the expected
queue length with respect to A, using the equation for L’(s, p) from [91]. By substituting p =
A/(sp) into the expression for L'(s, p) and applying the chain rule, we obtain

1 <C(s, Mu(sp+ A —C(s, )A)
U (A —sp)?

Let us now determine the joining probability that results in the maximal revenue for the firm.

M(s,A) 1= %L(s, A) = +C(s,A) + 1) .

ProrosITION 3.7 (Optimal joining probability). Consider the M/M/s queue with RASTA ar-
rivals. Suppose that c/u < r < cW(s,1). Then the joining probability q* that maximizes the

revenue for the firm, in the worst-case market A ~ P € %, ), is the unique solution in q of

_Er[AMG,g0)]

=0. (3.9)
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Figure 3.1: Equilibrium probability and revenue for different prices p in the M/M/1 model with random
market size A ~ P € %,(2,0,0,4), c = 0.25, r = 2 and RASTA arrivals

Proof. 1t is a known property of RASTA arrivals that for the revenue-maximizing firm the ob-
jective function is equivalent to that of the social optimizer [109]. This leads us to consider the

maximin social welfare as the objective function:

m min Ep|gAr — cL(s,gA)|.

max min. p[gAr —cL(s.qA)]
It suffices to consider g € (0,1) as, due to the assumption, both ¢ = 0 and ¢ = 1 are not equi-
librium strategies. Notice that the min problem is solved by P*, since L(s, gA) has the required
curvature properties. We can now solve the max part. Taking the derivative w.r.t. ¢ (which is

allowed as A is bounded), we obtain the first-order condition
rEp-[A] — cEp-[AM(s, gA)] = 0,

which can be written as (3.9). Since M(s, ) is an increasing function of A, as L(s,-) is (strictly)
convex, this implies that (3.9) has a unique solution that is the global maximizer, as the social
welfare objective is a concave function of g. O

We next determine the minimax price p that induces the optimal joining strategy g*.

ProrosiTION 3.8 (Optimal maximin price). For the M/M/s queue with RASTA arrivals, the
optimal price for the firm that solves the maximin problem (3.5) is
o B [AM(s D) W (.g"A)]

o= - (3.10)

Proof. 1t suffices to show that the right-hand side of (3.10) yields a solution to g(p) = ¢, or
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equivalently, U(g*) — p = 0. Indeed, plugging in the right-hand side of (3.10), we see that
EJP* [A (M (5, q*A) -w (sa q*A))]

U@@)-p =r—ch}?i)W(s,q )—c¢

Ep-[A]
_ Ep-[AM(s, gA)] _
=r—-c————-—= =0,
Ep-[A]
in which the final identity follows from Proposition 3.7. O

In conclusion, we have shown that our second-order bounds can aid in deriving the optimal
maximin price for a firm seeking to maximize revenue. This firm serves a rational customer
base that makes decisions based on limited information about the overall market size. Inter-
estingly, this adverse market follows a computationally tractable two-point distribution, thus
allowing for the application of established techniques designed for rational queueing models
with stochastic arrival rates.

3.4. Other types of market information

In this section, we demonstrate the tractability of our approach when applied to various types
of market information. It appears that the curvature properties, central to this work, also pro-
vide the necessary mathematical tractability for other types of ambiguity sets. Section 3.4.1
introduces two distinct measures of dispersion as alternatives to variance: mean absolute de-
viation and upper semivariance. Section 3.4.2 incorporates unimodality information to refine
the mean-variance bounds. Section 3.4.3 examines a data-driven model in which the decision
maker progressively learns the true distribution of the market size and offers a robust solution
using the Wasserstein ambiguity set.

3.4.1. Alternative dispersion measures

Besides variance information, there exist other types of dispersion measures which, in conjunc-
tion with the curvature properties, lead to easy solutions to (3.1) for different ambiguity sets.
For example, let P, 4y := P (m,d, x, %) be the set of all distributions with mean m, mean abso-
lute deviation (MAD) d := E|X — p| and support contained in the interval [x, X]. The following
result follows immediately from the mean-MAD bounds discussed in the previous chapters.

THEOREM 3.9 (M/M/s queue with MAD information). Consider an M/M/s queue with random
arrival rate A that follows a distribution P belonging to the ambiguity set % (m,d, A, 1). The tight
upper bound for the expected wait Ep[W (s, A)] is attained by a three-point distribution with

d d d
]P(A_i)_z(m—i) _Z(m—D_Z(Z—m)

- d
]P(A:/U:m:: P3,

=: p,P(A=m)=1

=: pa2,

and given by
PIW (s, ) + pW(s,m) + psW(s, A).
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We next consider a particular asymmetric dispersion measure that only measures dispersion
above the mean. Let (,,7) := % (m, 7, x, %) be the set of all distributions with mean m, (upper)
semivariance & := E[(X — p)*]?, where (x)™ = max{x, 0}, and the support contained in the
interval [x,X]. Using primal-dual techniques, we prove the following result.

THEOREM 3.10 (M/M/s queue with semivariance information). Consider an M/M/s queue

with random arrival rate A that follows a distribution P belonging to the ambiguity set % (m, 7).

m)*(m—2)

Suppose that m € (A, 1) and @ € (0, (Z_(A_A) ). Then, the tight upper bound for the expected wait

corresponds to the maximum value of Ep[W (s, A)] that results from the following two solutions:

(i) the expected wait with the expectation taken over a three-point distribution with
P(A = Q) = pi(xg), P(A = x3) = pa(x5), P(A = 1) = ps(x7),
where x; € [p, 1) solves

m[a)%) P1G)W (s, 1) + pa(x0))W (s, x0) + p3(x0)W(s,4) s.t. 0 < py, pa, p3 < 1; or
Xo€LH,

(i) the expected wait with the expectation taken over the two-point distribution

P(A = 1) = Jao(m - A2 +02 -0

2(m— A7 '
2 _ 2
P(A=x))= (m—4) :
Jao(m — A2 +52+2m— A2+
. 2mm—-A)+Jdom—A)?+02+0C
where x; = .

2(m—24)

Proof. The primal problem for mean-(upper)semivariance information is given by

P(x)>0

max / ) d(x)dP(x)

- - - (3.11)
s.t. / dP(x) =1, / xdP(x) = m, / ((x —m)")*dP(x) = 7,
and admits the following dual:
min  Ag +Aym+ Ao
Aoy e (3.12)

s.t. Mg(x) 1= Ao+ Aix + Ap((x — m)™)? > ¢(x), vx € [x,%].

The objective function ¢(-) is increasingly convex since it represents W(s, ). Under the con-
ditions imposed on the parameters of the ambiguity set, strong duality holds and the optimal
values of the primal and dual problem coincide. In addition, since the common optimal value is
finite, the dual optimal solution is attained [196, Proposition 3.4]. Moreover, as both the objec-
tive function and the dual function M5(x) are continuous and the support [a, b] is compact, the
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optimal primal solution is also attained [196, Corollary 3.1]. As a consequence, complementary
slackness holds [196, Proposition 2.1]. We next use the complementary slackness property and
structural properties of the functions ¢ and M5 to determine which points should constitute the
support of the extremal distribution. Since the primal problem has three constraints, we can
restrict our search to a worst-case distribution with at most three support points [186]. Since
the conditions in the theorem impose @ > 0, we can readily exclude the case of a one-point
worst-case distribution. Furthermore, we need both a point below and above the mean to sat-
isfy the mean condition and to avoid the semivariance being equal to zero. For the support
point below the mean, x is the only dual-feasible option by convexity of ¢, as Mz(-) is linear for
all x € [x, m]. We next consider two dual solutions that correspond to cases (i) and (ii) stated in
the theorem, which assert a worst-case two- and three-point distribution, respectively.

— $(x) — ¢
---- My(x) mmm- M)

1=

m vx
X0

=l
1=
3
=
e
=

Figure 3.2: Objective function ¢(x), dual function Mz(x) and their derivatives, where MZ(x) is interpreted

as the right-derivative

(i) Fixing the first support point to x, we next seek the other two points using another com-
plementary slackness argument. The dual function Mz can only be tangent to ¢ at one unique
point x, on the interval [m, X]. This follows from linearity of MZ(x) and convexity of ¢’(x), as
illustrated in Figure 3.2, which rules out the possibility of a second tangent point. To see this,
assume that there exists a second tangent point %y. To remain dual-feasible, the dual function
has to satisfy MZ(x) < ¢’(x) for x 1 %, and MZ(x) > ¢’(x) for x | %,. Therefore, MZ(x) has
to intersect ¢’(x) from below at X, but since this already occurred at x;, this cannot happen
a second time as otherwise MZ(x) has to be nonlinear or ¢’(x) nonconvex. Hence, we arrive
at a contradiction. The dual function can only coincide with ¢(x) one more time, at the upper
bound of the support, x = X. Therefore, if the worst case is given by a three-point distribution,
then it has to admit this specific form as a result of complementary slackness. The probabilities,
as functions of x,, follow from solving the moment constraints in (3.11). As x, is yet to be de-
termined, the maximum value follows from solving the univariate optimization problem stated
in the claim. There always exists a feasible solution to this optimization problem. Specifically,

letting xy = m, we obtain the three-point distribution

_ o _ o(x — x) T
P e mmm—o T T oG- P Gome




Chapter 3. Second-order bounds for the M/M/s queue with random arrival rate 59

of which is easily verified, using the conditions in the claim, that it is primal feasible for all
possible parameter combinations.

(if) We next consider the two-point solution. If the dual function only coincides with ¢ at x
and some xy, then the resulting two-point distribution can be directly derived from the moment

conditions

Pt pe =1 pid+ pox = m, o —m) =3,

which is a system of three equations with three unknowns with a unique solution, as stated
in the claim. Further, from the assumptions in the claim, it follows that this distribution is
always feasible in the primal. Taking the maximum expected value of the assertions (i) and (ii)
completes the proof of the claim. O

Although upper semivariance may be regarded as a useful dispersion measure, as it quanti-
fies the upside risk of a substantially large market on the expected wait, its use as a dispersion
measure has a drawback. Despite being able to restrict some of the support points using the cur-
vature properties of ¢, the worst-case distribution still partly depends on the objective function
in some cases, necessitating an additional numerical step to determine x;. In contrast, MAD
dispersion leads to an extremal distribution that no longer depends on the exact expression for
W (s, A), thus yielding similar computational advantages as the variance-based ambiguity set.

Table 3.2 displays the numerical results for the tight mean-MAD bounds, utilizing the same
numerical setup as Table 3.1. We observe that the MAD bounds perform comparably to the
variance-based bounds. For low-utilization regimes, the variance bounds appear much sharper,
whereas for high-utilization levels, the MAD bounds appear to result in values closer to the
ground truth. However, we want to stress that a direct comparison is meaningless, as the un-
derlying ambiguity sets might contain vastly different distributions.

Table 3.2: Numerical bounds for the expected wait in the M/M/2 queue with beta arrival rate distribution

A=1.95 A=1.99

p E[W(2,A)] Var-UB MAD-UB | E[W(2,A)] Var-UB MAD-UB

0.2 1.0449 1.1199 1.5325 1.0449 1.4312 3.5291
0.5 1.3440 1.5315 2.1166 1.3440 2.3236 5.3162
0.7 2.0096 2.5002 3.2631 2.0098 4.6625 8.5942
0.8 2.9465 3.9446 4.7258 2.9497 8.6515 12.7120
0.9 6.6019 9.0133 9.0679 6.9387 25.0550 24.8840

3.4.2. Sharper bounds for unimodal market size

Often more is known about the market-size distribution than just the mean and variance. For
example, we may have some structural information regarding the distribution of the market
size. In this section, we show how to use this structural information to improve the tight bounds,
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corresponding to the situation in which the service provider has the additional information that
the market-size distribution is unimodal, which can be understood as there being one primary
market segment that constitutes the bulk of the arrivals requesting service.

A random variable is said to be unimodal with mode 7 if its distribution can be characterized
as the mixture of a Dirac distribution 8 and a distribution function that is a concave function
on [x,m] and a convex function on (m,x]. Some examples of unimodal distributions are the
normal, exponential and beta probability distributions. In order to incorporate such unimodal-
ity, we apply Khinchine’s characterization theorem, which states that a random variable Y has a
unimodal distribution with mode zero if, and only if, there exists a random variable Y such that
Y = UV, where U is a uniformly distributed random variable on [0, 1] independent of V (see,
e.g., [79, p. 158]). We adopt the following approach from [38], which is based on the, slightly
more general, results derived by Kemperman [131]. First, we transform the problem from the
unimodal random variable X to the auxiliary variable V. Then, we establish tight bounds for V
and use them to obtain bounds for X. Notice that if X is unimodal with mode 7, thenY = X —-m
is also unimodal but with mode 0. Hence, according to Khinchine’s theorem, we have Y = UV,
where U is uniformly distributed over [0, 1]. According to Kemperman’s approach, we can
transform the moment problem in terms of the random variable X into one in terms of the
auxiliary random variable V using that for any function ¢, E[¢(Y)] = E[¢*(V)], where

= [ soa=Elp@v)|v =1 (313)

By taking ¢(x) = x*, we can relate the moments of Y to those of V through

so that E[V¥] = (k + 1)E[Y*]. The mean and variance of V, in terms of the mean and variance
of X, are given by

my = E[V] = Z]E[Y] = Z(mx —m).
oy = E[V*] — (E[V])? = 3E[Y*] — «(E[Y])* = 307 — (E[Y])* = 30% — (mx —m)*.
We can use the same integral relationship to find tight bounds for E[¢(X)] when X is unimodal

with mode 7. Specifically, this problem is equivalent to finding bounds for E[¢*(V)] subject to
the moment constraints on V, where

6 (x) = % A " bu+ ).

We already have the solution for this transformed problem, since the (conditional) expectation
operator (3.13) preserves the curvature properties. By substituting the transformed moments
into the result stated in Lemma 3.2, we obtain the following result.
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THEOREM 3.11 (M/M/s queue with unimodality). Consider an M/M/s queue with random ar-
rival rate A. Suppose that A is unimodal with mode m, mean m, variance o and has support
contained in [A, A]. Let

W) = - /m s,

Then, the tight upper bound for the expected wait Ep[W (s, A)] is given by
(A= pW* (5, 41) + pW’(s, 1),

where

302 — (m — m)?

302 — (m —m)* + (I—i—ﬁ—Zm)z.

302 — (m — m)*

A+ —2m

A =2m—2m — Ay=A-m, p=

Table 3.3 demonstrates the performance of the tight mean-variance bounds that incorpo-
rate unimodality information. Evidently, incorporating this structural information significantly
sharpens the bounds compared to the standard mean-variance bounds without this information.
Nevertheless, the bounds still substantially diverge from the true value for high utilization lev-
els.

Table 3.3: Numerical bounds for the expected wait in the M/M/2 queue with unimodal beta arrival rate

distribution

A =195 A=1.99
p  E[W(2,A)] Var-UB Unimod-UB ‘ E[W(2,A)] Var-UB Unimod-UB

0.2 1.0449 1.1199 1.0583 1.0449 1.4312 1.0686
0.5 1.3440 1.5315 1.3879 1.3440 2.3236 1.4277
0.7 2.0096 2.5002 2.1502 2.0098 4.6625 2.3124
0.8 2.9465 3.9446 3.2477 2.9497 8.6515 3.7098
0.9 6.6019 9.0133 7.1468 6.9387 25.0550 9.3105

3.4.3. Data-driven setting: Learning the market size

We next derive some first reformulations for the model with a Wasserstein ambiguity set [85,
157]. In this model, the worst-case is taken over a set of distributions that are “sufficiently”
close to the empirical distribution obtained from data. Here, the distance between distributions
is measured with the Wasserstein metric. We first define the notion of a Wasserstein ambiguity
set. Let %,([4, A]) be the set of all probability distributions P of A supported on [A, A]. Forr > 1,
the r-Wasserstein distance between two distributions of A is then defined as

d,(P,,P,) = inf { ( /H e 2ol dQ(.Aa) ) } (3.14)
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in which Q is a joint distribution of A; and A, with marginals P; and IP,, respectively. Assume
we observe n independent realizations given by {A;};=;. ., and define the empirical distribution

asPp, :=1

- 2y 03 with 8, being the Dirac measure with mass concentrated on x. Now, define

the r-Wasserstein ambiguity set as

B(b,) = {P e P((22D : d(P.P,) < e} (3.15)
with € as the radius of the Wasserstein ball and P, as the reference distribution. We next present
a result for the setting with r = 1.

THEOREM 3.12 (M/M/s queue with Wasserstein ambiguity). Consider an M/M/s queue with
a random arrival rate A that follows a distribution P belonging to the ambiguity set %;(JIS,,) The
tight upper bound for Ep|W (s, A)] coincides with the optimal objective value of the linear program

1 n
inf ae+ — Zﬁl
i=1

a€R,,BeR? n 4
st.fi—a(l—A) > W(s, 1), vi=1,..n, (3.16)
Bi = W(S,j.i), vi=1,...,n,

Bi+a@d—A)=W(s,A), Vi=1,..,n.
Proof. The strong dual of supp g, @, Ep [W(s, A)] is given by [157, Theorem 4.2]

1 n
inf ae+ — i
a€R,,BeR" n ; bi (3.17)

st.fi+ald—Al =W(s,A) Vi=1,..,n VAe[AA]

Given that the expected wait is convex in 4, it suffices to verify that the semi-infinite constraints
are satisfied at the three points A = A, A;, A, from which the claim follows. [

Computing bounds for the expected wait using Theorem 3.12 brings substantial benefits,
especially in the data-driven setting. By adjusting the radius € of the Wasserstein ball, one
can control the degree of conservatism of the bound, where ¢ = 0 represents the singleton
set containing the empirical distribution based on the n sampled data points. Furthermore, it
has been demonstrated that the data-driven bound in (3.16) converges to the true value of the
stochastic model as n — oo [157].

To demonstrate the effectiveness of the data-driven bounds, we conducted a numerical ex-
periment using the same setup as presented in Table 3.1 as our ground truth. The arrival rate A
is modeled by a beta distribution, and we generated three traces of the data-driven bounds for
a varying number of data points, n, ranging from 5,000 to 20,000. These bounds were computed
for low-, medium-, and high-utilization scenarios. For the actual values of Ep[W (s, A)], please
refer to Table 3.1. Notice that the data-driven bounds converge to the true values as the num-
ber of data points increases while the radius of the Wasserstein ball shrinks with e = 1//n.
However, convergence occurs at a slower rate for higher utilization levels. Furthermore, as the
utilization level increases, the behavior of the computed traces becomes more erratic.
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Figure 3.3: Data-driven bounds for the expected wait of an M/M/2 queue with beta distributed arrival
rateand e = 1//n

3.5. Further applications

This section attempts to showcase the extensive range of applications for our approach and
position it within a more general framework. In Section 3.5.1, we apply the second-order bounds
to a staffing optimization problem. In Section 3.5.2, we demonstrate that our results are also
valid for other types of queues with uncertain input parameters. Last, in Section 3.5.3, we
explore the extension wherein the service rate parameter is likewise a random parameter.

3.5.1. Staffing problems

An alternative optimization problem that one can consider is staffing. The goal of staffing is
to strike the right balance between the capacity allocation costs and delay costs incurred. To
be specific, let a be the server allocation costs per unit time, and let 4 be the penalty cost per
delayed job per unit time. Here, delay is time in the queue only. Assume that the servers work

at unit rate. This yields, for a known arrival rate, the total cost function
C(s, 1)
s—A°

K(s,A) :=as+hA

For uncertain arrival rate A ~ P € %, ), the two-point extremal distribution also yields the
worst case for the expected delay costs rate since

C(s, A

LC.)

s—A

= AW(s, A) — & =L(s,A) — &
H H

is still increasingly convex in A. Assume that the decision maker aims to minimize total costs
given a mixed Poisson arrival process with a random arrival rate A. The decision maker con-
siders the time-average metrics of the system. Therefore, we seek to minimize the worst-case
costs

_ C(s, A C(s, A
K(S, /1) i=as+h <p1/11 S(— /11) + pzAz S(— AZ)> s
where A1, A2, p; and p, are defined in Theorem 3.4. We now ask for the capacity level s that

minimizes K(s, 1), denoted by s* € argmin_zK(s,1). We impose s > 1 as this ensures that



64 Distributionally robust views on stochastic models

the resulting system is stable. Notice that the search for this global optimum can be performed
efficiently using standard numerical techniques, as the objective is convex in the decision vari-
able, the number of servers s. Here, (discrete) convexity as a function of the number of servers
follows from Harel [105, Proposition 5]. We emphasize that the quality-of-service model can
be applied in this context as well. Given that C(s, -) is convex with respect to A, the MAD-based
ambiguity yields a mathematically tractable solution.
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Figure 3.4: Optimal staffing example with a = 0.1, h = 5, 1 = 20 while fixing % =02

We proceed by discussing a numerical example. Consider = 1,a = 0.1, h = 5, and A = 20.
Figure 3.4 displays the costs for different staffing levels as we vary the mean arrival rate, while
keeping the squared coefficient of variation fixed at 02 /m? = 0.2. The bounds diverge to infinity
for s < A, resulting in an unstable system. As the mean arrival rate increases, the optimal value
of s™ also increases, and the marginal cost of adding servers above this optimal value appears
to diminish.

3.5.2. Other queueing systems

We next exploit convexity in conjunction with mean-MAD ambiguity so that we can handle an
even more diverse set of models. Establishing convexity of mean performance measures, such as
W(s, ), is of great importance for the efficient optimization of stochastic systems, particularly
for the optimal design of queueing systems. Our problem is not much different from these
parametric optimization models. We also seek to establish convexity of the total system time
as a function of these parameters, for example, W(1) : = E[W(1)], where the distribution of W
depends on the underlying stochastic model. However, for our application, convexity results
in tractable solutions to the maximization step in a minimax problem, rather than the optimal
value of these parameters in order to minimize waiting costs. Hence, even though the ultimate
goal is different, our models can still benefit from the same convexity results.

Often direct algebraic manipulations on closed-form expressions for the mean performance
measure are considered. However, this algebra turns out to be rather tedious, even for relatively
simple models. For convexity in the service rate y, Weber [220] presented a powerful approach
for the G/G/1 queue by analyzing the sample-path dynamics of the stochastic process. Consider
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the G/G/1 queueing system with (parameterized) service times S,(y) = S,/u and interarrival
times T,,, for all n > 1. From Lindley’s recursion,

Wn(u) = (Wn—l(,u) + Sn//J - Tn)+ , n=1, WO(:U) =0, (3-18)

it is easily observed that the waiting times W,(-) are decreasing and convex in y for all sample
paths so that this result must hold true for the expected wait W(u) as well.

Let us discuss two convexity results that arise from these sample-path techniques. First,
consider the single-server queue with Poisson arrivals, for which the arrival rate is given by
the random variable A, and generally distributed service times with mean 1/y, i.e., a variant
of the M/G/1 system, but with mixed Poisson input. The goal is to determine bounds for the
expected waiting time of a customer, where the expected wait is defined as a function of the
arrival rate A. It is well known that the expected wait in the M/G/1 queue, denoted here as
W.(), is a convex function of the arrival rate A (see, e.g., [82]). For a proof of convexity in A
using sample-path arguments, see [195]. As a result, the three-point distribution constitutes
the worst-case for the expected wait of the M/G/1 queue.

PROPOSITION 3.13 (M/G/1 queue with MAD information). Let the market size A have a dis-
tribution P that resides in the ambiguity set % (m, d, A, 1), and let W,(1) denote the expected wait
in the M/G/1 queue. Suppose that A < y. Then, the tight upper bound for Ep[W.(A)] is attained by
a three-point distribution as in Theorem 3.9.

Next, consider a multi-server queue with s servers, Poisson arrivals and deterministic ser-
vice times (i.e., an M/D/s queueing system). For this system, assigning customers to servers
cyclically preserves the first-come-first-served queueing policy, due to the deterministic ser-
vice times. Whenever there is an idle server, there is no waiting customer. Each server thus
serves the same set of customers, and as a result, each queue can view its channel as a separate
M/D/1 queue. Convexity of W,(s,A) in A follows from Theorem 3(b) in [104]. Hence, our result
for the M/G/1 queue directly implies the following proposition:

ProrosiTION 3.14 (M/D/s queue with MAD information). Let the market size A have a dis-
tribution P that resides in the ambiguity set 9 (m,d, A, 1), and let W.(s, 1) denote the expected
wait in the M/D/s queue. Then, the tight upper bound for Ep[W.(s, A)] is attained by a three-point
distribution as in Theorem 3.9.

A common misconception is that the expected waiting time in the G/G/1 queue is a convex
function of the arrival rate when the interarrival times in the Lindley recursion (3.18) are scaled
by 1/A. In their brief note, Fridgeirsdottir and Chiu [82] rightfully claim that much of the
congestion pricing literature is flawed due to this unfounded assumption. However, as the
authors point out, a different performance metric is utilized in the majority of these analyses.
So, although the expected wait is not necessarily a convex function of A, Fridgeirsdottir and
Chiu [82] demonstrate that the expected delay cost rate, AW(A), is convex in the arrival rate,
also for the G/G/1 queue. We next turn back to the rational queueing model. Now say the firm
searches for a socially optimal fee that maximizes social welfare, rather than its own financial
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benefits. This leads us to consider the following maximin problem (see, e.g., [48] for the original
problem with full distributional information):

max min Ep[q(p)A(r — cW(q(p)A))]
P PePinq
Again, q(p) is an implicit function of p that solves the utility equation U(q) = 0. Now notice that
AW (A) is precisely the expected delay cost rate, which is convex in the arrival rate parameter.
Hence, for mean-MAD information, we can obtain tight bounds for the expected social welfare,
even if the underlying arrival process conditioned on the event A = 1 is not a Poisson process,
but instead, an arrival process which is characterized by the uncertain parameter A.

The applications above are just three examples of a vast range of uses. In principle, all queue-
ing systems for which the steady-state performance measures are convex functions of the pa-
rameters are amenable to minimax analysis with MAD dispersion. However, when it comes to
variance, convexity on its own is insufficient. The second-order bounds necessitate the third-
order property, a convex derivative. Here, a sample-path method appears to be impractical for
many models. To see this, consider the evolution of the waiting time as in (3.18). Clearly, the
underlying sample path is not continuously differentiable in A (due to the (-)* operator). De-
spite the fact that the derivative does not exist in the sample-path sense, ad hoc approaches, in
which one works directly with algebraic formulae for the steady-state expected wait, will still
work. As a concrete example of this direct approach, consider the Pollaczek-Khinchine formula
for the expected wait in the M/G/1 queue, given by

p+AuVvar(S)

W.(A) =
@ 2(p—2)
Now observe that
d 1+ p? Var(S) d? 1+ p? Var(S)
—W., =V 2 s — Wi = = U,
aV V=0T 20 VW=
and moreover,
d3 3(1 + p? Var(S))
—W.A)=—7F"—>2>0, forid )
" V=T Ty orAsH

Hence, W.(X) is increasingly convex, and E[W.(A)] can be bounded using Lemma 3.2, yielding
the following result.

ProrosiTION 3.15 (M/G/1 queue with variance information). Let the market size A have a
distribution P that resides in the ambiguity set % (m, o, A, 1), and let W.(1) denote the expected
wait in the M/G/1 queue. Then, the tight upper bound for Ep[W.(A)] is attained by the two-point
distribution stated in Theorem 3.4.

Thus, despite the need for some tedious algebra, the second-order bounds that incorporate
variance information have the potential to be widely applicable to other stochastic systems.
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3.5.3. Random service rate

In practice, it might turn out that other parameters besides the arrival rate are uncertain, with
only partial information available. It could be advantageous to establish second-order bounds
for the service rate at which the different servers operate. It seems reasonable to assume that
decision makers may not always have precise knowledge of server rates, as these rates could
depend on specific server characteristics. In this regard, we consider the scenario in which the
service rate y is replaced by a random service rate M. Convexity of the mean queue size of the
M/M/s queue with respect to the system utilization p is a classic result; see e.g. [91] and [142].
The following result pertains to the multi-server setting, where we again will rely on the results
in [182].

LEMMA 3.16 (Derivative w.r.t. y is concave). The expected wait W(s, A, 1) as function of u has
a concave derivative.

Proof. Denote ¢,(x) := W(s,A,x). To prove that ¢:1(x) is concave, we will use the result in
Randhawa [182] which proves convexity of L’ as function of p. Interpreting L indeed as function
of p, define h(x) := L and g(y) := A/(sp), where p is the variable and the parameters A and
s are fixed to arbitrary constants. To see that the composite function (h o g)(x) = L(A/(sp)) is
decreasingly convex, notice that

3
aaTﬁ(h o @) = g (wh (g(w) + g’(u)3h’”(g(u))l+ 3¢ (g” (Wh” (g(p) < 0.

g"<0 >0 g/<0,h >0 8/<0,g” >0, >0

Little’s law indicates that W(s, A, i) = L(s, A, u)/A, with A > 0 a fixed constant, which completes
the proof. O

Hence, W(s, A, 1) is a decreasing, convex function of y with a concave derivative. By Lemma 3.2(i),
the extremal distribution is given by a two-point distribution with support {y1, p2} = {pr, m, +

0_2
my—p

} and respective probabilities

0'2 _ (m,u_ﬁ)z
p2 - (

mu—ﬂ)2+0'2'

That is, the worst case is given by servers which either operate at their lowest service capacity
or just above the mean service rate.
Moreover, it is possible to work with multiple uncertain parameters simultaneously. We next
consider
max max  Ep, gp, [W(s, A, M)],

PAED (i 00) PMEP(myr.00)
which turns out to be solvable in closed form:
THEOREM 3.17 (M/M/s queue with partially known service rate and market size). Let the

service rate M follow a marginal distribution Py; € Py 1= Py, 0,,) and the market size A follow
a marginal distribution Py € Py := Py, 5,). Suppose that 1 < sp. If M and A are independent,
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the sharpest possible upper bound for Ep[W (s, A, M)] is attained by the product measure Py, ® P},
with P and P}, as defined in Lemma 3.2(i) and (ii), respectively.

Proof. The tower rule yields

max Ep[W(s, A, M)] = max Ey[EA[W(s, A, M)|M]],

Pre€Py PrePuy
where the expectation is well defined due to sy > A. Hence, fixing the distribution of A gives
the moment problem

max/ EA[W(s, A, p)]dP(p).
Py €Py [

For A a fixed constant, W(s, A, y) has the required “curvature” properties, so P}, is the solution
to the moment problem. For Py, to work also for ¢,,(x) := EA[W(s, A, x)], we need to check the
signs of the first three derivatives. We interchange differentiation and expectation operations
(which is allowed as A is bounded), so that

® d® d®
¢, (x) = d —EAlW(s. A, x)] = [d FW (A x|

As the expectation operator is nonnegative,

d® d®

dx(k)W(s A,x) >0, VA = E, dx(k)W(s A, x)]
and likewise,

4d® d®

dx(k)W(s Ax) <0, VA = E, [d (k)W(s Ax)| <

which proves that Py, maximizes ¢,(x) for any distribution of A. Substituting the two-point
distribution gives the moment problem

max Ep, [p1W(s, A, 1) + p2W (s, A, )]

Pr€P,

Based on the same line of reasoning, this expression is maximized by P}. O

Theorem 3.17 demonstrates another favorable property of our second-order bounds. Namely,
the extremal distributions are independent of the precise form of W(s, A, p1), allowing us to apply
the univariate results recursively when considering multiple uncertain parameters.

3.6. Conclusions and outlook

Let us conclude. We have derived novel second-order bounds for the expected wait in an M/M/s
queueing system driven by a mixed Poisson process, in which the arrival rate parameter is in-
herently a random variable. We have been able to derive these tight bounds for the M/M/s queue
by exploiting the unique curvature properties of its steady-state queueing metrics, in conjunc-
tion with semi-infinite programming techniques from distributionally robust analysis. Further-
more, we have demonstrated that within a rational queueing context, these bounds can be used
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to determine the optimal maximin price for a firm catering to a market of delay-sensitive, ra-
tional customers with limited information about the total market size.

Looking forward, it seems worthwhile to search for other information sets that exhibit useful
properties similar to variance and MAD, which proved crucial in our distributionally robust
analyses. It can also be interesting to consider other data-driven ambiguity sets, such as the
Wasserstein ambiguity set discussed in Section 3.4.3, which are equipped to handle limited
data, as estimates of means and dispersion measures might not always be statistically accurate
enough. Additionally, it is insightful to investigate to which other stochastic systems analogous
types of distributionally robust techniques to control for parameter uncertainty can be applied,
a topic we briefly touched upon in Section 3.5.2.
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Tight tail probability bounds for
distribution-free decision making

4.1. Introduction

Chebyshev’s inequality provides an upper bound on the tail probability of a random variable
using only its first two moments [31, 42]. This inequality is tight, meaning it cannot be im-
proved in general. However, Chebyshev’s inequality can be criticized for only being attained
by pathological distributions that abuse the unboundedness of the underlying support. Indeed,
the worst-case distribution takes values on merely two support points, which can be regarded
unrealistic [214]. A variant of the Chebyshev inequality that was already considered in [86]
restricts the distributions it considers to be unimodal. This yields an improvement by a factor 3
over the classical Chebyshev inequality. This idea of including unimodality has been extended
to the multivariate case recently as well [214].

Multivariate generalizations of Chebyshev’s inequality have also been studied. In [29] and
[215] generalizations are studied through formulating a convex optimization problem, given
that the prescribed confidence region can be described by polynomial or linear and quadratic
inequalities, respectively. In [92] on the other hand, closed-form variants of Chebyshev’s in-
equality are provided for different dispersion measures than the variance. Generalized versions

This chapter is based on the research paper [188].
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of Chebyshev’s inequality for products of random variables that focus on a one-sided inequality
have also received some attention recently [190].

All the above-mentioned inequalities, however, still assume an unbounded support. In many
practical applications some information on the minimum and maximum of uncertain parame-
ters is known. This is particularly true for OR applications that consider uncertain parameters
that are known to be nonnegative, such as inventory management, service operations, appoint-
ment scheduling and pricing mechanisms. De Schepper and Heijnen [64] derived tail probabil-
ity bounds that incorporate the upper bound of the random variable’s range. These bounds are
attained by discrete distributions, supported on two or three atoms.

Next to restricting the support to be contained in a bounded interval, a second potential im-
provement with this novel setup compared to Chebychev’s inequality concerns robustness for
outliers. Whereas outliers greatly influence the (sample) variance, the mean absolute deviation
from the mean (MAD) is less sensitive for large deviations from the mean, and hence a poten-
tially more robust measure of statistical dispersion in data. We therefore propose to replace
variance with MAD. Using the MAD comes with additional advantages. We show that the set
of extremal distributions for which the derived tail bounds are tight is more varied than a single
pathological distribution: it consists of an infinite number of mixed distributions instead. Sec-
ond, because the MAD is a linear function, it allows for elegant closed-form bounds, a feature
we shall leverage when applying the bounds to domain-specific OR questions.

The solution to a generalized moment problem will give a tight upper bound on the tail
probability of all random variables with a given bounded support, mean and MAD. This new
robust bound is of a similar simplicity and generality as the original Chebyshev inequality, and
can therefore be used in various applications. The worst-case distribution that achieves the
tight bounds is, however, more complicated than the two-point distribution of the Chebyshev
inequality, and is a mixed distribution with up to three discrete parts and one continuous part.
We also derive a number of additional tail probability bounds: the tight lower bound for mean,
MAD and bounded support information, and the tight upper bound where we condition on the
median and the mean absolute deviation from the median.

Recent advances in distributionally robust optimization (DRO) also exploit MAD-based am-
biguity sets to obtain closed-form expressions for stochastic quantities such as the minimum
and maximum expectation of a convex function [87, 179]. These closed-form expressions are
then used to solve minimax and maximin optimization problems that arise naturally in deci-
sion making under uncertainty. Postek et al. [179] specifically used results from Ben-Tal and
Hochman [19] on tight upper and lower bounds on the expectation of a convex function of a
random variable.

4.1.1. Contributions and outline

This chapter presents the first closed-form solution for the problem with a combination of mean,
MAD and support constraints, and a nonconvex objective function. This proof method is not
restricted to the indicator function that models the tail probability and works for a much larger
class of (measurable) functions, as explained in Section 1.2.1.
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We apply the robust bounds for distribution-free analysis of three applications that can be
subjected to minmax or maxmin optimization. We start with the newsvendor model, the basic
single-period inventory model that searches for the optimal order quantity in view of overage
and underage costs. The second application is stop-loss reinsurance, in which an insurance
company faces a claim which it pays up to a predefined level, while the reinsurance company
covers the remainder. We study this problem from both the insurer’s and reinsurer’s perspec-
tive, the latter of which requires an extension of our tail probability bound. Last, we study a
continuous optimization problem from radiotherapy optimization with an ambiguous chance
constraint. Application of the derived tail probability bound yields a computationally tractable
convex reformulation that can be solved with traditional methods. The three applications illus-
trate different aspects of the derived tail probability and the primal-dual proof used to obtain
it. First, the newsvendor example is a direct application of the bound to a classical OR problem.
Second, the stop-loss reinsurance application illustrates how the primal-dual proof technique
can be extended to more complex functionals than the tail probability. Third, the radiotherapy
optimization example highlights the connection of our result to the field of distributionally ro-
bust optimization. We should say that the models have been chosen somewhat arbitrarily, and
there are many other OR questions where tail probability bounds under mean-MAD constraints
can prove useful.

The chapter is organized as follows. We present the tail probability bounds in Section 4.2
and the three applications in Section 4.3. Section 4.4 presents some conclusions and several
directions for future research.

4.2. Tail probability bounds

In this section, we derive novel bounds for the tail probability P(X > t) of a random variable X.
We solve the semi-infinite linear program (LP) in Section 4.2.1. In Section 4.2.2, we derive more
bounds, based on different ambiguity sets. We compare the novel bounds with some existing
bounds in Section 4.2.3.

4.2.1. Tight lower and upper bounds

Let the ambiguity set %, ) contain all distributions with a given mean y and variance ¢®, and let
the random variable X follows some distribution IP € %, ;). Chebyshev’s inequality (the one-
sided version also known as Cantelli’s inequality) then follows from the worst-case distribution
that solves the optimization problem supy_pes  Ep [1{X > t}], yielding the upper bound

0'2

PX>2tHH ——.
( )Uz—i-(t—p)z

(4.1)
This worst-case distribution takes only values on the points y—o? /(t—p) and t (with probabilities
(t—pw)?/(0%+(t—p)?) and 6% /(0% + (t — p)?), resp.), which can be regarded as conservative. In
obtaining our novel robust tail bounds, we instead need to solve

sup  Ep[1{X >1}], (4.2)
X"’]Peg)(p,b,d)
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with %, 4) the ambiguity set that contains all distributions with a given mean y, support [0, b]
and mean absolute deviation d, i.e.,

Ppay ={P : B = [0,1][P(X € [0,b]) = 1, Ep[X] = p1, Ep[|X — pl] = d} (4.3)

with % the Borel o-algebra of the closed set [0, b]. Optimization problem (4.2) is a semi-infinite
LP that is reminiscent of those arising in moment problems, and typically does not allow for
an analytic (closed-form) solution. However, using the MAD-based ambiguity set, the dual
program to (4.2) can be solved explicitly. Since P is a probability measure it should satisfy the
constraint fx cos] dP(x) = 1. Moreover, this probability measure should satisfy the mean and
MAD constraints fx c[o5] xdP(x) = pand fx
solve the semi-infinite linear program

e[00] |x — u|dP(x) = d. Under these constraints, we

sup /]l{x>,} dP(x), (4.4)
PePupa) J X
which gives our first main result.

THEOREM 4.1. Consider a random variable X with a distribution P in %, ). Then,

2p
_d__
2(t—p)°

1, tel0,74],
u d(b—t)
= , Le|T,pl,
sup P(X >t)= sup P(X>t)=1" Zt(bf”) (71,4 (4.5)
PeP(,pa) PeP(pa) 1— >, te [Il, Tz],
[

with T, and T, given by

S (ol ) E S
R —p—a P —a

Proof. Let AL* be the set of non-negative measures defined on the measurable space ([0, b], %8).
We need to solve

sup / Lgy>n dP(x)
Pet+ x

(4.6)
s.t. /d]P(x) =1, /x dP(x) = p, /|x — pldP(x) = d.
Consider the dual of (4.6),
inf Ao + /11/1 + Azd
Roshihe (4.7)

s.t. Tpsn < Ao+ Aix + Aol — pl =1 F(x), vx € [0,b].

The constraint of the dual problem requires F(-) to majorize 1{x > t}. Note that F(:) has a “kink”
at x = p, that is, F(:) is piecewise linear and can only change direction in x = . Solving (4.7)
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Figure 4.1: The majorizing functions under the different scenarios

boils down to finding the tightest majorant. We have four candidates for the solution, which
are depicted in Figure 4.1. When t € [0, u], F(x) touches 1{x > t} in {0,¢, b} (scenario 1a), or
F(x) = 1 and touches 1{x > t}in [¢, b] (scenario 1b). When t € [y, b], F(x) touches in [0, u] U {t}
(scenario 2a) or in {0} U [t, b] (scenario 2b).

Scenario la implies F(0) = 0, F(¢) = F(b) = 1, which gives as dual solution

b—t 1
h=————, A=—+, Ao=-ly,
2 2t(b—p) 1 : 2 0 21
and objective value
pu o db-t)
Ao+hp+Add==—-—7-"7.
O AR TR = T i — )

The next step is to find a feasible solution for the primal problem that yields the same objective
value as the solution to the dual problem. By weak duality of semi-infinite linear programming,
a feasible solution to the dual problem gives a valid upper bound for the optimal primal solution
value. A feasible primal solution with an objective value equal to this upper bound results in
strong duality. Next, we provide a constructive approach to find such a primal solution. Assume
that strong duality holds. The primal maximizer P* and the dual minimizer (A5, A}, A;) are then
related as

/ 1x > t}dP*(x) = / QO+ X + Alx — ) dP*(x). (4.8)

Due to dual feasibility, we must have that A + Ajp + A5d — 1{x > t} > 0 pointwise for each
x € [0,D]. This inequality combined with equation (4.8) is also known as the complementary
slackness relation in (semi-infinite) linear programming. Complementary slackness implies
that the worst-case probability distribution is supported on the points where the dual function
F*(x) = Ay + Ajx + A5|x — p| coincides with the indicator function 1{x > t}. For scenario la
we have one unique option, a three-point distribution on {0, ¢,b}. The corresponding optimal
probabilities of (4.6) follow from solving

po+p+pr=1 pt+pb=p pop+plu—1t)+p(b—p)=d.

This gives
bd d

H _
(- P -

pPo=1—pr—pp, pPr=
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and hence
puo db-1t)

/m > 1dP) = pot o=~ g

Since strong duality holds as the primal and dual objective values agree, (4.9) is the optimal
solution.

Scenario 1b implies F(0) = F(t) = F(b) = 1 and hence 4y = 1, A; = A, = 0 with objective
value 1. One feasible primal solution is e.g. p; = ﬁ, Dy = z(%y)’ Py = 1—p — pp, with
objective 1. Note that this solution is not a unique optimum, as the dual function F;; (x) coincides
with 1{x > t} on the entire interval [t,b]. Therefore, one can construct an arbitrary (discrete,
continuous or mixed) probability distribution with support on the interval [t,b], which then
serves as the worst-case distribution, as long as the mean and MAD conditions are satisfied.

Scenario 2a implies F(0) = F(u) = 0, F(¢) = 1, which gives

1 H
A = A = —, A =——,
- T 2
and objective value
d
Ao+ A Ad = —.
I ST

Solving the optimal probabilities of (4.6), where we take {0, y1, ¢} for the support of the worst-case

distribution, indeed confirms that p, = 2(%”).

Scenario 2b gives F(0) = 0, F(u) = F(b) = 1, which results in

1 1 1
=5 b=\ b=-—F),
2 2 21

and dual objective value
d
/10+/11[1+A2d: 1-——.
2
Solving (4.6) with support {0, t, b} confirms that py = %.

The proof is then completed by finding the minimum for each scenario and determining the
values of 7; and 7, for scenarios 1 and 2, respectively. We remark that the proof is identical for
the strict inequality. Because the majorant is a continuous function, it is irrelevant whether the
indicator function that is majorized is lower or upper semi-continuous. O

We mention some noteworthy characteristics of the bound in Theorem 4.1. The bound is
continuous in ¢ = p. If the support is symmetric around g, then the worst-case probability is
at least 1/2 for t € [0, u]. The upper bound for ¢ € [y, b] is increasing for d < 2u(t — p)/t and
decreasing for larger values of d. This last observation in particular is interesting as one might
anticipate the bound to increase with MAD. This also implies that when MAD is unknown, the
worst-case probability based on only the support and mean is given by the result of Theorem 4.1
for d = 2u(t — p)/t. This indeed returns Markov’s inequality. We also mention that the sup-
port information [0, b] can easily be extended to [a,b] with a € R by shifting the distribution
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accordingly. The tail bounds for the second and third interval then change into

p—a dib—-1t) d
o W-a6-p» ™ T -a

respectively. Similarly, the result can be adapted to a support that is only bounded from below

(4.10)

or above. For such supports, one of the cases in (4.5) disappears. Specifically, when the support
of X is given by [0, 0), it follows that 7; = p, while for the support (—oo,b], it follows that
Ty = L.

For a tight lower bound on P(X > t), we can use the results and the remark above on a
slightly altered version of the input. The idea is formalized in the following result:

COROLLARY 4.2. For a random variable X with a distribution P in %, 4,

d
1- =D’ te[0,71],
d
s, t €[ty pl,
inf P(X>t)=_inf P(X>1)= {2 (71,41 (4.11)
PeP11.4) PEP(,15.4) % + 2}1(‘?4), t€p, ],
0, t € [r2,b],
with
d(b — ) B dp

TRy PTH T g

Proof. We reformulate the infimum as follows:

inf P(X>t)=1— sup P(X <1t)

PePipa PPy
=1— sup P(X > f),
Pe@(u,lid)
where
Py = 1P+ B = (0,11 PX € [@,5]) = 1, Bl X] = . ElIX - ] =}

and a = 2u — b, b= 2p and f = 2p — t. This transformation essentially flips the support around
u such that p— 0 = b— pand b — p = p — a. Therefore, the maximum probability below t is
equal to the maximum probability above the flipped threshold . Plugging in the results from
Theorem 4.1 for t € (a,b] then yields (4.11). Similarly, the result for infpegp P(X > t) can be
obtained. O

We now describe in more detail the worst-case distributions that are revealed in the proof of
Theorem 4.1.

CoROLLARY 4.3. Consider the set of worst-case distributions

P* = argsup Ep[1{X > }].
JPE@(“J;‘J)

Then,
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(@) ift € [0,71], P* = {P € Ppa)|P(X €[t,b]) = 1}, all distributions in P,pq) that are
supported on the interval [t,b];

(i) ift € [ropl P ={P: P(X=0)=1- 5+ G P(X =) = § — 08 P(X =b) =

d P P .
m}, the three-point distribution as derived in scenario 1a in the proof of Theorem 4.1;

(iii) ift € [, 72], P ={P € Prupa | P(X =0)= %, P(X e[t,b])) =1- %}, all discrete/mixed
distributions with probability mass % on 0 and the remainder of its probability mass sup-
ported on [t,b];

(v) ift € [r2,b], P* = {P € Ppay | P(X =

discrete/mixed distributions with probability mass

B = 5 PX € [0,u]) = 1 - 55553 all
dy) ont and the remainder of its prob-
ability mass supported on [0, u].

Proof. The proof follows almost directly from the complementary slackness relation explained
in the proof of Theorem 4.1. For t € [0, 7;] the dual solution function coincides with 1{x > t} on
the interval [t, b]. Hence, all distributions that are supported on this interval and comply with
the mean and MAD requirements are possible candidates for the worst-case distribution. Next,
one can apply a similar reasoning for t € [y, 7,] and t € [1,, b]. The worst-case distribution can
exist on the range where the dual solution function F*(x) and the indicator function coincide.
To attain the same optimal value, the probability mass on the singletons is chosen accordingly.
Finally, note that the second case is already shown in the proof of Theorem 4.1. O

Observe that when t equals 7y, g, or 75, there is only a single discrete extremal distribution.
Figure 4.2 provides examples of the worst-case distributions for several different parameter
settings and values of t. For the sake of exposition, all depicted examples have a continuous
part that is uniform over its supported interval. Corollary 4.3 shows that the ambiguity set
P(uba) results in a non-trivial collection of worst-case distributions; that is, the mean-MAD
approach results in a set that does not solely include discrete distributions with a small number
of atoms for ¢ ¢ [z, u] U {z,}.

4.2.2. Sharp bounds for other types of ambiguity
The primal-dual method is a general approach, often used in DRO, with a much wider range of
possible applications. This subsection demonstrates that the semi-infinite programming prob-
lems can be adapted to different ambiguity sets, thus incorporating other types of information.
We first derive alternative (tight) bounds for the tail probability, where we use a different mea-
sure of central tendency: the median. We then turn back to mean-MAD information and derive
sharper bounds with a commonly used skewness measure that complements the mean-MAD
ambiguity set, i.e., P(X > p).

For the first adjustment, assume we know the following parameters: the support [0, b], the
median m and the mean absolute deviation (from the median) d,,. Let us suppose further, for
simplicity, that the median is uniquely defined. We now obtain a different set of distributions,
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Figure 4.2: Examples of the extremal distributions that attain the tail probability bound as described in
Corollary 4.3
namely,

5

1
Pmbdy) = {]P : B - [0,1]|P(X € [0,b]) =1, P(X > m) > B

P(X <m) > -, Ep[IX —ml] :dm}-

1
2

If the distribution of X resides in this ambiguity set, the tight bounds are given by the optimal
value of

sup /]l{x>,}dIP(x)

Pet+ x

1
s.t. /d]P(X) =1, /]l{xgm} dP(x) > 2 (4.12)
/]l{x>m} dP(x) > %, /|x — m|dP(x) = d,,.
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This then gives the dual problem
1
All’if /1() + (/1; + /1?)5 + Agdm
Ao (4.13)
s.t. Tpen < Ao+ A7 Ly + /1;' Tpeom + Aolx —m| =: E,(x), vx €[0,b].

We can solve the dual problem by exploiting the structure of F,(x), like with the proof of
Theorem 4.1. The different scenarios are depicted in Figure 4.3. The following theorem presents
the median-MAD bounds. The details of the proof are relegated to the appendix.

THEOREM 4.4. For a random variable X with a distribution P € P14 3,

. b—2d,,
mf{l, 22t +%}, t €10,m),

sup P(X>t)=1 L (4.14)
PEP i) inf 2. & 1o t € [m,b].
— 1x =t} —_— 1x =t}
o B ---- Ep(x) el
S 1)) ey S
/// x N 7z x
t m b m ; b

Figure 4.3: The function F,(x) under scenarios 1a, 1b, 2a and 2b

In robust statistics the median is widely considered as a more suitable location parameter than
the mean when the distribution is estimated from historical data and contaminated with outliers
through another (possibly fat-tailed) distribution [39]. As the former puts less importance on
the tail of the distribution, it is barely affected by those outliers. The median and MAD around
the median are the robust variants of, respectively, the mean and standard deviation. Next
to describing the underlying distribution more accurately, the median might also provide a
better measure of central tendency for the quantity that we are estimating from historical data.
For example, the median wealth of a population is a better measure of “typical” wealth than
the expected value since the distribution of wealth is often skewed. To illustrate the median-
MAD tail bound (4.14), we plot a small example in which the ground truth follows a Pareto
distribution, see Figure 4.4. Here the “true” distribution resides in the ambiguity set P(,.4,)
with m = /2, d,, = 2+/2 — 2 and unbounded support. When the shape parameter of the Pareto
distribution equals 2, the variance is infinite, rendering Chebyshev’s inequality useless, but the
median-MAD bound can still be computed. In the remainder of this chapter, we will focus on
the mean-MAD ambiguity set now that we demonstrated our approach is also applicable to
other types of information.
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P(X >t)
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Figure 4.4: The median-MAD bounds for the tail probability

We next consider the tail bounds when also a specific measure of skewness is known: f =
P(X > p). Since this statistic contains information about the distribution of X relative to
its mean p, it is often combined with mean-MAD information [19, 179]. Define the restricted
ambiguity set

Pubap =P : P € Pypa), P(X = p) = p}. (4.15)

Using this ambiguity set results in new tight bounds. These results are stated in the following
two results for which the primal-dual proofs are also provided in Appendix B.2.

THEOREM 4.5. For a random variable X with a distribution P € %3 4 ),

1> t e [0 Tl]
A-Pu+pt _ d
—— = LE|Ty,
sup P(X >1t)= t 2 (71,0, (4.16)
PeP (b4, ﬁ, te [y, T ]
d
20—1)° t € [Tz,b]
with
d +
T1 = -, Ty = —
1= H 2(1— ,B) 2 =H 5 ,B
THEOREM 4.6. For a random variable X with a distribution P € 97’(”,;,,(1,5),
d
1= 2% €lo.nl,
, T4,
inf P(X>1)= ﬁ(m , € lrp, (4.17)
PeP(p.4.p) -0 + D" [,U Tz]
[

0, t € |1y, b]
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with
— d —
Tl—p—m, Tz—y+ﬁ.

Note that for these bounds equality between P(X > t) and P(X > t) does not hold. The
reason for this is demonstrated in the proofs of both the upper and lower bound. Since the
function F(x) in the dual problem now has a jump discontinuity for x = y, the optimal solution
depends on whether the indicator function is upper or lower semi-continuous.

In Figure 4.5, the upper and lower bounds are depicted for the ambiguity set that considers
all distributions with p = 0.5, d = 0.1875, f = 0.5, a = 0 and b = 1. As a point of reference, the
Beta(2, 2) tail distribution, which is a member of the ambiguity set, is also plotted.

P(X >t)
1

(, b, d) upper bound
—— (i, b, d) lower bound
(/h bv d7 B) upper bound
—— (p, b, d, B) lower bound
Beta(2,2)

0.8

0.4

0.2 F

Figure 4.5: An illustration of the mean-MAD-f bounds for the tail probability

Next to summary statistics such as the mean, MAD and median, it is also possible to im-
pose structural properties of the underlying distributions, like unimodality and symmetry, by
altering the constraints of the dual problem. By cleverly exploiting conic duality, Popescu [177]
shows how to adapt the dual problem to take into account these additional conditions. More-
over, we can apply the techniques discussed in this section to other objectives than the indicator
function; see, for example, Section 4.3.2.

4.2.3. Comparison with other bounds
Closely related to our results is the discussion in section 4.1 of [87]. They consider, among
others, the ambiguity set

Pupay =P+ B —[0,1] : P[X €[0,b]] = 1, Ep[X] = p, Ep[|IX - pul] <d}.

The only difference with the ambiguity set we use is the inclusion of all distributions with a
lower mean absolute deviation. This has major implications for the maximum and minimum
probability that X exceeds ¢, however. First of all, it should be noted that the distribution with
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all its probability mass on y is an element of @(u,b,d) for any value of d. This means that for any
t < pit holds that
sup P(X >1)=1.
PeP,pa)

Moreover, for any t > pand d > 2u(t — p) /t, the maximum probability of X exceeding ¢
is attained by a distribution with a mean absolute deviation equal to 2u (¢t — x) /t, which is
explained by the observation that the bound we obtain is decreasing in d for d > 2u (¢t — p) /t.

Clearly, because of the above observations, the theoretical maximum of P (X > t) has a much
simpler closed-form solution than (4.5) for the ambiguity set @’(P,byd). A big downside is that
many of the distributions contained in g”(”,b,d) but not in %(,,;, 4y are unrealistic. Especially when
the mean absolute deviation is known or can be accurately estimated, there is little reason to
consider distributions with a different (in this case lower) mean absolute deviation. For large
values of d relative to t in particular, using @NZ’( ub.d) can lead to an overestimation of the maximum
value of P (X > t). The observation that the maximum value of P (X > t) is decreasing in d for
large values of d also means that considering distributions with a lower mean absolute deviation
can lead to a higher bound on P (X > 1).

Comparing the result of Theorem 4.1 to Cantelli’s inequality (4.1) is harder, since we assume
the mean absolute deviation to be known, but not the variance. Hence, some relation between
these two quantities is needed to be able to make a comparison. In particular, we will use that

2 d(b—a)-

[ESS 2

Throughout the comparison below we assume that d is given and compare the bound obtained in

d2

/N

(4.18)

Theorem 4.1 with Cantelli’s bound for different values of o satisfying (4.18). Figure 4.6 illustrates
this comparison for a simple numerical example with the following parameters: a = —1, y = 0,
b=1,d = i. We consider three values foro: 0 =d = i, o= % ando = Jd(b—a)/2 = %

Figure 4.6 gives rise to a number of interesting observations. First of all, we note that since
Cantelli’s bound is 1 for any ¢t < g, the bound from Theorem 4.1 is at most Cantelli’s bound as it
includes an interval for which it is not 1. Furthermore, the flat area in the blue line corresponds
to the values of ¢ such that

min{ d 1-— d }ZI—L
2t-p)  2u-a) 20p—a)

z(d}ff ;)az - Moreover, we note that for o = d, Cantelli’s

bound is lower than (4.5) for all 7, < t < b. This is true for all parameters as:
d? d?
2+ (t—p  (d-(t— ) +2d(t - p)
d? d
< = .
2d(t—p)  2@—p)
In particular, for o = d Cantelli’s bound and (4.5) always coincide at t = p + d, since

d? 1 d

dz+d2

which correspondstoall p <t < 75 1= p+

2 2d
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supP (X > t)
1
—— Theorem 1
Cantelli: o = %
0.8 F . 1
Cantelli: 0 = 3
Cantelli: o = %
0.6 |
0.4 F
0.2 |
1 1 1 J t
-1 —0.5 0 0.5 1

Figure 4.6: A comparison of the bound in Theorem 4.1 with Cantelli’s bound for three different values of

o with the parameter valuesa = -1,y =0,b=1andd = %

If, on the other hand, we choose o = /d(b — a)/2, its highest possible value, Cantelli’s bound is
higher than (4.5). This is true for all parameter values as well, as Cantelli’s bound is increasing
in o and must thus be at least (4.5) for its highest possible value.

For intermediate values of o, we observe behavior similar to the line corresponding to o = %
in Figure 4.6. More specifically, we find that (4.5) is lower than Cantelli’s bound for all ¢ in the
two intervals [0, 7] and[z, 7], with the three boundaries given by

R do?

PR\ —a
o? o?

ZZX—U Tz 1,

Note that for some o, such as ¢ = /d(b —a)/2 in Figure 4.6, it holds that 7 > r, that is,
(4.5) is lower than Cantelli’s bound for all ¢ € [, 7]. To visually clarify all boundaries discussed
above, Figure 4.7 only shows Cantelli’s bound for ¢ = 0.27 and marks 7,, 7, 7 and 7. It should
be noted that this value of o is very close to the minimum of 0.25, and hence Cantelli’s bound
compares more favorably than is generally to be expected. In the appendix we provide a similar
comparison with the variance-based bound of [64], and also perform numerical experiments
with the other bounds derived in the previous subsection.
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Figure 4.7: An illustration of 7, 7,, z and 7 for the parameter valuesa = -1, p = 0,b = 1 and d = 0.25

4.3. Distribution-free analysis of OR models

We now turn to three OR applications: the newsvendor problem, stop-loss reinsurance and
radiotherapy optimization. These three models can be subjected to distribution-free analyses
that make use of the novel tight bounds. The common theme is that with ambiguity described
in terms of mean, MAD and restricted support, distribution-free analysis often leads to valuable
structural insights.

4.3.1. Newsvendor problem

The newsvendor problem serves to find the order quantity that maximizes the expected profit
for a single period given a stochastic demand. Denote by g the order quantity (number of units)
and by D the stochastic demand during a single selling period. Per unit, p denotes the selling
price and c the purchase cost. Let p > ¢, and assume without loss of generality that unsold units
have zero salvage value. The expected profit is Ep[7(q, D)] with D ~ P and

7(q, D) = p min{q, D} — cq.

The decision maker then chooses the optimal order quantity ¢* that solves max, Ep[7(g, D)].
This solution is known to be the n := (p — ¢)/p quantile (critical quantile) of the distribution
of D, that is,

q" =min{g : P(D < q) > n} (4.19)

In practice, however, the decision maker might only know partial information on the demand
distribution. [191] pioneered distribution-free analysis of the newsvendor problem, when only
the mean and the variance of the demand are known. Scarf obtained the optimal order quantity
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for the worst-case demand, turning the newsvendor into a maxmin decision maker that solves

max 1nf Ep [7(g, D)] (4.20)
q Peg (yv)

with %, ) the ambiguity set that contains all distributions with a given mean y and variance
o2, and solution

0, ifn< 2l
=1 o w1 +3 (4.21)
BT 5 m; nz i +Uz

We shall instead consider all demand distributions with given mean y, MAD d and support
[0, 5], and consider

max inf Ep[z(q,D)]. (4.22)
9 PePap

This is the counterpart of problem (4.20). [191] solved (4.20) directly, computing the lower
bound infpe,,, Ep [7(g, D)] via a linear program. Instead, we do not solve (4.22) directly, but
apply the tail probability bound from Theorem 4.1 to the first-order condition for ¢* in (4.19).
Clearly, the tight lower and upper bounds for g* follow from substituting infpeg,,, P(D > q)
and suppeg, , P(D > q) into (4.19), respectively.

ProprosITION 4.7 (Order quantity bounds under mean-MAD-range ambiguity). Suppose
the newsvendor knows the mean p, the mean absolute deviation d and the support’s upper bound b
of the demand distribution P(D < q). The optimal order quantity q* that solves max, Ep[7(q, D)]
is then contained in the interval [g*, qV] with

2u(b—p)—bd p d
[0, z(b — (-1 e B ifn <,
la"q" 1= [p— g, n+ 5], i £ <n<1- 355 (4.23)
p b(l r/) ; d
FEendt ifn>1-335

wheren = (p — ¢)/p is the critical quantile of the distribution of D.

The proposition provides various handles for a robust policy that responds to the uncertainty
captured in %, 45). The lower bound ¢" follows from the worst-case demand distribution. Ob-
serve that ¢ is larger than y when the profit margin  exceeds 1 —d/2(b — p1), and smaller than
u otherwise. This insight can be contrasted with ¢° in (4.21) that also considers the worst-case
scenario, but then in view of %, ;) ambiguity. Scarf’s ¢° is larger than y if 5 > 1/2 and smaller
than y otherwise. Hence, ¢~ quantifies the dependency on b, where ¢° does not. In particular,
when the profit margin 7 is fixed, the pessimistic newsvendor that uses g* will only order above
the mean when b does not exceed p +d/2(1 —p).

Table 4.1 shows that the support [0, b] also influences the intervals [¢*, gV], in particular for
low and high profit margins. We also recognize the three different regimes in Proposition 4.7
that correspond to low margins, average margins and high margins.

We mention two further works related to Proposition 4.7. [20] use general techniques for
stochastic programs with limited information such as (4.22). For such stochastic programs the
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Table 4.1: The intervals [¢, ¢V] for mean-MAD ambiguity with y = 5, d = 1.5 and various profit margins
n

n b=10 b=15 b=20 b=
0.01  [0.00,4.17]  [0.00,4.23]  [0.00,4.26]  [0.00,4.29]
0.1  [0.00,4.67] [0.00,4.70]  [0.00,4.71]  [0.00,4.72]
02 [1.25594] [1.25594] [1.25594] [1.25,5.94]
04 [3.13,6.25] [3.13,6.25] [3.13,6.25]  [3.13,6.25]
05 [3.50,6.50]  [3.50,6.50]  [3.50,6.50]  [3.50,6.50]
07 [3.93,7.50] [3.93,7.50]  [3.93,7.50]  [3.93,7.50]
0.9 [5.33,10.00] [4.17,12.50] [4.17,12.50] [4.17,12.50]
0.95 [5.63,10.00] [5.31,15.00] [5.00,20.00] [4.21,20.00]
0.99 [5.83,10.00] [5.77,15.00] [5.71,20.00]  [4.24,80.00]

available information is often not sufficient to find the optimal solution. [20] develop a method
to construct the minimal set that should contain the optimum. They also demonstrate this
technique for the newsvendor model with given mean and MAD, but unbounded support, and
obtain intervals that indeed arise from Proposition 4.7 for the limit b — co:

—d/2 . d

L Ul _ [0’”1—77]’ lf’7<ﬂ’

lq.q" ] J d s 4 (4.24)
(1= 5+ ) 0>

Natarajan et al. [163] introduce semi-variance as an extra piece of information about the
skewness of the distribution. Together with the mean and variance, this results in a more
restrictive ambiguity set (compared to Scarf), and therefore a less conservative (or sharper)
estimation of ¢*. In our case, we restrict the ambiguity set further with P(X > p) = f infor-
mation that, like semi-variance, measures skewness. The following problem is the mean-MAD
counterpart of the mean-variance-semivariance model discussed in the work of [163]:

max inf Ep[x(q,D)], 4.25
ax ol p[7(q, D)] (4.25)

where f adopts the role of the semivariance as a measure of skewness. We use Theorems 4.5
and 4.6 to bound the tail distribution of the demand D, and obtain sharper bounds for g*.

ProrosITION 4.8 (Order quantity bounds under mean-MAD-f ambiguity). Suppose the
newsvendor knows that P € %, s and P(D > i) = f. The optimal order quantity q* that solves
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max, Ep[7(q, D)] is then contained in the interval [q", q"] with
(A-pu—d/2 : d
0. 5557 ifn<g
[qd".q"1=1 1 ifp=1-4 (4.26)
[lus lu+2(1d,,7):|s lf(l_lB)<’7<1_2(bd,H)s

b(1—p)—Bu—d/2 .
bl >

__d
2(b—p)’
wheren = (p — ¢)/p is the critical quantile of the distribution of D.

This result provides a robust policy that protects against uncertainty contained in %, 4 ).
Obviously, ordering the mean is optimal if 7 = 1 — 8. The lower bound g* relates to the worst-
case demand distribution. Similar to the case with mean-MAD-range information, ¢* is larger
than p when the profit margin n exceeds 1 —d/2(b — p1). Hence, skewness information does not
determine whether the pessimistic newsvendor orders more than the mean, since the upper
bound b again plays a decisive role. This can be contrasted with the results of [163], who show
that, for %, ;) ambiguity, the order quantity is greater than y if n > 1(1 + s), where s is the
normalized semivariance.

Table 4.2 shows that the bounded support [0, 5] again influences the intervals for low and
high profit margins. The new intervals are sharper than the ones found in Table 4.1. This is, of
course, an obvious result of incorporating more distributional information.

Table 4.2: The intervals [¢%, q”] for mean-MAD-f ambiguity with y = 5, d = 1.5, 8 = 0.5 and various

profit margins n

n b=10 b=15 b =20 b=oo
0.01  [0.00,3.57]  [0.00,3.57]  [0.00,3.57] [0,3.57]
0.1  [0.00,438]  [0.00,4.38]  [0.00,4.38]  [0.00,4.38]
02 [1.25500] [1.255.00] [1.255.00] [1.25,5.00]
04  [3.13,5.00] [3.13,5.00] [3.13,5.00]  [3.13,5.00]

0.5 5.00 5.00 5.00 5.00
07 [5.00,7.50]  [5.00,7.50]  [5.00,7.50]  [5.00,7.50]
0.9 [5.63,10.00] [5.00,12.50] [5.00,12.50] [5.00,12.50]
0.95 [6.11,10.00] [5.56,15.00] [5.00,20.00] [5.00,20.00]
0.99 [6.43,10.00] [6.33,15.00] [6.22,20.00]  [5.00,80.00]

Apart from modifying or narrowing the ambiguity set, conservatism can be alleviated by
choosing alternate objective functions, for instance by replacing the profit function by a regret
function (opportunity cost of not making the optimal decision) [174, 229], or by extending the
profit function with a utility function u(-) for max-min analysis of E[u(z(g, D))] as in [97]. See
[163] for an extensive review of many other studies on distribution-free newsvendor models.
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The tight bounds developed in this chapter can be used for distribution-free analysis of more
advanced models, including those modeling regret and utility mentioned above, the risk-averse
newsvendor with stochastic price-dependent demand [52] and multi-product settings [55].

4.3.2. Stop-loss reinsurance

Reinsurance is a classical topic in the actuarial sciences and insurance mathematics and implies
that an insurance company transfers part of its risk to a reinsurance company; see e.g., [8], [127].
Say an insurance company faces a total claim S that is the sum of n individual claims X;, i =
1,...,n. The insurance company pays the claim up to a level z, and the reinsurance company
covers the remainder. This gives rise to the so-called retention function ¢/(z, S) = min{S, z} that
represents the payment of the insurer. We provide an upper bound for the standard stop-loss
retention function in Proposition 4.9.

PROPOSITION 4.9. The worst-case expected claim payment of the direct insurer as a function of the
retention limit z is given by

z, if z € [0,74],
d(b—z) .
- , if z € [Ty, ul,
sup Eply(z )] =1/ 2w Les, 4] (4.27)
[PE@(}J,b,d) Z(l - a s lf VS [ﬂ, Tz],
1, if z € [1,b],
where
d(b — p) dy
= —_— — Y, f— +
NEET Y- —a PTHE T

Proof. First, note that
(z,S) = min{S, z} = S — max{S — z, 0},

and hence
sup Ep[¢(z,9)] = p— inf Ep[max{S -z, 0}]. (4.28)

PeP(p.a) Pep.0)

The second term is convex in S, and thus equivalent to [179]

. d d
, 291217% {Gmax{y + 20 z,0} + (1 — O)max{y — 20-0) — 2,0}}, (4.29)

2(b—p)

a convex optimization problem with a piecewise linear objective function. The optimal value
depends on the retention limit z. Solving problem (4.29) for z € [0,b] and subtracting the
optimal value from p results in the four cases mentioned in (4.27). O

The payment function of the reinsurance company puts forward a more challenging problem
when the insurance coverage is limited. In this case, a relevant performance characteristic is
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to what extent the insurance company benefits from the reinsurance contract. This benefit is
measured with the function

m, ifS>z+m
p(z,m,S) =1 S—z, ifz<S<z+m, (4.30)
0, if S <z

When the total claim S stays below the retention limit z, the insurance company covers the
entire claim, but when S exceeds z the reinsurer pays the excess claim up to a maximum m.
Thus, the reinsurance company does not compensate large claims that exceed the exit point
m+ z. Above this level the risk is retained by the insurance company. We obtain a novel bound
by primal-dual arguments.

PROPOSITION 4.10. The expected insurer’s benefit is bounded by sup Ep[¢(z,m,S)] =

IPG@(MW()
min{m, = (u — d(bz([gm;—)z)))} fz<z+m<p,
min{m(1 — —) z(— —D+p) ifz<pu<z+m<b, (4.31)
mm{m(l—@,z(mﬂ u)} fp<z<z+m<b,
where the function ¢(z,m,S) degenerates to max{S — z, 0} if z + m > b. In this case,
——1)+p, if z < g,

sup ]E[P[d)(z’ m, S)] = d(b— Z) . (432)

PeP sy 20—5)° ifz>p

For the sake of conciseness, we only sketch the proof. The full details are highly similar to
the derivations used in the proof of Theorem 4.1.

We will show via primal-dual reasoning that the stated stop-loss formulas are tight upper
bounds. We consider the measurable function ¢(z, m, s). For a random variable S with distribu-
tion P € 9,5 4), we solve

sup / ¢(z, m, s)dP(s)

Pet* (4.33)
/ dP(s) = 1, / SdP(s) = g1, / s — | dP(s) = d
Consider the dual of (4.33),
inf /10 + /11[1 + /12d
Aody s (4.34)

s.t. ¢(z,m,s) < Ao + Ays + Asls — ul, Vs € [0,b].

Define F(s) := Ag+A;s+Az|s—pl. Then the inequality in (4.34) can be written as ¢(z, m, s) < F(s),
Vs, i.e. F(s) majorizes the “staircase” function ¢(z, m, s). Note that F(s) has a ‘kink’ ats = p. There
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are six candidate scenarios, which are displayed in Figure 4.8. When m + z < p, F(s) = 1 and
touches @¢(z,m, s) in {0, m + z, b} (scenario 1a), or F(s) touches ¢(z,m, s) in [m + z, b] (scenario
1b). When z < p < m + z, F(s) touches in {0} U [, m + z] (scenario 2a) or in {0} U [m + z,b]
(scenario 2b). Finally, if u < z < m+z, F(s) coincides with ¢(z, m, s) in [0, ] U{m + z} (scenario
3a) or in {0} U [m + z, b] (scenario 3b).

— P(z,m,s) — $(z,m,s)
= F(s) - == Fuls) B
- o () - - - Fyls)

z H m+z b

— P(z,m,s)
—=m= F(s)
- = - Fy(s) -7

H z m+z b

Figure 4.8: The different scenarios and majorizing functions

Scenario 1a implies that F(0) = F(m + z) = F(u) = F(b) = m, and hence Ay =m, Ay =1, =0
with objective value m. It is clear that the optimal primal objective value is also equal to m as
the primal solution can only assign probability to values greater than or equal to m + z (which
is a consequence of complementary slackness).

Scenario 1b implies F(0) = 0, F(m+z) = F(b) = m. It can be shown that allocating probability
mass to the points {0, m + z, b} in the primal problem (4.33) yields the same objective value, and
hence the corresponding solutions are optimal.

Similarly, scenarios 2a, 2b, 3a and 3b imply values for at least three of F(0), F(x), F(m + z)
and F(b), from which a dual and primal solution with equal objective value can be derived.
The proof of the first part of the theorem is then completed by taking the minimum for each
scenario. The second part is an immediate consequence of upper bound (8) in [179], which is a
result that was already shown in [19].

An illustration of the bounds for the stop-loss payments is provided in Figure 4.9, where we
display payments as functions of z with p = 5,d = 1.77, and m = 3, m = 5 and m — co. We
assume that the “true” total claim S follows a Poisson(5) distribution. Note the resemblance
between the shape of the stop-loss bound in Figure 4.9b and of the mean-MAD tail probability
bound in Theorem 4.1. The former bound, however, has an additional linear part with a negative
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Figure 4.9: The bounds and “true” values of the expected claim payment of the insurance company
Ep[¢(z, S)] and the insurer’s benefit Ep[$(z, m, S)] as functions of the retention limit z

slope for p — m < z < p. This linear segment is only present when m exceeds du/(2u — d);
moreover, the bound approaches a linear function for z < p when m is chosen sufficiently large.
Additionally, letting m — oo, our example results in a bound equal to the constant d/2 if z > p,
and thus the bound for the stop-loss payment of the reinsurer degenerates to a piecewise linear
function consisting of two parts (a linear part with negative slope d/2u — 1 and a constant part
equal to d/2).

These results complement the vast literature on tight bounds for expected claim payments.
[58] considers bounded support and known first and second moment and obtains tight bounds
using general results for moment problems. Other related works explore ways to sharpen the
bounds using additional information. When modifying the ambiguity set by incorporating
skewness information, imposing unimodality and symmetry conditions or using higher order
moments, the gap between the upper and lower bounds narrows significantly; see [112], [65]
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and [120]. Note that mean-MAD information can easily be extended with additional parame-
ters, such as the probability f = P(S > p) or the median.

4.3.3. Radiotherapy optimization

We consider a continuous optimization problem that arises in radiotherapy. Here, the biolog-
ical effective radiation dose delivered to a tumor is to be maximized subject to a constraint on
the biological effective dose delivered to the surrounding healthy tissue. Mathematically, the
biological effective dose (BED) for a dose x € R" delivered over n fractions is given by

n
B(x) = Z (x[ + 1xt2> ,
=1 P
where p is the radiosensitivity parameter of the irradiated tissue. More specifically, it can be
interpreted as the tissue’s sensitivity to fractionation, where a low value indicates a high sen-
sitivity to fractionation, i.e., the distribution of treatment over multiple fractions.

While there is an extensive body of research on the value of p for different tumor sites, it
remains subject to significant uncertainty [124]. Moreover, since this value can differ from
patient to patient, there is a very limited amount of data available and there is little evidence
to suggest it follows some well known distribution. Throughout the rest of the example, we
denote the sensitivity to fractionation by p; and p, for the tumor and the surrounding healthy
tissue, respectively.

For illustrative purposes, we consider a setting in which it has been decided to deliver the
treatment over two fractions, i.e., the optimization variables are limited to the dose in the first
and second fraction. Moreover, we focus on the uncertainty of p,, and thus model the restriction
of sparing the healthy tissue through an ambiguous chance constraint. Mathematically, we wish
to solve the following optimization problem [207]:

1 2 2
+x + — + 4.35
max 3+ + o (x4 xg) (4:350)
1
s.t. P <o(x1 +x) + —0o (xl2 + xzz) < t(pg)> >1-—g¢, VP € Pupa), (4.35b)
2
X1, X2 2 Xmin» (4.35(:)

where o is the generalized dose-sparing factor that denotes the fraction of the mean tumor dose
that the healthy tissue receives on average, X, is the minimum dose that must be delivered in
each fraction, and t(p,) denotes the tolerance level of the healthy tissue and is given by

_ ¢ 1
t(pz)—¢D <1+ T p2> .

In other words, the healthy tissue is known to tolerate a total dose of D gray if it is delivered in
T fractions under dose shape factor ¢. This dose shape factor is a parameter that characterizes
the spatial heterogeneity of a dose distribution [175].



94 Distributionally robust views on stochastic models

The ambiguity of p is modeled through the mean-MAD ambiguity set, where the lower bound
of the support is given by a instead of 0. In general, convex ambiguous chance constraints in
which the uncertain parameter appears on the right-hand side can be reformulated as a tractable
convex constraint.

ProposiTION 4.11. Let g : R" = R, h € R and let Z be a random variable whose distribution lies
in the ambiguity set

P ={P:PlZe[-1,b]]=1, E[Z]=0, E[|Z]] =d},

for somed € [0, %]. For anye € (O, ﬁ) and x € R" it holds that
J[}é’l(; Plgx)+Z <0] >1-¢, (4.36)
if and only if
g(x) + min {b, Zde} <0. (4.37)

Proof. We first rewrite (4.36) to

supP[Z > —g(x)] < e
Pe?

From Theorem 4.1 and the fact that ¢ < 1/(1 + b) we know that it must hold that —g(x) >
E[Z] = 0. Given that requirement, we know by Theorem 4.1 that

min L,l_d} if — o(x) <1
supP[Z > —g(x)] = {—Zg(x) 2 8(x)
< 0 if —g(x) > 1.

From d € [0, 1%] and € € (0, ﬁ), it follows that 1 —d/2 > e, and thus any feasible solution x

must satisfy —g(x) > 1 and/or —d/2g(x) < e. The latter can be equivalently stated as

d
- = —,
gx) ”

which can easily be combined with the former as
(x) > min1{1 d (x) +minq 1 d <0
—g(x) >min{1, —t < g(x)+minj1, — ¢t <O0.
g 2e g 2e
Because d/2e > 0, we find that the requirement —g(x) > 0 is redundant, and thus (4.36) is

equivalent to (4.37). L

The ambiguous chance constraint (4.35b) is not naturally stated in the form (4.36). It can be

rewritten, however, as

2D2
P <p ~(o(x; + x2) — D) > ¢T —o*(xt + x22)) <, VP € Pp.a), (4.38)
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where we note multiplication by p is allowed as its support is nonnegative. Leveraging the tail
probability bound, we find for € € (0, g) that (4.38) is equivalent to
20,2 2 d ¢2D :
po(x; + x2) + o (x] + x3) + 2 lo(x1 + x2) — $D| < p¢D + - (4.39)
€
The resulting optimization problem can be solved efficiently, as (4.39) can be equivalently stated
as two conic quadratic inequalities through the introduction of an auxiliary variable.
We solve (4.35) for a specific, realistic set of parameters taken from [207], which are reported
in Table 4.3. Figure 4.10 shows the feasible region and optimal solution of (4.35) for different

Table 4.3: Parameter values used for solving (4.35)

Parameter Value

T 4
o 0.9
10) 2
D 27
T
Xpmin 1.5
a
b
Jr
d 0.25

values of € as well as the feasible region when we assume having the exact knowledge that
p = p and the feasible region when ¢ = 0.1 and p ~ Beta(6.6, 13.2), which is a member of
the ambiguity set. Remarkable in this example is the similarity between the feasible region of
the problem without any uncertainty, the specified Beta distribution and that of the ambiguous
problem for € = 0.1 and € = 0.05. From the feasible region for € = 0.01, however, it is clear that
requiring a low risk of violation results in a solution that is much worse in terms of tumor BED.
Remarkable, also, is that the feasible region for the specified Beta distribution hardly changes
with € compared to the behavior under ambiguity. In fact, even for € = 0.01, the feasible region
when we assume p ~ Beta(6.6, 13.2) contains the ambiguous feasible region for ¢ = 0.01. Note
that the figure does illustrate how the shape of the feasible region changes with e: the feasibility
of unbalanced solutions, i.e., solutions that administer a different dose in the two fractions, is
impacted much more severely than that of balanced solutions.

We mention two related works on ambiguous chance constraints. [101] present a tractable
framework for joint ambiguous chance constraints under a few simplifying conditions. In par-
ticular, they assume a conic, hence unbounded, support, which is a key difference to our ap-
proach. Their approach is very powerful in settings for which an unbounded support makes
sense, however, as they are able to elegantly deal with joint ambiguous chance constraints.
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T2
30
—— Exact knowledge: p = p
- - - Beta(6.6, 13.2) with e = 0.1
e=0.1
e =0.05
20l e=0.01
10
1 1 1 1 1 Rt
5 10 15 20 25 30

Figure 4.10: The feasible region and optimal solution of (4.35) for different values of € as well as exact
knowledge that p = y (dots indicate the optimal solution)

[225], on the other hand, consider ambiguous chance constraints given a bounded support and
moment information. Their assumptions on the ambiguity set do, however, exclude exact distri-
butional information on nonlinear functions of the uncertain parameter, which we do assume
in exact knowledge of the mean absolute deviation.

4.4. Conclusions and outlook

Tail probabilities are ubiquitous in probabilistic studies in many areas of science and application
domains. Just as the original Chebyshev’s inequality for mean-variance ambiguity, we expect
our novel tail bounds for mean-MAD ambiguity to find many applications. In our search for
tight bounds under limited information, we had to solve for the worst-case distribution and
worst-case value of the expectation of the indicator function 1{X > t}. In this chapter the
limited information was captured through ambiguity sets %44y, P(up.ap) and Pgnpa,). and it
turned out that the combination of the non-convex indicator function with these ambiguity set
gave rise to semi-infinite linear programs with easy, closed-form solutions.

In future work, we expect to find more such solvable classes, i.e. specific combinations of
objective function (other than the indicator function) and ambiguity sets that together give rise
to solvable linear programs and hence easy extremal distributions. In this way, one can try to
sharpen the tail bounds by including more information (e.g. higher moments or percentiles),
or to consider objective functions other than the tail probability. Our proof method based on
solving the dual problem with piecewise-linear majorants is not tailor-made for the indicator
function, and could potentially work for a much larger class of (measurable) objective functions,
as shown in Section 4.3.2. Another direction we shall pursue is the application of the bounds to
more complex, and possibly high-dimensional, robust optimization problems. To do so, we shall
leverage the connection with the quickly evolving field of DRO, as illustrated by examples in
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Section 4.3.3. Indeed, minimax and maximin decision problems arise naturally, and the bounds
and proof techniques can help in advancing that field.
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A generalized moment approach for
conditional expectations

5.1. Introduction

Distribution-free performance analysis of stochastic models strives to obtain tight bounds for
the expectation of an objective function of random variables, using only limited information
about the underlying probability distributions. Traditionally, given the moment information
about the random variables, these problems are modeled as generalized moment problems. The
sharpest (i.e., “best possible”) upper and/or lower bounds for these objective functions of ran-
dom variables are found by solving semi-infinite optimization problems, where the optimization
is taken over all admissible distributions of the random variables. In this chapter, we explore a
new situation in which, besides the given moment sequence, we possess stronger information—
that is, we have knowledge that a particular random event will occur, which pertains to the
realizations of the random variables rather than their underlying probability distribution. We
are interested in solving the moment problem with the knowledge of this random event, which
may be based on assumptions, assertions, expert judgment or past observations. Alternatively,
we may want to determine the worst-case behavior of a stochastic model if such a random event
occurs. Conditional expectations offer a way to model this event information and provide us
with the best estimate of the expected value of a function of random variables, knowing that

This chapter is based on the research paper [209].

99



100 Distributionally robust views on stochastic models

the specified random event will occur. It is of interest to define a generalized moment frame-
work for this new setting with conditional expectations, instead of standard expectations in
which the random variables are not restricted to take on a subset of the values in the event set.
However, random variables conditioned on a random event give rise to a different probabilistic
concept, requiring a distinct type of analysis compared to the traditional theory on generalized
moment problems.

Moment problems have been investigated by probability theorists since the end of the 19th
century, see, e.g., [43, 153, 205]. Smith [201] revisited the generalized moment problem in his
contemporary discussion, highlighting its various applications in decision theory. In his work,
Smith briefly mentions the setting with prior information, but notes that the resulting expecta-
tion is no longer linear in the probability measure, thus presenting a more challenging problem
that is not directly amenable to the techniques discussed in his work. As a solution, Smith [201]
suggested a linearization technique, as discussed in [141] and [59], which converts the problem
into a series of regular generalized moment problems. Along the lines of Shapiro [196], we de-
fine a novel variant of the generalized problem of moments and use semi-infinite programming
theory to obtain tight bounds in a setting where the objective function is a fractional, rather
than linear, function of the probability distribution. A comprehensive overview of general semi-
infinite programming theory can be found in [113]. To the best of our knowledge, there are no
general techniques available for obtaining tight bounds on conditional expectations. Although
[151] provided some bounds for conditional expectations for traditional power moments, these
are only for the expectation of a single random variable and are not necessarily tight. More-
over, [151] primarily used conditional information to sharpen Chebyshev-type tail probability
bounds. In contrast, we provide a general framework for obtaining the best possible bounds for
conditional expectations under limited information.

Extending the ideas described above to the DRO setting, we are interested in obtaining tight
bounds for the expectation of some objective function of random variables, where the function
also contains a decision vector, in order to protect ourselves against the worst nature has to
offer. Conditional-moment information has been used in various works to describe ambigu-
ity sets. In the minimax stochastic programming literature, Birge and Wets [34] incorporated
such information into the constraints of generalized moment problems to bound the objective
values of stochastic programming problems. de Klerk et al. [63] restricted the distributions in
the ambiguity set to polynomial density functions. They demonstrated that these ambiguity
sets are highly expressive because they can conveniently accommodate distributional infor-
mation about conditional probabilities, conditional moments and marginal distributions. Chen
et al. [53] introduced scenario-wise ambiguity sets that capture information with conditional
expectation constraints based on generalized moments. Although these works use conditional
moment information, their objectives aim to maximize the conventional expectation. Conse-
quently, their approaches cannot directly handle the case in which the conditional expectation
is the objective.

Here we should mention some work on distributionally robust optimization in which the
objective function is fractional. When only support information is available, Gorissen [90]
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extended robust optimization formulations to fractional programming in which the objective
function is a fraction of two functions of the uncertain parameters. Liu et al. [145] solved a DRO
problem with moment constraints which consists of the maximization of ambiguous fractional
functions representing reward-risk ratios. Ji and Lejeune [122] also investigated this class of
fractional DRO problems using semi-infinite programming epigraphic formulations to solve the
ambiguous reward-risk ratio problem and, additionally, design a data-driven formulation and
solution framework using the Wasserstein ambiguity set. Using the conditional information,
we can use the conditional-expectation bounds to enhance “worst-case” decision-making in a
DRO framework. As for this setting, there does exist a separate thrust of research named con-
textual distributionally robust optimization, in which the prior knowledge on the realizations
of the random variables is commonly referred to as side information. This area of research is
a natural extension of the prescriptive stochastic programming paradigm. In this paradigm,
the central object of interest is the joint distribution of the side information and the outcome
random variables, which, if known, would result in more accurate estimations of the outcome
variable when conditioning this distribution on the side information given. In practice, how-
ever, this joint distribution is usually not known precisely and is only estimated using a finite
data sample. The ultimate goal of prescriptive stochastic programming is to develop an op-
timization methodology that uses the available side information to improve decision-making
given only limited insights into the predictive power of the side information on the uncertain
outcome parameters (see, e.g., [12, 26, 203]). The contextual DRO modeling paradigm assumes
that, next to this side information, the joint distribution is contained in an ambiguity set that
is defined using the limited information available. Research on this paradigm is still relatively
scarce. We highlight a number of works. Esteban-Pérez and Morales [78] described ambiguity
through a partial mass transportation problem, and exploited probability-trimming methods to
solve the contextual DRO problem. In contrast, Nguyen et al. [169] worked directly with the
optimal transport ambiguity set, and the authors succeeded in finding tractable conic reformu-
lations for DRO problems with side information. Nguyen et al. [168] considered a Wasserstein-
ball ambiguity set [157], which is centered on the empirical distribution that follows from the
available data sample of the side information and the outcome parameters. Even though the
Wasserstein-ball ambiguity set is a class of distributional ambiguity sets obtained through the
theory of optimal transport, the models and results obtained in [168, 169] behave qualitatively
differently due to special properties of the type-co Wasserstein distance, which is used to con-
struct the ambiguity set. The literature described above mostly considers ambiguity sets that
are defined through measures that define distances between probability distributions (such as
the Wasserstein metric), whereas in this chapter, we will focus on ambiguity sets described by
generalized moment information.

5.1.1. Contributions and outline
The main contributions of this chapter may be summarized as follows.

1. We expand the theory on semi-infinite programming and generalized moment problems,
by deriving duality results for linear-fractional programming in the semi-infinite setting.
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We extend several well-known results from the theory on generalized moment problems
in order to bound conditional expectations, rather than standard expectations of functions
of random variables. The fact that most results carry over to this setting with conditional
expectations is particularly intriguing because the conditional expectation is a nonlinear
function of the probability measure (thus not amenable to standard techniques based on
semi-infinite linear programming).

2. We apply these novel results for the generalized conditional-bound problem to univariate
functions of a simple random variable. Using primal-dual arguments, we obtain several
closed-form bounds for different types of dispersion information. In addition to general-
ized moment information, we show that structural properties of the distribution can also
be included. We further demonstrate our approach by resolving a minimax optimization
problem, taken from the robust monopoly pricing literature. It is further asserted that
most computations, in the univariate setting, are as tractable as with the linear expecta-
tions operator.

3. We use findings from robust uncertainty quantification and distributionally robust con-
vex optimization to develop conic reformulations for the multivariate problem. We then
apply these reformulations to contextual DRO, presenting a generalized moment frame-
work for distributionally robust optimization with side information. The resulting frame-
work is designed for conditional decision-making, incorporating both the side informa-
tion and the distributional information contained within the ambiguity set. The compu-
tational tractability of the reformulations turns out to be closely related to that of distri-
butionally robust convex optimization problems with support restrictions on the random
variables.

The remainder of the chapter is organized as follows. In Section 5.2, we introduce the gener-
alized moment bound problem for conditional expectations and elaborate on the duality ap-
proach. Section 5.3 discusses several examples of tight bounds for the conditional expected
value of functions of a single random variable. In Section 5.4, the moment-based contextual
DRO framework is presented. Most proofs of minor results are deferred to Appendix B.3. Fi-
nally, in Section 5.5, we conclude and provide several directions for future research.

5.2. A duality framework for generalized conditional-bound

problems
We first describe the problem of bounding conditional expectations in Section 5.2.1 and subse-
quently derive the associated dual problem in Section 5.2.2. Then, in Section 5.2.3, we provide
fundamental results that will be employed in later sections to obtain the desired sharp bounds.

5.2.1. Problem statement
We aim to find the best upper bound for the conditional expectation of a random vector X.
Let us first introduce some notation. Let E denote the expectation operator, and g(-) denote an



Chapter 5. A generalized moment approach for conditional expectations 103

arbitrary measurable function of X. The random vector X is defined on the support Q C R”,
which we assume is a closed set endowed with the Borel sigma algebra %8. The random vector
X is governed by a probability measure P : %Bg — [0, 1], such that for a measurable set & € %
we have P(¥) = P(X € &). Furthermore, P lies in some convex set of probability measures
9. Throughout this chapter, the terms “probability measure” and “probability distribution” are
used interchangeably. We assume that = € %, is an arbitrary measurable event modeling
the random event observed, pertaining to the realization of X. Let = be a set with strictly
positive measure P(X € =) > 0 so that E[g(X)|Z] is well-defined and denotes the conditional
expectation of X restricted to the values in the set Z. We now have the necessary notation
to develop an adapted version of the generalized moment problem that incorporates random
events or, using different terminology, side information. The central problem in this chapter
can be formulated as follows:

sup Ep[g(X)|X € ZE] subjectto Ep[h;(X)] =g;forj=0,..,m, (5.1)
Pel . (Q)

where /. (Q) denotes all nonnegative measures defined on the support Q, and g, hy, ..., h,, are
real-valued, measurable functions that model the objective function and the available (general-
ized) moment information. The probability mass constraint is explicitly included as hy = 1 and
qo = 1. Let & denote the ambiguity set that contains the true probability distribution. For a
given moment vector q, define the set

P(q) := {]P € Py(Q) : /hj(x)d]P(x) =gq;,j= 0,...,m}, (5.2)

which contains all probability distributions that comply with the given moment sequence. Here,
we typically assume P is an element of a set of probability measures %2,(Q) with support con-
tained in Q. Thus, the constraint by = 1 is implicitly assumed so as to normalize the measures
in /M (Q) to obtain probability distributions. As a closely related concept, we consider the cone
of moments q € R™ that yield a nonempty ambiguity set % (q), which can be defined as

Q :={qeR" : 3P € M+(Q) such that P € P?(q)}.

This set thus contains all moment vectors q for which (5.1) has a solution. That is, the moment
constraints are consistent or, in other words, there exists a probability distribution feasible
to the generalized moment problem. We henceforth assume that the moment constraints are
consistent so that the ambiguity set % is nonempty, and therefore a feasible solution to problem
(5.1) always exists.

Now that we have introduced the required notation and studied the constraints of (5.1), let
us turn to the objective function. Instead of the regular expectation of a function of a random
vector studied in generalized moment problems, E[g(X)], we now study

Ep[g(X)1=(X)] (5.3)
Ep .

Ep[g(X)|X € E] = /:g(x) dQ(x) = [1=00]
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in which Q denotes the conditional probability measure, given that it exists. Notice that the
objective function is a fractional, and thus nonlinear, function of the probability distribution
IP. As a result, (5.1) belongs to the class of distributionally robust fractional optimization prob-
lems, which are fundamentally more difficult to solve than the standard problem that simply
maximizes the expectation of a function (see, e.g., [122, 145]).

5.2.2. An equivalent problem and its dual

Problem (5.1) can be formulated equivalently as a semi-infinite linear-fractional program (LFP).
The semi-infinite LFP reformulation of (5.1) is given by

o, 8(x)L=(x)dP(x)
P(x)>0 o 12(x)dP(x)
s.t. /th(x)dJP(x) =q;, Vj=0,...,m,

P(X €E) >0,

(5.4)

in which 1z(x) equals 1if x € Z, and 0 otherwise. Here the optimization of the linear-fractional
objective is taken over infinite-dimensional variables (i.e., the probability distribution). We
further have a finite number of constraints that describe the moment information. The final
constraint ensures that the conditional expectation is well defined by avoiding conditioning on
a set of measure zero. In the finite setting, these linear-fractional programs can be reduced to
linear programs through a Charnes-Cooper transformation [41, Theorem 2]. If we generalize
this to infinite-dimensional spaces, the Charnes-Cooper transformation becomes

dQ(x) 1

G S G

(5.5)

In some sense, this generalized Charnes-Cooper transformation constitutes a change of mea-
sure, from the original probability measure P to its conditional counterpart Q. The variable «
is a scaling parameter that essentially models the normalization on the random event.

After transformation (5.5), problem (5.4) reduces to the semi-infinite linear program (LP)

sup L (012 (x)A0()

a,Q(x)€R

s.t. /th(x) dQ(x) = agq;, Vj=0,..,m, (5.6)
[ 160000 =1,

where all the right-hand sides of the constraints in (5.6) are scaled by «, and the last line ensures
that Q is a proper (conditional) distribution when defined on its support =. To determine the
dual of (5.6), one can employ semi-infinite linear programming duality, as in Section 6 of [113].
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It then follows from standard calculations that the Lagrangian dual of (5.6) is

inf A
P W
m
j=0 :

D A0 + A 12(x) > g(x)1=(x), vx € Q,

=0
where the dual variables Ao, ..., A+ are associated to each constraint in the primal (5.6). From
this point on, we use the shorthand notation h,.1(x) := 1=(x). Notice that the dual problem
has a finite number of decision variables, but an infinite number of constraints. By virtue of
weak duality, an upper bound for (5.6) follows from a feasible solution to (5.7). The optimal dual
solution to problem (5.7) yields a viable upper bound by weak duality, but whether this bound
is sharp (i.e., whether strong duality holds) is still an open question, to which we will seek an
answer in the next subsection.

5.2.3. Strong duality of the generalized conditional-bound problem
The purpose of this section is twofold: we demonstrate that (5.7) is strongly dual to (5.1), also

extending this result to more general, convex sets of probability measures %, that might model
structural properties such as symmetry and unimodality, and we show that (5.1) can be reduced
to a finite-dimensional problem in which one optimizes over a parametric family of distribu-
tions.

Since the objective function of (5.1) is nonlinear with respect to the expectation operator, it
is not immediately clear how to pass down sufficient conditions regarding strong duality for
generalized moment problems to the setting in which conditional expectations are considered.
Therefore, in order to prove our main results, we use an alternative formulation of problem (5.4).
The equivalence of this formulation is provided by the following lemma, which is an adaptation
of Proposition 2.1 in [145].

LEMMA 5.1. Suppose that problem (5.1) has a finite optimal value. Then problem (5.1) is equivalent

to
inf 7
teR
(5.8)
st. sup BEp [g(X)1=(X) —t1=(X)] <0,
Pe%p

Moreover, the optimal value of (5.8), T, is also finite.

It turns out that (5.8) is significantly easier to work with than the original semi-infinite formu-
lation (5.4) since the problem is linear with respect to IP, rather than linear-fractional. This can
be seen from the constraints of (5.8) in which the expectation Ep[-] appears linearly, whereas in
(5.3), we have a fraction of expectation operators. From the duality theory of moment problems,
solving problem (5.8) turns out to be equivalent to solving the dual (5.7). As a consequence, solv-
ing (5.4) will also be equivalent to solving (5.7) due to the equivalence between (5.4) and (5.8).
We next show strong duality holds. To this end, we make the following assumptions:
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(A1) The function g(x) is bounded on the support Q.
(A2) There exists a positive number € > 0 such that

i = >e.
J[}élgf)]E]P[]lu(X)] €

(A3) The Slater condition holds; that is, q € int(2 ¢ ), where “int” denotes the interior of a set.

Assumption (A1) is standard and could be relaxed. It is satisfied, for example, when Q is a com-
pact set and g(x) is upper-semicontinuous, by virtue of Weierstrass’ Extreme Value Theorem.
This assumption is used to guarantee that the optimal value of (5.4) is finite. Assumption (A2)
provides a sufficient condition for the conditional expectation to be well-defined, as it avoids
conditioning on a set of measure zero. Assumption (A3) constitutes a Slater-type condition
on the moments of X, which is standard for generalized moment problems; see, for example,
Proposition 3.4 in [196]. Under these regularity conditions, we show strong duality holds for a
general, convex set of probability distributions 2, possibly endowed with structural properties
(e.g., symmetry and unimodality). We will focus on structural ambiguity sets 2 (Q) that possess
a mixture representation. In other words, we assume %, can be “generated” by a convenient
class of distributions, say &, such that every distribution P € %, can be written as a mixture
(i.e., an infinite convex combination) of the extremal distributions (i.e., the extreme points of
the convex set %) that constitute 7. For every Borel set & € %Bg, it should thus hold that

P(Xe¥)= / T(X € )dIM(t)
g

where T € J C 9, is a parametrized representation of the family of extremal distributions of
%,, and M represents the mixture distribution that generates P from the extremal distributions
in 7. This finite-dimensional parameterization of the family of extremal distributions will prove
useful when determining the optimal bounds. For a thorough discussion on these structural
ambiguity sets in the context of DRO, we refer to the work of [177]. We use these general
ambiguity sets with structural properties when formulating our main results.

Finally, before formulating our main result, we introduce some final technical notation from
conic duality theory for generalized moment problems (see, e.g., [177, 196]). Denote by o =
co(?y) the cone of measures 9/ generated by the set of probability distributions %,. Define
its dual cone as #* := {h €S : /Q h(x)dP(x) > 0, VP € o }, where € is the linear space
of functions formed by combinations of g, h, ..., h,, and the spaces of functions and measures
are paired by the integral operator. We now have the necessary preliminaries to demonstrate
strong (conic) duality. Lemma 5.1, in conjunction with assumptions (A1)-(A3), pave the way
for us to formulate the main results.

THEOREM 5.2 (Strong conic duality). Suppose that assumptions (A1)-(A3) hold. Then, the op-
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timal value of the primal problem (5.1) is finite and equals that of its dual problem

inf /1m+1

m
s.t. > Ag; <0,
Jj=0

m+1

> Ahi(x) — g(0)1=(x) € s,

J=0

(5.9)

in which A* is the dual cone of .
Proof. The assumptions ensure that, for all P € %2,

‘Ep[g(X)Jla(X)]

1
| < Eleco

1
< sup —[Ep[g(X)]]
pesp €

1
< —supg(x)] < oo.
€ xeQ

Hence, instead of (5.1), it is equivalent to consider (5.8). Since the constraints of this problem are
linear in the probability distribution P, standard conic duality for generalized moment problems
suffices, which holds under the Slater-type condition, as in [196]. Notice that if we substitute
T with A3, the dual of (5.8) is equivalent to (5.9). For & = ., the strong conic dual problem
(5.7) reduces to the semi-infinite LP (5.7). The result for general cones of measures follows from
conic duality arguments as in Theorem 3.1 of [177]. O

As a consequence, duality enables us to reduce the primal problem, which has infinite-
dimensional variables, to a dual problem with m + 1 variables, but with an infinite number
of constraints. These constraints are indexed by the probability measures, i.e., the constraints
should hold VP € Z,. This indexation might turn out to be difficult. However, this difficulty
can be greatly reduced if we instead use the generating set 7, as shown in [177]. In this case,
the dual cone can be reduced to #* = {h e S : fQ h(x) dP(x) >0, VP €T }, and hence, the
indexing now only runs over the set of extreme points of %.

Another classical result is that the semi-infinite LP that models a generalized moment prob-
lem can be reduced to an equivalent finite-dimensional problem that yields the same optimal
value. The Richter-Rogosinski theorem (see, e.g., [98, 186, 201]) states that there exists an ex-
tremal distribution for the semi-infinite LP with at most m + 1 support points. Analogous to
the basic solutions for conventional semi-infinite linear programming, we define a basic distri-
bution as a convex combination of extremal distributions of %,. As there are m + 1 moment
functions, these basic distributions consist of at most m + 1 extreme points (i.e., elements of 7).
We let 9(q) denote the set of basic distributions that comply with the given moment sequence
q. We can then state the following result, which is an adaptation of the fundamental theorem
for convex classes of distributions, but now for the generalized conditional-bound problem.
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THEOREM 5.3 (Fundamental theorem for conditional expectations). Consider problem (5.1).
Under assumptions (A1)—(A3),

sup Ep[g(X)|X € E] = sup Ep[g(X)[X € E].
Pe? (q) Pe%(q)

Moreover, if the optimal value is attained, then there exists an optimal basic distribution, a convex
combination of m + 1 probability distributions from the generating set 7, that achieves this value.

Proof. Again, under the stated assumptions, it suffices to consider the equivalent problem (5.8).
Since the constraints of (5.8) are linear in PP, standard generalized moment problem results
apply. Hence, Theorem 3.2 in [177] yields the result. O

This theorem states that, even if the bound is not achieved, it is sufficient to consider only the
basic feasible distributions in %(q) to determine the supremum. This result holds for general
convex classes of distributions & with the optimal distributions taken as convex combinations
of the extremal distributions in 7. We further remark that both theorems also hold in the set-
ting in which the supremum of the conditional expectation grows infinitely large. In this case,
a maximizing sequence of probability measures exists (also taken from the set of basic distribu-
tions) for which the conditional expectation diverges. Combined, the concept of weak duality
described in Section 5.2.2 and the reduction to the basic distributions generated by J as pro-
posed in Theorem 5.3 provide an effective way of solving problem (5.1), as will be demonstrated

in the next section.

5.3. Tight bounds for conditional expectations

In this section, we study several easy examples for the case with n = 1; that is, X is a random
variable conditioned on itself. First, in Section 5.3.1, we seek the best possible bounds for con-
ditional expectation E[X | X > t] when mean-dispersion information, and possible structural
properties of the underlying distribution, are given. We find the tight bounds using primal-dual
arguments. In Section 5.3.2, we demonstrate this also works for arbitrary choices of g(x), using
an example from the robust pricing literature. Finally, Section 5.3.3 shows that, in the univariate
setting, tight bounds can be obtained by solving semidefinite programming problems.

5.3.1. Simple examples for mean-dispersion information
For the sake of exposition, we concentrate our efforts on the event = = {X > t}. We thus seek
to bound the conditional expectation

800 1=(x)dP(x)
Ep[g(X)|X >1] = RREr o

in which 1z(x) is the indicator function modeling the occurrence of the event {X > t} and P
is the underlying probability distribution of which we assume that it lies in the mean-variance
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ambiguity set, %, ,), which contains all distributions that comply with the available mean-
variance information. Then, the problem of interest can be stated as

J, 8() L=(x)dP(x)
P(x)>0 o L2(x)dP(x)

s.t. /QdIP(x) =1, /QdeP(x) =, sz dP(x) = (¢* + %),

(5.10)

which is a semi-infinite LFP. Through the generalized Charnes-Cooper transformation, intro-
duced in Section 5.2.1, it is possible to write (5.10) as

sup [ g(012(dQ00)
@.Q(x)>0 Q
s.t. /dQ(x) =a, /de(x) = ay, /x2 dQ(x) = a(c? + 1), / T=(x)dQ(x) =1,
Q Q Q Q
(5.11)
where « is a decision variable denoting the “worst-case” probability of X exceeding t. The
semi-infinite linear programming dual of (5.11) is given by

inf A3
AosA1,A2,43
s.t. Ao + Ay + A0 + 1) <0, (5.12)

Ao + Aix + Aox® + A31=(x) > g(x)1=(x), vx €R,

which, for this specific choice of random event =, results in

inf A3
AoA1A2,03
s.t. Ao+ Ap + Ay(0% + pi?) <0,
).0 +/11x + /12)(2 2 0, Vx <,

Ao+ Ax + Aox® + A3 > g(x), Vx >t.

Consider the standard conditional expectation (i.e., consider the function g : x — x). We
next try to find feasible solutions to the dual problem, and prove optimality by finding primal
solutions with matching objective values. Let < yi. The dual problem of suppg, E[X|X > ]

is given by
il’lf /13
AoA1Az,As
sit. Ao + A+ Ao(o® + p*) <0,

(5.13)
Ao + /hx + /12)('2 2 0, Vx <t,

Ao+/11x+/12x22x—/13, Vx}t.
Denote the left-hand sides of the constraints by M(x) := A¢ + A;x + A,x%. The function M(x)

is dual feasible when it is greater than or equal to 0 for x < t and greater than or equal to x — A3
for t < x < b. We construct two candidate dual solutions, the quadratic functions M;(-) and
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A — Tpoplx—43)
\ ---- M(®&)
v === My(x)

!
!

/

Figure 5.1: M;(x) and M,(x)

M,(+) (see Figure 5.1), with the former’s minimum occurring below ¢, while for the latter, its
minimum occurs above the threshold ¢.

The first dual function, M;(-), does not admit a feasible solution. Since o > 0, from Ay + A; 1 +
Ay(o?+p2) < 0itfollows that M(p) = Ag+A i+ Ayp? < 0, but for the minimizer x* = —1; /(24,),
M(x*) > 0. Thus, this case is infeasible.

The second parabola, M,(-), does admit a feasible solution. This function coincides with the
function g(-) at ¢ and some point x,. Since M,(t) = 0, My(xp) = xo — A3 and M;(xo) =1,

t(/13(t - 2X()) + xg) _ tz + X()(X() - 2).3) _ A.3 -1
C-x) 7Gx T -
Hence, this yields an optimization problem in two variables, min,, ), A3, with the additional

constraint Ao + A,y + A2(0? + p?) < 0, in which we substitute (5.14). If this constraint is tight,
the dual problem can be reduced to

/10:

(5.14)

242V — t(x + 12 + o2
min A3 = min ( Xo)p — t + 7+ 07)
Asxo Xo (t - H)(t —2xp + /l) —o?

Optimizing over xo, it then follows that

* 0—2 * 0—2
Xy :y-‘rﬁ, A3:’[1+

p—t
with A; a feasible upper bound for E[X|X > t]. To prove this bound is optimal, we construct a
distribution that (asymptotically) achieves A;. From complementary slackness (see, e.g., [201]),

we deduce that the candidate distribution has all of its probability mass on two points: ¢t~ and
x;. Solving the system of moment constraints in (5.10) yields the probabilities

o’ . (p—t)
o+ (-t P T (-t

P =
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Indeed, for this two-point distribution,

X+ Px; X+ Px; . o?
E[X|X >t]= 22 = 0 — xF =+ i
P(X > 1) Px; o TR

ensuring the upper bound is tight. Hence, by weak duality,

0_2

sup E[X|X >tl=pu+ ) (5.15)
]PGQB(W,) y _t

Notice that this bound is not actually attained, but it is achieved in the limit; that is, for ty = t— i
as k — oo, this construction of the extremal distribution indeed gives the desired result. For
t > p, it can be shown that
sup E[X|X > t] = oo,
PeP )
since we can construct the following sequence of (maximizing) measures:

1 o?
= —— ko + 5, 1.
K2o? +1 Fo 0'2+k1—2”k

Py

Letting k — oo then results in Ep, [X | X > t] — co. Taken together, we obtain the following
result.
PROPOSITION 5.4. For a real-valued random variable X with distribution P € @(w): it holds that

sup Ep[X|X >1t]=
JPE@(,,VG)

+°—Z, fort < p,
{” pt K (5.16)

00, fort > p.

A number of interesting observations can be drawn from this result. First, note that the
maximizing sequence for the second case, {IPx}, converges weakly to d,, which is not included
in the ambiguity set. Notice also that the solution to the second case becomes “uninformative,’
asitdiverges for values of t > p. Degenerate behavior like this also holds for different ambiguity
sets, as we will see in later examples. This result confirms tightness of the Mallows and Richter
bound for conditional expectations under mean-variance information, stated in [151]. Further,
notice that the worst-case distribution that achieves the upper bound matches the extremal
distribution that yields the Cantelli lower bound for the tail probability, as also shown in [88].
The authors of the latter work provide a constructive proof of tightness using the extremal
distribution that achieves the Cantelli bound. Despite Proposition 5.4 being a known result,
this is the first instance in which it has been proven through a duality argument that provides
immediate insight into the extremal distributions.

The method discussed above can be applied to different types of dispersion information, not
only the traditional variance. For example, assume that instead of the variance, we consider the
mean absolute deviation from the mean (MAD), d := E|X — pl, as the measure of dispersion.
Let %, 4) denote the mean-MAD ambiguity set, with the additional constraint that the support
of X is (a subset of) the interval [a, b]. We can then prove the following result.
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PROPOSITION 5.5. For a real-valued random variable X with distribution P € %P, q), it holds that

d(u—t) d(b—p)
+ , fort<pu— ,
sup Ep[X|X >t] =1/ 204 K s (5.17)
PePa) b, fort > p— 20-p)—d-

Again, we see that the second case becomes uninformative, as it simply reduces to the robust
solution (i.e., it agrees with the upper bound of the support). It is worth noting here the in-
terplay between the size of the ambiguity set and the set that describes the random event/side
information. Despite having only a limited number of distributions to choose from, if the real-
izations of the random variable are limited to too small an interval, the bounds become overly
conservative, as an extremal distribution can be constructed for which the moment constraints
are satisfied, yet the support point on = can be made arbitrarily large, bounded, of course, by the
upper bound of the support. For the mean-MAD ambiguity set, the extremal distribution also
agrees with the distribution attaining the lower bound on the corresponding tail probability
[188].

Proposition 5.5 can be generalized further. Assume that the dispersion information is mod-
eled through the expectation of a convex function d(-) of the random variable X, defined as
& := E[d(X)]. We can state the following result for such arbitrary convex dispersion mea-

sures.
PROPOSITION 5.6. Suppose that there exists a solution x; to the equation

st—pd(t)  pd(x) - 5% _
1d(x0) — xd®) T td(x) — x0d®)

such that the corresponding two-point distribution, with support {t,x3}, is feasible. Then, for a
real-valued random variable X with distribution P € %P, ), it holds that

sup Ep[X|X >1t] = x3. (5.18)
PE@(;:,&)

Proposition 5.6 covers a wide range of dispersion measures, not limited to only variance and
MAD. It also incorporates asymmetric measures of dispersion, such as semivariance, semimean
deviations, and partial moments. More generally, it encompasses all dispersion measures that
are modeled using piecewise convex functions. Since the p-norms on R are convex, these are
naturally included in the category of convex dispersion measures as well. Another notable
function that falls into this class is the Huber-loss function, which has been extensively studied
in the field of robust statistics.

As explained earlier, using only moment information often leads to overly conservative bounds
and pathological worst-case distributions. We require additional assumptions about the distri-
bution’s shape to sharpen the bounds and avoid the pathological two-point distributions that
constitute the worst-case scenario in the previous examples. We next study two such structural
properties, i.e., symmetry and unimodality. The random variable X is said to admit a symmetric
distribution about a point m if P(X € [m — x,m]) = P(X € [m,m + x]) for all x > 0. A random
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variable X has a unimodal distribution with mode m if its distribution function is a concave
function on (—co, m] and convex on (m, o). Both definitions are generalized so that they admit
probability distributions that allow for point masses at m. We next consider a distribution that
is symmetric about its mean p with the values of the mean and variance given. Making use of
primal-dual arguments, we obtain the following result.

ProprosITION 5.7. For a real-valued random variable X with a symmetric distribution P € @(S/Z?)’
it holds that
p+2(§’i;%zdz, fort < p—o,
sup Ep[X|X >t]=1p+o, forpy—o <t<p, (5.19)

Pe?(
' 00, fort > p.

Observe that the bounds are sharper than the bound in Proposition 5.4, but still vacuous for
t > p. Combining the notions of symmetry and unimodality yields the following, even tighter,

bounds:

ProprosITION 5.8. For a real-valued random variable X with a symmetric, unimodal distribution
P € 9™ it holds that

(wo)’
4p(x)* =30 (g —p) (t—x5 +41) 343
04(x§)3—602(0t+x5—p)0 ’ fort < H—= TU’
sup Ep[X|X >t] =1L (p+t+ V30), for,u—@<t<,u, (5.20)
]Peg’““i
(n0) 00, for t 2 1,

where x; is the real-valued solution to the quartic equation
60°x; (3(t — ) - xg) +905%(u—t —x0)* =0,
which satisfies the condition x; > 30.

Although Proposition 5.8 does not provide a closed-form solution, it does demonstrate the
versatility of the primal-dual arguments used to derive it. It further highlights that structural
properties can be addressed in conjunction with moment information, even for conditional-
bound problems.

5.3.2. A robust pricing objective function

To demonstrate the primal-dual approach for an alternative objective function g(x), we next
turn our attention to a specific minimax problem. We consider the objective of the robust
monopoly-pricing problem; see, e.g., [45, 75, 88]. This involves evaluating the revenue function

I(p) :=E[plixzpl = pP(X = p).

which models the expected revenue that a seller of a single item receives when the price posted
is equal to p, and the valuation of customers is distributed as X. As in [88], we will attempt
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to minimize the maximum relative regret by posting the minimax selling price p*; that is, we

solve
max; Ep[I1(z)]

b EpI(p)]
We use the “min” and “max” operators only to avoid notational clutter, as it does not imply that
the optima are actually attained. Chen et al. [45] present various results for robust monopoly
pricing and also consider this relative regret criterion. In [45] an almost identical objective
function is considered, namely,

minmax{l - EP[H(p)]} =1 —maxminM
por max, Ep[I1(2)] p P max, Ep[II(2)]

We, however, work with the reciprocal

. max; Ep[lI(z)] _ . Ep[MI(z)] _ . Ep[T1(z)]
min max ——————- = min max max — — - = min max max

p P Ep[li(p)] PPz EBp[li(p)] » = B Ep[l(p)]
where we swap the maximization operators to obtain the final equality. As in the proof of
Theorem 4 in [45], it is imperative to solve the semi-infinite optimization problem
Ep[z1{X > z}]

max —————— 5.21
P2y, pP(X = p) 5-21)

Notice that this problem effectively models the conditional expectation ]E[% ]]llg(( fﬁ | X € E] with
the random event E = {X > p}. As [45] tries to optimize the dual problem directly, their proof
requires several lengthy, tedious arguments to obtain the tight bounds. We will simplify their
proof using primal-dual arguments as in the previous subsection. We assume that p < p, as
otherwise, it is possible to construct an extremal distribution for which the relative regret ratio

diverges; see [88]. For z < p, the expectation in the numerator will evaluate to 1. Hence,

Ep[2I{X >2}] 1 z 1
max —————— < — max
PP, P(X = p) p Per .y P(X > p) p min P(X > p)’

PeP 0

To bound the latter, we can use the one-sided version of Chebyshev’s inequality (commonly
known as Cantelli’s inequality). It then follows that

E[;UX > 2] 202+ (u—p)
max = —
Pe?y,  P(X = p) p (u—p)

Hence,

Ep[Z1{X > 2} 42 4 (u— p)?
max max A Gl ) .

<p P pP(X = p) (p—p)?
For z > p, it holds that

EGUX>H] 2p(X>2)  2PX>20X>p)_zps v
PX>p)  pPX=p) p PXzp  p o TP

and thus, we require a bound for conditional probabilities. Using primal-dual arguments, we

obtain the following result.
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PrRoPOSITION 5.9. Suppose that z > p and p < p. For a nonnegative random variable X with
distribution P € %(,, ), it holds that

2 20%(u—p)
e e forz > p+ g pmor

)22 2 2 2 o
sup PX 22X > p) = (Gt ) - for TGP <2< p TR (522)
(o)

1, otherwise.
Using these bounds, one can show that

Ep[n(z, X)] o+ p(u—p)
max sup = .
=p p pP(X = p) p(p—p)

Hence, combining the above results, the optimal price should solve

min ma { o + K o + 1}
X =, .
p<p plu—p)  p (p—p)

It is shown by [88] that the optimal price is the value of p on which both branches of the
max operator agree. Observe that by using primal-dual arguments, we have greatly reduced
the number of necessary calculations to obtain the desired result. Contrary to [45], we work
with the primal and dual problems concurrently so as to verify the optimality of the suggested
solutions in a more effective manner. It goes without saying that the proposed duality approach
in this section probably also works for other pricing problems with fractional objectives, such
as e.g. the personalized pricing setting in [75].

5.3.3. Numerical bounds

We next show how the strong dual problem (5.7) can be reduced to a semidefinite programming
problem for the univariate setting. Consequently, the tight bounds can always be obtained nu-
merically as the solution to a (computationally tractable) optimization problem. The numerical
experiments have been conducted in the Julia programming language, using the MOSEK solver
[158] together with the Julia packages SumOfSquares.jl and PolyJuMP.jl [221].

Assume the objective function g(x) is piecewise polynomial and the moment constraints are
described by the traditional power moments. Then the dual problem can be reduced further
to a semidefinite programming problem by applying standard DRO techniques discussed in,
for example, [28, 29, 177]. In particular, the univariate moment problem reduces to solving a
semidefinite program, provided that the dual-feasible set is semi-algebraic; that is, the dual con-
straint involves checking whether certain polynomial functions are nonnegative on intervals
described by the event set = and the support Q. It is well known that a univariate polyno-
mial is nonnegative if, and only if, it is a sum of squares. A classic result then states that the
semi-infinite constraint in the dual-feasible set of (5.7), with the support Q a possibly infinite
interval, can be reduced to a set of linear matrix inequalities (LMIs) of polynomial size in the
number of moments m (see, e.g., [28, 29, 167]). Since g(x) is piecewise polynomial, the support
of the dual constraints in (5.7) can be subdivided into subintervals so that these constraints can
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be reduced to a set of LMIs. Generalized moment information can be included if these moments
are described by piecewise polynomials in the dual problem. Examples of piecewise polyno-
mial objective functions are the indicator function g(x) = 1j.)(x) and the stop-loss function
g(x) = max{x — ¢, 0}. Both of these functions have several relevant applications in e.g. finance,
insurance and inventory control.

P(X > c|X > 0.25) P(X >c|X >0.5)
1

1p=—m—————————

0.8 0.8
0.6 0.6
0.4 0.4
0.2 0.2
k k
(a) E = {X > 0.25}
P(X > c|X >1.25)

B

0.8

0.6

0.4

0.2

l;> 3j5 4.1 415 5 k

(€) E ={X >1.25}

Figure 5.2: Tight bounds for conditional tail probability for ambiguity sets matching the uniform distri-
bution on [0, 5]

In Figure 5.2 we provide numerical bounds for the conditional probability P(X > ¢| X > t),
which corresponds to the piecewise function g(x) = 1jc)(x). We assume that the ground truth
is given by a uniform distribution with support [0, 5]. We determine the bounds for three types
of ambiguity sets, in which the number of available moments varies between m = 2,4, and
6. Obviously, the bounds become sharper when more moment information is included, but in
addition, the uninformative solution becomes less prominent because the size of the ambiguity
set reduces. Nevertheless, the uninformative solution becomes more apparent again as the size
of Z reduces, as already noted in Section 5.3.1.
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Ep[X|X > t]

3 -

- --- Moment-based

------- Symmetric
----- Symmetric and unimodal

—— Normal(0,1)
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Figure 5.3: Tight bounds for conditional expectation for ambiguity sets matching the moments and prop-

erties of the standard normal distribution

Even if the ambiguity sets are augmented with structural properties, the resulting dual prob-
lem can still be reduced to a semidefinite optimization problem. Consider the setting in which

%, contains only symmetric distributions. Using the generator class consisting of symmetric
pairs of Dirac measures, the dual problem (5.9) reduces to
inf A3

m
s.t. Z quj < 0,
Jj=0

m+1

DA (hi(u=x) + by + %)) >

(5.23)

j=0
g —x)1g(p—x)+ glp+ x)Lg(p + x), vx > 0.
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Likewise, if we consider symmetric, unimodal distributions (which can be generated by the
convex combination of a Dirac measure &, and uniform distributions, which we denote by
Olu-zp+z]» 2 > 0), the dual problem becomes

inf /13
Jj=0

m+1 ptx ptx (5.24)
Z /1]-/ hj(z)dz > / g(2)1=(z)dz, vx > 0,
=0 p=

p=x X

m+1

D k() > g(l=(w).

J=0

Observe that the resulting integral transforms are still piecewise polynomial in x. As a conse-
quence, we can reformulate both (5.23) and (5.24) as semidefinite programming problems.

Figure 5.3 shows the results for different structural assumptions. Notice that the addition of
structural information significantly sharpens the bounds, independently of the available mo-
ment information. However, even though the bounds are sharpened with additional informa-
tion, the bounds still diverge for t > y when only mean-variance information is available. Still,
it is obvious from the figures that this conservatism of the bounds can be mitigated significantly
by adding additional moment information.

5.4. Distributionally robust optimization with side infor-

mation
In this section, we lay the groundwork for a generalized moment-based framework for con-
textual distributionally robust stochastic optimization. Section 5.4.1 introduces moment-based
contextual DRO and a class of ambiguity sets that lead to tractable problems. In Section 5.4.2,
we provide examples of these ambiguity sets for which computationally tractable conic opti-
mization problems can be derived.

5.4.1. Contextual DRO with mean-dispersion information
Given the side information in the form of the event X € =, contextual DRO problems can be
stated in general as

inf sup Ep[f(v,X)|X € E], (5.25)
vey Peop

where f is some cost function to be minimized, and v € "V denotes the decision vector with
W C RP a closed, convex set. The probability distribution P is the joint measure governing X.
Let Y € % C R™ be a random vector that models the outcome variables that affect the decision
problem directly, and let Z € % C R be the covariates (or features) that influence the outcome
random variables. Assuming that the supports of Y and Z are independent, let X = (Y,Z) €
Y x % =: Y. Henceforth the boldface lowercase characters represent the realizations of the
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random vectors. Furthermore, the expectation inf, sup,.g Ep[v(v,X)|X € E] is conditioned
primarily on the information given by the covariates Z with £, C % the information set built
from the information on the covariates Z. Therefore, the side information is described by = : =
{x = (y,z) € X : z € E,}. This includes the case in which =, is represented by a singleton,
which models a particular realization of the covariates. No conditional information is normally
included about the outcome variables. Hence, in the remainder of the section, we occasionally
use the notation E[ f(v, X) | Z € E,] for the conditional expectation given the side information.

We next introduce some additional technical notation tailored to this section. Boldfaced
lowercase characters represent vectors, where the italic character x; denotes the kth element
of the vector x and x" denotes its transpose. Except for the random vectors described above, all
boldface uppercase characters represent matrices. For a set &, let conv(¥), cl(¥) and int(¥)
denote its convex hull, closure and interior, respectively. For a proper cone & € R" (ie., a
closed, convex and pointed cone with nonempty interior), the general inequality x <y u is
equivalent to the set constraint u — x € A, while the strict variant x < u expresses that
u — x € int(A). We use A * to denote the dual cone of K, given by A* = {u : u'x, vx € A}
with u"x the appropriate inner product. The set $" represents the cone of symmetric positive
semidefinite matrices in R™". Finally, for matrices A, B, we use A < B to abbreviate the relation
A <s B.

In order to derive solvable reformulations of (5.28), we shall impose the following conditions:

(C1) The side information = is a closed and convex set, and the support set % = R".
(C2) The dispersion is modelled by (%-)convex epigraph functions (see [101, 224]).

(C3) The function f(v,x) can be represented as
(v, x) = max{fi(v,x)},
le£
in which &£ is a set of indices and the auxiliary functions f; are of the form

fiv,x) = si(v) x + 4,(v)
where for all [ € £, s;(-) € R? and 1;(*) € R are some affine functions of v.

(C4) The ambiguity set 2 satisfies the Slater condition.

The rationale behind the first part of condition (C1) is twofold: (i) it enables the use of robust
optimization methods to reformulate the model, and (ii) it guarantees that the side event has a
conic reformulation. There is no necessity to the second part of the condition (closedness and
convexity suffice), as it is merely done to benefit the mathematical exposition in this section.
The second condition states that the dispersion function has an epigraph that can be described
through convex cones. We denote the dispersion function by d : R” +— R™, and assume it
admits a 9 -epigraph that is conic representable, with 9% C R™ a proper cone, meaning that the
set {(x,u) € R" xR™ : d(x) < u} can be described with conic inequalities, possibly using
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cones other than 9 and auxiliary variables. See [23] for a comprehensive introduction to conic
representations. The epigraphic mean-dispersion ambiguity set can now be defined as

Py ={P € Po(X) : Ep[X] = p, Ep[d(X)] <9 o}, (5.26)

where % is the set of probability distributions with support %, the vector u € R" represents
the mean value of the random vector X, and o € R™ is an upper bound on the expected value
of the dispersion measure E[d(X)]. Although the mean-dispersion ambiguity set %, 4y may
seem simple, there are numerous practically relevant ambiguity sets that can be recovered by
selecting appropriate dispersion functions d(-). For example, setting d = 0 yields the mean-
support ambiguity set, while setting d(X) = (X — p)(X — )" enables modeling the correlation
structures between the elements of the random vector X. Other (%-)convex dispersion measures
include the Huber loss function, mean absolute deviations, any norm || on R", and the other
convex dispersion measures that were applicable to Proposition 5.6. We will elaborate on some
of these dispersion measures in the next subsection.

The third condition states that the objective function f is a convex, piecewise-affine function
of the uncertainty x, for all v € ¥/, and the decision vector v, for all x € % . We will focus on
piecewise-affine objective functions as these are more than sufficient to capture several inter-
esting models. For example, they can capture max operators as in the newsvendor model, as
well as the Conditional-Value-at-Risk, which is frequently used to optimize financial portfolios
with risk-averse investors. The requirement on the objective function is not strictly necessary
and can be relaxed to a much richer class of functions f(,-) that are convex in v for all x, and
concave in x for all admissible v. For a detailed discussion on computational tractability, we
refer the interested reader to [224].

The dual problem of the inner maximization problem of (5.25), in the multivariate case, is
given by

inf /13
Ao ArAz. A3

s.t. Ao+Alp+Ao <o, (5.27)
do + ATx + A5d(%) = (fF(v,%) — A3)1=(x), vx € X,

with 4o, 43 € R, A; € R" and A, € RT.

We assume that condition (C4) holds so that supp.s Ep[f(v,X)|X € E] is strongly dual to
(5.27). To be more specific, the Slater condition is given by g € int(%¥') and d(u) <g o. The
semi-infinite constraint in (5.27) can be amended using standard robust optimization methods.
This yields the following result.

THEOREM 5.10 (Contextual DRO with mean-dispersion information). Let P be a member
of the mean-dispersion ambiguity set %, . If conditions (C1)~(C4) hold, then the objective value
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of the contextual DRO problem (5.25) coincides with the optimal value of the semi-infinite LP

inf /13
VoA Az
s.t. A+Ap+2A0 <0,
Ao+ A x+Aju >0, v(x,u) €6, (5.28)
Ao+ Ax+ A u+ A3 > si(v) x +(v), vV(x,u) €6,vle L,

veV, peR, A eR", A, eRY, A5 €R,

in which
6 :={(x,u) eR"xR™ : x€ &, d(x) <g u}, (5.29)
%::conv({(x,u)e]R”x]R”’ P XEE, d(x)zu}), .
with = := cl(R"\E). Moreover, problem (5.28) admits a reformulation as a finite-dimensional
conic optimization problem.
Proof. The dual problem of the inner maximization problem is given by
inf /13
Ao:A1.Az A
subjectto Ao+ Ajp+Aj0 <0, (5.30)

Ao+ A x+ Ayd(x) > 1=(x)(f(v,x) — A3), vx € R™.

By decomposing the semi-infinite constraints using the definition of the indicator function, we
obtain two semi-infinite constraints,
Ao + AIX + /fzrd(x) >0, vx € R"\E,

5.31
Ao+ A x+ A, d(x) + A3 > f(v,x), VX € B, (531

in which R"\ = is the complement of =Z. From a standard continuity argument, it follows that we
are allowed to replace the complement with its closure, Z. Since f(v,x) is a convex, piecewise
affine function by condition (C3), (5.31) is equivalent to

Ao+ A x+ A d(x) >0, vx € =,
Ao+ A x+ A, d(x) + A3 > fi(v,x), vxeE vie.
Then, by lifting the nonlinearity in the uncertainty to the uncertainty set, we obtain the robust
counterparts
Ao+ A x+Au >0, v(x,u) : x€Z, d(x) = u,

5.32
Ao+ A x+ A u+ A3 > fi(v,x), V(x,u) : xe€ =, dx)=u, vie Z. (532)

As the constraints are linear in the uncertain parameters, we can equivalently use the convex
hull of the uncertainty sets

Ao+ A[x+Aju>0, v(x,u) € conv ({(x, w):xex dx) = u}) ,
Ao+ A x+Au+ A3 > fi(v,x), v(x,u) € conv({(x,u) : x € E,d(x) = u}), vl € £.

(5.33)
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Here we note, for the first set of semi-infinite constraints, that although the convex hull de-
fines a convex set, it might not admit a conic representable form involving only the “tractable”
cones (i.e., the nonnegative orthant, second-order cone, exponential cone, power cone, positive
semidefinite cone and their Cartesian products). From conditions (C1) and (C2), it immediately
follows that the convex hull of the uncertainty set of the second set of robust counterparts is
equivalent to 6. As the robust counterparts in (5.33) constitute an (infinite) intersection of
halfspaces w.r.t. the dual variables A, A1, A5, A3 and the decision vector v, it follows that the
feasible set is convex and (5.28) is a convex optimization problem. This a fortiori implies that
problem (5.28) can be phrased as a conic optimization problem. To demonstrate the second
claim, in Appendix B.3 we rewrite (5.28) as a finite-dimensional conic program. This completes
the proof. O

The difficulty now lies in reformulating the semi-infinite constraints (or robust counterparts)
in the dual problem by constructing explicit expressions for the convex hulls € and 6. To
address this, robust optimization techniques for nonlinear types of uncertainty can be used;
see, for example, [16, 228] for further details. It seems noteworthy to mention here that the
distribution-free analysis of (5.28) shares many similarities with the literature based on uncer-
tainty quantification [100, 101], and distributionally robust convex optimization [224]. How-
ever, in contrast to Theorem 5 in [224], we apply a lifting argument when solving the dual
problem rather than during the construction of the ambiguity set. In the next section, we show
that Theorem 5.10 leads to computationally tractable models for appropriate choices of % and

—
.

5.4.2. Some examples for mean-dispersion information

For the sake of exposition, we limit our attention to two types of ambiguity sets, which are anal-
ogous to Propositions 5.4 and Proposition 5.5 in Section 5.3.1. Further, for the sake of simplicity,
we assume that the event set is defined by a halfspace; that is,

E,={z€R™ : 'z <G},

with ¢ € R™ and ¢ € R. Since %Y = R™, = is unrestricted in the outcome space. We have
chosen this specific setup so that, in the remainder of this section, we can obtain computation-
ally tractable conic reformulations. In this context, “computationally tractable” means that our
problems can be formulated as linear, conic-quadratic or semidefinite programs so that we are
able to use mature, off-the-shelf solvers for conic optimization. The derivations of these conic
programs are provided in Appendix B.3.

We first construct a Chebyshev-type ambiguity set [66, 215], which allows us to impose con-
ditions on the covariance matrix of the random vector X. Let E[X] = p denote the mean vector,
and define the dispersion measure as d(x) = (x — p)(x — p)". We identify 9 with the cone of
positive semidefinite matrices. The Chebyshev ambiguity set then consists of all distributions
with mean p € R" and covariance matrix bounded above by X € §%. It can be defined as

Pluzy = {P€Po(R") : Ep[X] = p, Bp [X-p)X-p)'] <X}



Chapter 5. A generalized moment approach for conditional expectations 123

When we consider this ambiguity set in conjunction with the half-space event set, the convex
hulls in (5.28) can be described by LMIs. Hence, Theorem 5.10 yields the following result.

COROLLARY 5.11 (Chebyshev ambiguity set). Suppose conditions (C1)—(C4) are satisfied. Let
E, be defined by a halfspace. Then, for ? = %,5,), the contextual DRO problem (5.28) can be
reformulated as a semidefinite optimization problem.

Alternatively, the MAD can be used as dispersion measure [179]. Let m € R" represent some
center point, in our case the mean. Assume that we have bounds for the componentwise mean
deviations E[|X — m|] and the pairwise mean deviations E[|(X; £ X;) — (m; + m;)|], which are
given by f € R, This information results in the ambiguity set

Pmg) =P € Py (R") : Ep[X] =m, E[IX; —m|] < fi:, Vi,
E[I(X; + X;) — (m; £ m))|] < fij, Vi # j}.

For this ambiguity set, the convex hulls in (5.28) are representable by linear inequalities. There-
fore, Theorem 5.10 leads to the following result.

COROLLARY 5.12 (MAD ambiguity set). Suppose that conditions (C1)—(C4) hold. Let =, be de-
fined by a halfspace. Then, for P = Py y), the contextual DRO problem (5.28) can be reformulated
as a linear optimization problem.

The precise mathematical models are relegated to Appendix B.3. Although we have obtained
computationally tractable models, it is not immediately clear how the ambiguity sets and side
information interact or under which conditions the contextual DRO problem reduces to its ro-
bust counterpart, inf, supy, f(v,y), as discussed in Section 5.3. Related to this, we would like to
mention the nested ambiguity sets that were introduced in [224], which encompass distance-
based ambiguity sets as a special type of generalized-moment ambiguity sets. The reason for
this is that distance-based ambiguity sets can be defined by a finite number of (conditional)
expectation constraints based on generalized moments [53]. The distance-based ambiguity sets
are particularly interesting as they provide an explicit way to relate the “sizes” of ambiguity
sets and event sets. This makes it possible to quantify when the contextual DRO problem be-
comes “uninformative.” For an excellent discussion on the interplay between a distance-based
ambiguity set based on optimal transport and the size of the event set, see [169]. As our frame-
work applies to generalized moments, it is possible to extend Theorem 5.10 to include nested
ambiguity sets. Furthermore, as discussed in Section 5.3, we can obtain tighter bounds by im-
posing structural properties on the base ambiguity set %,. However, both extensions would
entail delving into many technical details. As these might detract from the main focus of this
expository section, we leave them to the avid reader.

5.5. Conclusions and outlook
This chapter presents a novel framework for bounding conditional expectations that, in con-
trast to generalized moment-bound problems, can explicitly incorporate side information into
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the semi-infinite formulation. The key idea is to use a simple transformation to reduce the re-
sulting semi-infinite fractional problem to a semi-infinite LP. The corresponding dual problem
highly resembles that of a generalized moment problem, but includes an additional constraint
that models the conditioning on this random event. Fortunately, this slight increase in complex-
ity does not seem to affect significantly the computational tractability of the resulting models.
The generalized conditional-bound framework can be used to obtain univariate bounds for dif-
ferent ambiguity sets and general objectives (for, e.g., pricing) through the use of primal-dual
arguments. Moreover, it serves as the foundation for a moment-based contextual DRO frame-
work that can be applied to stochastic optimization problems with side information.

We finally mention several potentially interesting avenues for further research. First, it seems
of interest to find more applications for the univariate bounds, such as the robust monopoly-
pricing problem. Second, alternative applications for the contextual DRO framework, discussed
in Section 5.4, can be investigated. Moreover, it would be beneficial to expand our findings to
nested ambiguity sets, as this class of ambiguity includes the distance-based ambiguity sets,
which offer a more direct way to answer questions about when a solution becomes “uninfor-
mative,” i.e., for which instances the DRO problem reduces to a robust optimization problem.
Conducting a comprehensive complexity analysis for the nested ambiguity sets and different
types of side information and objective function structures also seems a worthwhile topic to
explore. In conclusion, our proposed framework provides a promising approach for bound-
ing conditional expectations while incorporating side information. We anticipate that the sug-
gested directions for future research will contribute to the development and applicability of this
framework.



Robust knapsack ordering for a
partially-informed newsvendor

6.1. Introduction

The newsvendor model is one of the cornerstones of inventory management, introduced by
Arrow et al. [6] for finding the order quantity that minimizes expected costs in view of unknown
demand and the trade-off between leftovers and lost sales. The newsvendor model finds many
applications in e.g. perishable food, fashion and high-tech industries, particularly when the
total time span of production and lead times exceeds the market lifetime of a product; see [159]
and [80].

Manufacturers and retailers need to decide how to employ the available budget or resources
when determining the optimal order quantities of different products. A budget constraint
makes the problem multidimensional—as ordering more of one item leaves less budget for other
items—and gives rise to a challenging optimization problem. Hadley and Whitin [95] solved this
problem with Lagrangian optimization. Abdel-Malek et al. [4] and Lau and Lau [140] provided
alternative solution methods, Erlebacher [77] established closed-form solutions for special de-
mand distributions and Nahmias and Schmidt [161] developed heuristic solutions. All these
works are for the full information setting, where the demand distributions for all items are fully
specified. In this chapter we perform a distribution-free analysis of the multi-item newsvendor

This chapter is based on the research paper [35].
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problem with budget constraint. This analysis does not rely on full specification of the demand
distributions, but only requires for each item knowledge of the mean, the mean absolute devi-
ation (MAD) and range. Given this partial demand information, we obtain a robust ordering
policy by employing distributionally robust optimization methods.

The newsvendor model in this chapter seeks to minimize the expected costs as function of
the order quantity. The cost function depends on the order quantity, but also on the demand,
which is a random variable with some distribution. Given the demand distribution, the single-
item newsvendor model finds the optimal order quantity that minimizes the expected costs.
In traditional approaches, the demand distribution is fully specified, so that the expected costs
can be calculated, and the optimal order quantity can be determined. A robust version of this
problem assumes partial information, and only knows that the demand distribution belongs to
some ambiguity set that contains all distributions that comply with this partial information. We
adopt a minimax strategy that can be viewed as a game between the newsvendor and nature:
the newsvendor first picks the order quantity after which nature chooses a demand distribution
that maximizes the expected costs. The goal then becomes to solve this minimax problem.

The way we solve this minimax problem in this chapter fits in a much richer class of dis-
tributionally robust optimization (DRO) approaches that first calculate worst-case model per-
formance, over the set of distributions satisfying some partial information, and then optimize
against these worst-case circumstances. Such DRO techniques found applications in many do-
mains including scheduling [135, 149], portfolio optimization [67, 178], pricing [45, 75, 134],
complex networks [213], and inventory management [15, 83, 174, 191]. A classic distribution-
ally robust approach is due to Scarf [191], who considered the single-item newsvendor problem
with mean-variance demand information. Scarf was able to derive explicit expressions for the
worst-case distribution, and solved the minimax problem to obtain the optimal order quantity.
Whether a minimax problem is solvable depends on both the function to be optimized and the
choice of ambiguity set. There are many ways to characterize a set of distributions. In DRO,
one can define ambiguity by using distance-based metrics, such as total variation or Kullback-
Leibler distance. Another popular class of ambiguity uses summary statistics. The ambiguity set
studied in this chapter contains all distributions with known mean and MAD. The maximization
part of the minimax problem can then be viewed as a semi-infinite linear optimization problem
with three constraints, and an infinite number of variables (all distributions in the ambiguity
set). In fact, such minimax problems are related to generalized moment bound problems, for
which general theory says there exists an extremal distribution solving the maximization part
with at most a number of support points equal to the number of moment constraints [186].

For the multi-item newsvendor model in this chapter, we solve the multi-dimensional min-
imax problem with a random vector that describes the demand for all items. Compared with
tractable one-dimensional problems such as the single-item newsvendor model, applying DRO
techniques to such problems with multiple random variables might present considerable chal-
lenges in terms of computational complexity. For example, given information on the mean and
covariance of the demands, the distributionally robust multi-item newsvendor is significantly
harder to solve than its single-item counterpart [100]. However, for the multi-item newsven-
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dor model in conjunction with mean-MAD ambiguity, solving the minimax problem becomes
tractable, and in fact has an elegant algorithmic solution. The key insight will prove to be
that the worst-case demand distribution—the solution to the maximization part of the minimax
problem—is identical for any order quantity. As a result, the minimax problem reduces to a
known-distribution optimization problem. This known distribution is in fact, for each item, a
unique three-point distribution. In turn, the minimization problem with this known (discrete)
distribution can be solved using a reduction to a knapsack problem.

We next discuss some related literature on the newsvendor model. Gallego and Moon [84]
considered the multi-item newsvendor model with budget constraint when the mean and vari-
ance of demand is known. Gallego and Moon [84] extended the ideas in Scarf [191] to obtain
an optimization problem that can be solved with Lagrange multiplier techniques, similar to
the full information setting with a known distribution. In contrast, our minimax analysis with
mean-MAD-range information yields a knapsack ordering policy that generates a sorted list and
prescribes to sort items successively according to that list, with order sizes equal to the mini-
mal, mean or maximum demand. Other related works that consider the multi-item newsvendor
model under partial information include Vairaktarakis [208], who assumed only the support of
demand is known, and Ardestani-Jaafari and Delage [5] who assumed knowledge of partial mo-
ments and rephrase the robust optimization problem as a tractable linear program. Natarajan
et al. [163] assumed knowledge of mean, variance and semivariance, for which the newsvendor
model is solvable in the single-item setting using a semi-infinite linear program, but largely in-
tractable in the multi-item setting. Natarajan et al. [163] therefore considered a relaxation that
gives a semidefinite program (SDP) to find a lower bound (which is not tight). Hanasusanto et al.
[100] considered mean and covariance knowledge. They prove that the distributionally robust
problem is NP-hard but admits a semidefinite programming formulation with an exponential
number of inequalities (that grows in the number of items). Xu et al. [227] and Natarajan and
Teo [164] presented more tractable bounds for mean-covariance information. In this chapter,
we assume only marginal information is available, since covariance information and other de-
pendency structures are difficult to estimate, and fixing covariance information often leads to
difficult optimization problems with non-intuitive solutions (policies). The knapsack ordering
policy that we obtain in this chapter deals with the worst-case demand distributions among all
demand distributions with a given mean, MAD and range, not conditioning on a specific depen-
dency structure. This approach makes the knapsack ordering policy robust, but also suitable
for scarce-data settings, as the mean, MAD and range are relatively easy to estimate.

6.1.1. Contributions and outline
The main contributions of this chapter are as follows:

1. Solution of minimax problem. We solve the minimax problem for mean-MAD ambiguity
and a budget constraint. We first show that the worst-case scenarios arise when item
demands follow specific three-point distributions that comply with the partial demand
information. We minimize the associated worst-case costs to obtain a robust ordering
policy as the solution to a knapsack problem. As opposed to existing methods for the
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newsvendor model under full demand information, the knapsack problem leads to an
effective closed-form ordering policy, also for scenarios with many items. As such, the
present chapter further develops DRO theory that uses MAD information to formulate
tractable minimax problems.

2. Budget consistency. The robust ordering policy only depends on the minimal, mean and
maximal demand for each item. Hence, the worst-case distributions are independent of
all other model parameters, which makes the robust ordering policy “budget consistent.”
When the budget is increased, the orders for the original budget remain unaltered, while
only the additional budget is further divided over the items. Such budget consistency is
useful because the optimization model needs to be solved only once. That is, for the initial
budget value the decision maker can generate an ordered list of items as the solution to the
knapsack problem, using only standard spreadsheet software, and this solution is valid
for all budget levels. In contrast, most other exact and robust methods for the multi-item
newsvendor model do not have this feature, which means that the decision maker has to
recompute the optimal policy for each budget level.

3. Performance of ordering policy. Through a range of numerical examples we demonstrate
the performance of the knapsack ordering. We draw comparisons with full information
settings and other robust approaches that require partial demand information by assess-
ing the so-called expected value of additional information (EVAI). Overall, the perfor-
mance of the robust policy only deviates a few percent from the optimal performance
with full information availability. We also quantify the value of MAD information by
comparing the performance with the situations when only the mean and range of de-
mand is known, and show that MAD indeed provides crucial information for providing
good performance. In addition, we construct an ordering policy that attains the optimal
value of a matching minimin problem which, in conjunction with the optimal value of
the minimax problem, yields tight performance guarantees.

Section 6.2 introduces the single-item model and the multi-item model with budget, under
the traditional assumption of full information about the demand distributions. In Section 6.3 we
present our main results for the distributionally robust setting with partial information. Sec-
tion 6.4 presents a detailed numerical study that demonstrates the robust policies. We present
conclusions and several directions for future work in Section 6.5.

6.2. Classical newsvendor analysis
We introduce the newsvendor model and several well-known results in Section 6.2.1 for the
single-item setting, and in Section 6.2.2 for the multi-item setting with budget constraint.

6.2.1. Classical single-item setting
Consider an item with purchase price ¢ and selling pricing p. The decision maker places an
order of size q. The demand for items is assumed to be the random variable D with distribution
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function Fp(-). Unsold items will be salvaged at the end of the period for salvage value s per
item. The mark-up m > 0 represents the profit per sold item and satisfies p = ¢(1 + m) and the
discount factor d > 0 captures the loss through s = (1 — d)c.

The expected costs consist of two terms: opportunity costs of lost sales and overage costs in
case of overstocking. This gives the cost function

G(g,D) = (6.1)

(p—aD—-q) ifg<D,
(c—s)q—D) ifg>D.

The case ¢ < D amounts to lost sales and g > D results in overstocking. The objective is to
order the quantity g of items that minimizes the expected costs. Let E denote expectation, and
define p = E[D] and x* = max(x, 0). Write the expected costs as

C(g) :=E[G(g. D)] = (c=8)g + (p = ED — )" ~ (c—s)u = ¢ (d(g — p) + (m + DED — 9)") .
(6.2)
To keep notation simple (and without loss of generality) set ¢ = 1. Then, the optimal order
quantity
q* = argmin C(q) = argmindq + (m + d)E(D — q)", (6.3)
920 q=0

is given by

q =inf{q : F(g) > (6.4)

m
m+d }
A proof of (6.4) is provided in most standard textbooks on inventory management; see e.g.
[95, 160, 200].

Scarf [191] introduced a distribution-free analysis for the single-item newsvendor model by
assuming that the decision maker only knows the mean and variance of the demand. Define
the ambiguity set containing all distributions with the same mean and variance as

Pluoy := {P|Ep(D) = i, Ep(D?) = 0* + i},

Scarf [191] determined an upper bound on the cost function C(q) by finding the worst-case
distribution in the ambiguity set. To find the order quantity that protects against the ambiguity
in %, ), the following minimax optimization problem is solved:

min max dq+ (m+d)Ep(D — gq)*.
q ]PEOJ)(}W)

Since

max EJP(D_q)+ < V‘72+(H_Q)Z+(F_CI)

Pe ) 2

5

this minimax optimization problem becomes min, maxp C°(q) with

(@) ::dq+(m+d)\/02+(u—q)2+(u—q).

2

(6.5)
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and solution

q° :=argminC3(q) = p + % (ﬁ— \/Z) . (6.6)
q

The quantity ¢° is known as Scarf’s order quantity which prescribes to order more than the
expected demand when m > d, and less than the expected demand when d < m.

6.2.2. Multi-item setting

Consider n different items and order g; units for item i for a given period where i = 1, ..., n. For
item i, the unit purchasing and selling price are ¢; and p; respectively. Possible leftovers will be
salvaged at the end of the period for unit salvage value s;. We define the model in terms of the
mark-up m; > 0 and discount factor d; > 0. The mark-up represents the profit per sold unit and
the discount factor the loss, i.e. p; = ¢;(1 + m;) and s; = (1 — d;)c;. The random demand for item
i in one period is represented by the nonnegative random variable D;, distributed according to
F(). As in the single-item setting, we minimize the expected costs. Define the multi-item cost

function as
n

G(q,D) := Y. ¢ (di(g: — D) + (m; + d)(D; — g)") - (6.7)
i=1
We also introduce the budget constraint Y i, ¢;q; < B with B the available budget. The multi-
item newsvendor model, with decision vector q = (q, ..., qy), is then given by

n

min  C(q) := E[G(q.D)] = > i (dilgs — ) + (mi + d)ED; — ¢)")

i=1

- 6.8
s.t. Z Ci‘]i < B, ( )

i=1

Its solution, referred to as the optimal ordering policy, will be denoted by q*. In the single-item
setting the purchase costs had no influence on the objective function, but in the multi-item
setting the optimal order quantity is affected by ¢;. It is well known that model (6.3) is a convex
optimization problem. In (6.8) we take the summation over n convex functions, which preserves
convexity. Moreover, the constraints form a convex set, so that (6.8) is a convex optimization
problem [36]. Gallego and Moon [84] built on Scarf’s result to consider the multi-item setting,
which gives the problem

n

min Cs(q) 1= Z Ci (di(%' — ) + (m
q

i=1

PP D m)
’ 2

s.t. Z ¢q < B, (6.9)
i=1

q = 0.
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The optimal solution to problem (6.9) is referred to as q°. Applying Scarf’s bound for each item
individually results in (6.9). Similar to the full information setting with a known distribution,
this optimization problem can be solved with Lagrange multiplier techniques.

6.3. Proposed robust approach

Section 6.3.1 presents the robust ordering policy for the single-item setting. This result serves as
building block for the robust analysis of the multi-item setting in Section 6.3.2, which describes
the optimal policy as the solution of an LP. In Section 6.3.3 we show that this LP can be viewed
as a knapsack problem. All these results are based on a tight upper bound for the cost function.
In Section 6.3.4 we derive a matching tight lower bound for the cost function.

6.3.1. Distribution-free ordering policy for single item

Let IP denote a probability distribution, and write Ep for E to emphasize that the expectation
is taken with respect to the distribution P of D. The MAD for random demand D is defined as
& := Ep|D—pl, where i is the expected value of D. Similar to the variance, the MAD is a measure
of dispersion or variability. We mention several properties of MAD in Appendix A. For the
random variable D with mean p, MAD &, and (bounded) support [a, b], where 0 < a < b < oo,
the mean-MAD ambiguity set is defined as

Ps) = {P|Ep[D] = p, Ep|D — p| = 6, supp(D) C [a,b]}.

We thus assume that the “true” distribution P of the random demand D is contained in this
ambiguity set, that is, P € %, ).
To obtain the robust order quantity, we solve

min max dq + (m + d)Ep(D — q)7,
q ]Pégi(l,ﬁ)
for which we first consider maxpeg,,, Ep(D —¢)". To characterize this tight bound, we apply a
general upper bound for convex functions of a random variable by Ben-Tal and Hochman [19].
The proof of the following result has been provided in Chapter 1.

LEMMA 6.1. The extremal distribution that solves max Ep(D — q)" is a three-point distribution
PePus)
on the values a, i1 and b that does not depend on q.

From the proof of Lemma 6.1, it follows that the worst-case probability distribution of D, the
extremal distribution that solves maxpeg, Ep(D — q)*, is a three-point distribution defined as

1)
_ for x = a,
2(p—a)
P(D = x) 1 9 4 for x (6.10)
=X)= —_ —_ s =Uu, .
A=) 2 p) /
for x = b.

2(b - p)’
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Applying this worst-case distribution, the robust order quantity follows from solving ¢V =

argmin, CY(q) with
CYq) :=d(g—p) + i((r:jj))(a —q)" +(m+d) (1 - z(ué_ Q) 2(;,5_ y)) (n-9"
S(m + d)(b Q" (611)
2b—p)

The upper bound (6.11) coincides with the “true” cost function at the points a, y and b. Clearly,
for ¢ = a or b, it holds that CY(q) = C(q). When q = p, the cost function equals

d(m+d)

T (),

C(u) =d(p— p) + (m + dED — p)* =

since E(D — p)* = E|D — pu|/2. By analyzing (6.11) one can obtain an explicit ordering rule for
qY. The objective function of (6.11) is composed of piecewise linear functions. By exploiting
this structure, we can construct an explicit ordering policy. For scalars aj, ..., &y, V1, ..., vm € R,
f(x) = maxi—;__n{aix + v;} denotes a convex, piecewise linear function. The function CY(q)
in (6.11) admits a representation of the form

CU(@)=d(qg—p) +(m+dED - q) =m(u—q) = f(q),

for g € [0,a) and

C(q) = d(g — ) + (m+ d) (1 - )
od(m+d)

2(p—a)

55 L Sm+d)
2~ a) z(b—u)>(“ o)

=q( —m)+vi=: fi(q),

for q € [a, ), where v, is some constant value. For g € [a, i), the mean-MAD objective function
is defined by the linear function f;(q). For the interval q € [, b], we obtain

o(m+d) o(m+d)
W D=1 ( 26— 1)

for some constant v,. The cost function is thus the pointwise maximum of the three linear
functions fy(q), fi(g) and f2(q):

C%(q) = max{fy(q). fi(9). f:(q)}.

CV(g)=dlq—p) + ) fr = B(g)

Since CY(q) = max;—912{a;q + v;} is a convex function, it holds that &y < a; < a. Since we
assume that m > 0, we know that ¢y < 0. Therefore, from the derivatives ay, ay of CU(q), we can
derive an explicit order quantity by examining for which linear piece the slope turns positive.
This allows us to state Theorem 6.2.

THEOREM 6.2 (Mean-MAD order quantity). The robust order quantity qV € argmin, CY(q) is
given by
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od U
(a) Ifm<m, thenq =da.
od d@2b—-p)—95) U
(b) If2(/1—cl)—5<m< 5 , thenq” = .
©) I]‘w <'m, thenq’ = b.
d d - -
d) Ifm= __ % andm = M, then qU € [a, ] and qV € [, b], respectively.
2(u—a)—9 1)

According to Theorem 6.2, the robust order quantity q” for mean-MAD-range information
consists of three predictable values (minimal, mean, maximum demand) that do not depend on
the mark-up m and discount factor d, whereas the conditions that dictate how much to order do
depend on them (in addition to the demand mean, MAD and range). Furthermore, based on the
preceding observations, we can derive valuable performance guarantees. The costs associated
with the optimal order quantity are always bounded from above by min{CY(a), CY(u), CY(b)},
but more importantly, the performance of the robust order quantity ¢V (i.e., the mean value p
or either of the support values a, b) is actually equivalent to the true costs. This property sets it
apart from Scarf’s robust order quantity, which lacks such a guarantee.

6.3.2. Multiple items and budget constraint

A distribution-free analysis of the multi-item model requires a multivariate ambiguity set. As
in the single-item case, the partial information is the mean y;, MAD §; and support supp(D;) =
[a;, b;] for each random variable D;, i = 1,...,n. The mean-MAD ambiguity set is defined as

Psy =P |Ep (D) = pi, Ep ID; — pi| = 6;, supp (D;) C [a;, bi], Vi}. (6.12)

We henceforth assume that the distribution of the vector of random variables D = (Dy, ..., D,)
belongs to this ambiguity set, i.e., P € %, ). Since the objective function in (6.8) is separable,
one can apply the single-item bound to each term E (D; — ¢;)* in the summation individually.
The following result, for the multi-item problem, is then a direct consequence of Lemma 6.1.

LEMMA 6.3. The extremal distribution that solves (max Ep[G(q, D)] consists for each D; of a three-
€L (o)

point distribution with values §1(i) =a, 2(i) = W, 3@ = b; and probabilities

i bi o _ O

w__ O _ pV=_
20 —a;)  2(bi — ) 2(b; — ;)

(O
= =1
pl z(ﬂi_ai) pZ

(6.13)

For the multi-item newsvendor model based on mean-MAD ambiguity, we use Lemma 6.3 to
solve the maximization part of

n

; E idi(gi — 1) + ci(m; +d) (D; — )" |, 6.14
1o 5 B L4+ DO =0 o
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and obtain

n

mqin Z Ci (di(qi — i) + (m; + dy) (Pgi) (ai—q)" + péi) (wi—q)" + Pgi) (bi - CIi)+))
i=1

- 6.15
s.t. Z Ci‘]i < B, ( )
i=1

qi>0> i:1,...,n.

The objective function of (6.15) has a piecewise linear structure. Moreover, because of this result
and since the constraints are linear, (6.15) can be cast as an LP. In particular, as explained below,
the robust ordering policy qV can be found by solving

n
min Z max {ai,jqi + Vi,j}
q =1 Jj=0,1,2

n

s.t. Z Ciqi < B,

i=1

(6.16)

=0, i=1,..,n,
where
Qip = —Cim;, Vio = Cim;l;,
8i(m; + di) S:a;

=6 | oo~ —m |, vip=calm+d i— ——— | — cdipti,
v <2<uf—ai> '") Vi =l )(” zm-—m) o
wr = (g = dlmtd)\ o adilmi + dobi

1,2 1 i Z(b, _Hi) s 1,2 — Z(bl _'ui)

Let f, j(x) = a;jx+v;jfori=1,...,nand j = 0, 1, 2. From the single-item case, we know that the

—cdipy, fori=1,...,n.

objective, for each item i, can be written as max;—q1.{f; j(¢:)} with a;p < @;1 < a2, and thus the
objective functions of (6.15) and (6.16) are equal, which makes the two models equivalent. Since
we know from linear programming theory that convex, piecewise linear objective functions can
be written as linear constraints, problem (6.16) admits an LP representation [36].

6.3.3. Knapsack algorithm
It turns out that problem (6.16) is intimately related to the continuous knapsack problem, thus
making available efficient sorting-based algorithms to solve (6.16). We next describe an efficient
algorithm that determines the robust ordering policy.

Define the linear funtion f; ; for each item i, and let «; ; represent its derivative with respect
to ¢;, for items i = 1,...,n and linear pieces j = 0, 1, 2. That is,

dfi, j(%‘) _
dqi

i

For each item i, fio, fi; and f;, represent the marginal effect on the value of (6.16) when we
increase g; to a;, ji; and b; respectively. The parameter «; ; represents the slope of these linear
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functions and an order quantity is increased only when a;; < 0, because otherwise it will not
reduce the expected costs. We consecutively allocate budget to the item that causes the largest
relative decrease in expected costs; that is, item k with the smallest negative derivative oy ;
relative to its cost ¢;. Define the set of all items as N = {1,...,n}. Since only order quantities
that decrease the expected costs are considered, define the ordered set:

G :={(G, )| e <0,i€ N, je{0,1,2}} (6.17)

where the ordering is determined according to the value of ¢; ;/c;. For m = |4|, this ordering is
represented by the sequence (i1, ji), ..., (im, jm) for which it holds that «;, ;, /¢;, < - < &, ;. /Ci,.-
Here % contains tuples (i, j) for which i represents an item in the newsvendor model and j a
linear piece of the piecewise function. As these functions are convex, the linear pieces appear
for each item i in increasing order in the set . We can now state the knapsack algorithm for
the distribution-free multi-item newsvendor model. This algorithm yields an optimal solution
to (6.16), as asserted in the following theorem.

THEOREM 6.4 (Knapsack ordering policy). For given budget level B > 0, the robust order-
ing policy qU that solves the multi-item newsvendor model (6.16) is determined by the following
procedure:

(i) Initialize by setting q = (0, ...,0), and construct 4. Continue to (ii).

(i) Select the first element (i, j) € 4. If the set 4 is empty, the optimal solution is ¢V = q.
Otherwise, continue to (iii).

(iii) If j=0,setq =a;. If j = 1, set ¢ = p;. If j = 2, set ¢ = b;. Continue to (iv).

(iv) Determine whether the budget constraint y.._, ¢;q; < B is violated. If so, set q; such that
¢iqi = B~ Y kenjesi Ckqk> and the optimal solution is qV = q. Otherwise, remove element (i, )
from %4 and return to step (ii).

Proof. To prove that this algorithm produces an optimal solution, we construct a continuous
knapsack problem that solves (6.16). In the following, (i, j) corresponds to the kth entry of
the ordered sequence of items in ¢, with || = m. Define the following auxiliary model:

m

min Z PrXk
k=
m

6.18
s.t. Z X < B, ( )
k=1

0<xx<uy Vk=1,....m,

where
ai,. for . =0
we =13 My —a,, forjr=1
b, — pi,, for jr=2
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and px = a;, ;, and ¢¢ = ¢;,. From the order of the sequence, it follows that p; /¢; < ... < pp/cn.
Assume that (x7, ..., x;,) is an optimal solution to optimization problem (6.18). For i € N, let
v = Dket,.mlizi, Xp- Since a;o < a1 < a2, the pieces ji appear in ¢ in increasing order for
each item i. Thus, in an optimal solution, u;, ; will only be attained if its predecessor u;_; is also
attained. By construction, qU is feasible for (6.16). Moreover, the objective values of problems
(6.16) and (6.18) only differ by a constant term, so both problems have the same optimal solution.
For the continuous knapsack problem, a greedy allocation produces an optimal solution (see,
e.g., [129]). Hence, qV = (¢V, ..., qY) is optimal for (6.16). O

Theorem 6.4 shows that there exists a ranking for the selection of items. Take an initial budget
B = 0. If we increase the budget B by some small value, we first increase item i to a; for the
item that has the highest mark-up m;. This makes sense intuitively because the product with
the highest mark-up is most profitable and, since g; < a;, we have no risk of overstocking. We
successively select the items with the greatest marginal benefit ¢; ;/c;, and increase the order
quantity consecutively to either a;, y; or b;. This procedure continues until we have spent the
entire budget, or reached the uncapacitated optimum. Items that are ordered in the beginning of
this procedure have the largest impact on the decrease in costs for the multi-item newsvendor
model.

As the main complexity of the knapsack algorithm in Theorem 6.4 stems from sorting the set
4, the greedy approach is of computational complexity O(nlogn). Moreover, the solution can
be found in O(n) time by first identifying the critical element (is, j;) that will violate the budget
constraint, as proposed in [11] for the continuous knapsack problem. One then compares each
; j/c; with the ratio of the critical element to determine the optimal allocation of budget to the
items. The optimal solution can also be found through the LP (6.16), which we solve with the
simplex method. We remark that a single iteration of the simplex method takes O(n?) arithmetic
operations [116], which exceeds the time requirement of the knapsack algorithm.

6.3.4. A matching lower bound

The robust analysis so far was based on finding a tight upper bound on the cost function when
we know the mean, MAD and range of the demand distributions. When additional information
is available, we can also construct a matching lower bound. We include the skewness informa-
tion f§; = P(D; > ) in the mean-MAD ambiguity set to obtain the tight lower bound. For the
random variables D = (Dy, ..., D,), define the ambiguity set as

Pusp = 1P|Pe€Pys), P(D; = p) = fi, i =1,...,n}

with 9,58y € P(.5)- The proof of the following result is identical to that of Lemma 6.3, but
now uses the tight lower bound for a convex function of random variables discussed in Ben-Tal
and Hochman [19]. The proof for the univariate case has been provided in Chapter 1. This is
sufficient since the univariate result can be applied to each term of the summation in G(q, D)
separately, as with Lemma 6.3.
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LEMMA 6.5. The extremal distribution that solves b rgin Ep[G(q, D)] consists for each D; of a two-
€L p)
Si

point distribution with values p; + % Hi = 5055 and probabilities f;, 1 — p;, respectively.

Using this result, we obtain

“ O; + O; +
mqin ; Ci (di(qi — pi) + (m; + d;) (,Bi(,lli + 2731 ) + (=B - m - q) >>

n

s.t Z Ciqi < B,

i=1
q =0, fori=1,..,n,

(6.19)
as a model to provide a lower bound for the multi-item newsvendor. Let CX(q) denote the
objective function of (6.19). Since C(q) also consists of piecewise linear functions, there exists
an LP representation and knapsack algorithm for (6.19) analogous to the results for problem
(6.15).

We can now solve (6.16) and (6.19) to obtain tight performance intervals for the multi-item
newsvendor model, using recent DRO results (see Appendix A and [179]). For all feasible or-
dering policies q and P € %(,,5 g), it holds that

C(q) € [CHQ), cY(q)] -

In addition, for the optimal solutions to the newsvendor problem and its distributionally robust
counterparts,

(g € [CH(gM.c”(@D)] .-
One can find the tightest upper and lower bounds, based on mean-MAD ambiguity, for the

multi-item newsvendor model by calculating the optimal solutions to models (6.15) and (6.19),
respectively.

6.4. Numerical examples of robust ordering

We will now illustrate and visualize the robust ordering policies. To demonstrate the “budget-
consistency” property, Section 6.4.1 applies the knapsack algorithm for a setting where the
budget is increased. In Section 6.4.2 we contrast the performance of the knapsack policy for
partial demand information against that of the optimal solution for the full information setting.

6.4.1. Numerical illustration of the “budget-consistency” property

We illustrate the knapsack algorithm and the process of allocating budget to different order
quantities for items in the newsvendor model. Consider n = 5 identically distributed items
with support a = 10, b = 50 and mean p = 30. From Figure 6.1, we can infer that item 1 is the
most profitable. Low budget levels are allocated to this item such that we obtain ¢; = p. Item
number 3 is the last item to which the budget is allocated. Hence, it is the least profitable item.
Table 6.1 displays the ordered set 4.
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Table 6.1: Table containing «; ;/c; and corresponding information of the ordered set 4

4 ‘ 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

a;;/ci -0.92 -0.75 -0.72 -049 -03 -0.15 -0.1 -0.08 -0.03 -0.01 0.14 042 045 07 0.7
Function piece 0 1 0 1 0 0 1 2 1 0 1 2 2 2 2
Item 1 1 2 2 4 5 4 1 5 3 3 5 2 4 3

From this table, we can indeed infer that item 1 has the smallest value for a;/c¢; and therefore

is increased first.
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Figure 6.1: Development of the order quantities when the budget increases according to the knapsack
algorithm

Figure 6.1 nicely illustrates that when the budget is increased, the orders for the original
budget remain unaltered, while only the additional budget is further divided over the items. To
further illustrate the “budget-consistency” property, consider the multi-item newsvendor model
for which n = 2, m, = 2, the remaining cost parameters equal 1, and demand is identically dis-
tributed according to a symmetric triangle distribution supported on [10, 50]. In Figure 6.2 we
plot the expected costs and order quantities for various budget levels. Figure 6.2a contains the
allocation between both order quantities. For low budget values, one first increases the order
quantity of item one, the most profitable item. Figure 6.2b shows the upper bound (6.15) and
lower bound (6.19) that together lead to a tight performance interval for the expected costs. For
the sake of comparison, we also show results for the partial demand information setting consid-
ered in Gallego and Moon [84], assuming that the mean and variance of demands are known.
The results of Gallego and Moon [84] depend (non-trivially) on all model parameters, including
the budget B. This lack of budget-consistency forces the decision maker to solve an optimiza-
tion problem, i.e. (6.9), for each budget level separately, which explains the smooth curve in
Figure 6.2a. Solving (6.9) yields the mean-variance alternative for the knapsack algorithm. In
contrast, our knapsack algorithm generates a sorted ordering list that does not depend on B,
and prescribes sorting items successively according to that list, with order sizes equal to the
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minimal, mean or maximum demand.

90 —— Triangular
—— Mean-MAD lower bound

—— Mean-MAD upper bound
—— Mean-variance bound

= - N N w
o v o v o
Expected costs
B U O ~N @
o o o o o
S

w
o
L

Order quantity of item 2

—— Optimal order quantity
—— Mean-MAD policy
—— Mean-variance policy

3]
N
o

L

o

-
o
:

0 5 10 15 20 25 30 0 10 20 30 40 50 60

Order quantity of item 1 Budget
(a) Ordering policy (b) Newsvendor costs

Figure 6.2: Mean-variance and mean-MAD bounds and ordering policies for the newsvendor model.

We emphasize that these results are not meant to numerically compare the mean-MAD and
mean-variance policies, because the displayed differences merely express different ways of deal-
ing with ambiguity. Indeed, it is hard to compare both policies as the respective ambiguity sets
can contain vastly different distributions. For instance, a finite variance excludes distributions
with an infinite second moment, while finite MAD does not. For our purposes, MAD and vari-
ance are equally adequate descriptors of dispersion, and both are easily calibrated on data using
basic statistical estimators. The crucial difference in the DRO context of this chapter is that MAD
leads to a simple, budget-consistent ordering policy.

6.4.2. Expected value of additional information

We introduce as performance measure the expected value of additional information (EVAI),

defined as

C(q5) — C(gp)
C(qp)

where qY is the robust ordering policy and qj is the optimal ordering policy when the joint

EVAI(qy) =

5

demand distribution is known. We let B run from 0 to Y., g/ =: By, and consider nine
different demand distributions, listed in Table 6.2.

Table 6.2: Nine distributions used for multi-item performance analysis

Case Case Case
1 Uniform[10, 50] 4 Beta(1,3) on [0, 50] 7 Triangular(10, 50, 18)
2 Uniform[10, 100] 5 Beta(2, 2) on [0, 50] 8 Triangular(10, 50, 30)
3 Uniform|[10, 200] 6 Beta(3,1) on [0, 50] 9 Triangular(10, 50, 42)

We consider n = 25 items. For each item i, let ¢; = d; = 1 and assume identically distributed
demand. For example, in Case 2 the demand D; for each item i follows the uniform distribu-
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tion with parameters a; = 10 and b; = 100. Table 6.3 provides an overview for the mark-up,
representing low, average and high margins.

Table 6.3: Mark-up values for all 25 items in the newsvendor model

Mark-up my my ms my ms mg my mg mg My My My M3
Low margin 0.1 014 018 0.21 025 029 033 036 04 044 048 051 0.55
Average margin 1 1.13 125 138 15 1.63 175 1.88 2 213 225 238 25
High margin 4 421 442 463 483 504 525 546 567 588 6.08 629 65
Mark—up miy mis mie my7 mig myg mao ms1 my2 mas My mps
Low margin 0.59 063 066 07 074 0.78 0.81 085 0.89 093 0.96 1
Average margin | 2.63 2.75 2.88 3 313 325 338 35 363 375 3388 4
High margin 671 692 712 733 754 775 796 8.17 837 858 879 9

For the low margin regime, Figure 6.3 shows results for each of the nine cases, for both the
robust ordering policy with mean-MAD-range information, and for the policy that uses the
additional information f; = P(D; > ). For the former, the worst performance over all nine
cases has a maximum deviation of approximately 23% compared to the optimal order quantity
qs- Overall, the performance of the robust policy only deviates a few percent from the optimal
performance with full information availability. For the uniformly distributed cases (Cases 1-3),
the performance decreases when the range increases. For beta distributed demand (Cases 4-
6), right-tailed distributions perform worse than left-tailed distributions. This effect is also
observed for the triangular distributions (Cases 7-9). The policy with additional information
Bi = P(D; > ;) performs somewhat better in most cases.

Figure 6.4 depicts the results for the average profitability scenario. A quick glance reveals
that these plots exhibit a different impression than the low profitability scenario. The perfor-
mance of the mean-MAD policy stays below some threshold for most budget levels, but as the
budget exceeds two-thirds of the maximum budget B, the performance starts to decrease.
By contrast, the mean-MAD-J EVAI actually starts decreasing when approaching the maximal
budget.

Figure 6.5 shows similar results for high margins. The EVAI for the robust policy remains
mostly below 10% for lower budget levels, but starts increasing rapidly when the budget ap-
proaches B, (i.e., when approaching the unconstrained model). When the budget is less re-
strictive, additional distributional information provides substantial value. In particular, since
the policy uses skewness information f;, it performs better (in expectation) for higher budget
levels than the robust ordering policy.
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Case 1: Uniform (10,50)

Case 2: Uniform (10,100)
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Figure 6.3: The results for the low margin setting, where the x-axis corresponds to B and the y-axis to

the EVAI
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Figure 6.4: The results for the average margin setting, where the x-axis corresponds to B and the y-axis

to the EVAI
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Figure 6.5: The results for the high margin setting, where the x-axis corresponds to B and the y-axis to

the EVAI
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We next quantify the value of MAD information by comparing the performance with the
situations when only the mean and range of demand is known. For the low margin setting,
Figure 6.6 shows the EVAI for the ordering policy with only mean-range information. Like the
mean-MAD policy, this policy follows from a discrete distribution, in this case the extremal dis-
tribution on {a, b} with probabilities Z%Z’ and 2’%2 that attains the Edmundson-Madansky bound
(see [19]). That is, instead of the worst-case three-point distribution, we take the expectation
in (6.8) over this two-point distribution and find the robust mean-range ordering policy using
the resulting LP. The plots clearly demonstrate that knowledge on dispersion in terms of MAD
improves performance considerably.
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Figure 6.6: The results for the low margin setting, where E-M refers to the model with only mean infor-
mation
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6.5. Conclusions and outlook

This chapter establishes new ordering policies for the newsvendor with partial demand infor-
mation (mean, MAD and range) with a budget constraint. The ordering policies follow from a
minimax approach, where we search for the order quantities with minimal costs for the maxi-
mal (worst-case) cost function restricted to demand distributions that comply with the partial
information.

The minimax analysis for the multi-item setting gives rise to a knapsack problem, and the
solution of this knapsack problem in fact is the ordering policy. This policy prescribes to sort
items based on their marginal effect on the total costs, reminiscent of the greedy algorithm
that solves the continuous knapsack problem. The ordering policy only orders the minimum,
mean or maximum demand for each item. Hence, the decision maker can rank the items based
on their marginal effects, and then start ordering items according to this list until the budget
is spent. The fact that the ranking list is easy to generate, and that the “order of ordering”
does not depend on the budget, makes the policy transparent and easy to implement. Existing
approaches for full and partial (such as mean-variance) knowledge of the demand distribution
lack this property of “budget-consistency.”

The minimax approach provides robustness, with an ordering policy that protects against
all distributions that comply with the partial information. This approach avoids the need to
estimate the demand distribution, which can be a daunting process in practice and is prone to
errors. However, the minimax approach comes at the risk of being overly conservative. Through
extensive numerical experiments we compared the robust policies for partial demand settings
with the policies for full demand settings, and observed that the proposed policies perform well.

At the heart of our analysis lies the idea to set up the robust minimax analysis with MAD in-
formation. With MAD as dispersion measure we obtained a tractable optimization model, with
a solution in terms of a robust ordering policy that satisfies the budget-consistency property.
Using MAD to formulate solvable minimax problems can also be applied to other inventory
models. We demonstrate this idea in [35] for three extended settings: the newsvendor with
multiple contraints, the newsvendor with unreliable supply, and the risk-averse newsvendor.
In all three cases, the minimax analysis leads to a tractable mathematical program, either a
knapsack problem or a linear program.



Distributionally robust appointment
scheduling that can deal with independent

service times

7.1. Introduction

Unpredictability of arrival times and service times can lead to long waiting times and idle-
ness, signals of poor quality of service and inefficient capacity usage. Ideally, a service system
combines high quality and high efficiency. One way to achieve this dual goal is by having
appointments scheduled in advance, so that customer waiting times are shortened and server
utilization is increased. Appointment scheduling has long been recognized as a way to bet-
ter regulate service processes. Spurred by increased availability of online reservation systems
and teleservices, appointment scheduling rapidly gained further ground and became a driving
factor in regulating modern economies.

Finding the best schedule of planned appointments is known in the queueing literature as
the Appointment Scheduling Problem (ASP). The basic version of this problem involves a single
server that serves a total of n customers over a period of length T. The service times are inde-
pendent and identically distributed (i.i.d.) random variables and the objective function consists
of the weighted sum of the expected waiting times and the expected idle times. The ASP then

This chapter is based on the research paper [211].
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aims to determine the optimal schedule of arrival times that minimizes the objective function
and strikes the right balance between wait and efficiency. Customers arrive punctually on the
scheduled times (an assumption that can be easily relaxed) and wait in a queue before receiving
service. Notice that queues are formed due to the stochastic service times. The ASP describes
services that require instore or onsite visits, such as surgeries or outpatient clinics [40], but also
remote care and teleservices. These are often service systems that operate close to maximum
capacity, which can lead to long waiting times, urging the need to find a good if not optimal
schedule.

Solving the ASP, and finding the optimal schedule, involves a stochastic optimization prob-
lem with an objective function that accounts for both the costs of idle times and the costs of
waiting. This optimization problem requires as input the distributions of the uncertain sources,
such as the service times (length of appointments) and arrival times. With historical data you
could statistically estimate the service time distributions, but we take a different, more robust
approach in this chapter. We work under the assumption that we do not know the distribution,
but only have access to partial information in the form of summary statistics. More specifically,
we assume that we know the mean, the mean absolute deviation (MAD) and the range of the
service times. We then analyze the stochastic ASP with this partial information to find a robust
optimal schedule that applies to all distributions that share the same partial information. We
determine the robust schedules under partial information with a min-max analysis consisting of
two steps. First we determine the worst-case (maximum) costs of the objective function under
the conditions of the partial information. Then we determine the schedule by minimizing the
maximum costs. As will become clear, the partial information consisting of mean, MAD and
range presents a solvable maximization problem, which makes the minimization step particu-
larly feasible and leads to optimal schedules with insightful structures. Just like the newsvendor
problem in the previous chapter, the min-max approach in this chapter belongs to a much larger
class of distributionally robust approaches that seek to calculate worst-case model performance,
over the set of distributions satisfying some partial information.

Compared with tractable one-dimensional problems such as the newsvendor model, apply-
ing DRO techniques to problems with multiple independent random variables and distributions
presents considerable, if not unsurmountable challenges. An early account of these specific
challenges of multiple independent random variables can be found in [133], who searches for
tight bounds for E[ f(X)] with f a real-valued function and X a vector of random variables for
which partial information is available, such as the first few moments. For the univariate case,
Kingman shows that a standard optimization technique—related to the duality theory of general
conic linear programs and moment problems [196]—yields tight bounds. For the multivariate
case, Kingman explains that the same approach no longer works, because the dual problem can
only be solved by allowing dependence between the random variables. That leads to less sharp
bounds, or in Kingman’s words: “It is not altogether surprising that this larger class of random
variables allows a wider range of values of E[ f(X)] to be attained. (...) These we must expect
to be fairly weak, and the determination of refinements of these inequalities which are sharp is
an unsolved problem, apparently of very considerable difficulty.” It is indeed well known in the
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DRO literature that multiple independent variables can cause major problems, and that allowing
correlation often alleviates these problems. Another additional challenge comes with assuming
that the random variables are not only independent, but also identically distributed, since this
ii.d. assumption introduces non-linearity to the optimization problem, often rendering conic
duality theory unsuitable. For the classic ASP we are in fact facing this challenging setting
with multiple i.i.d. random variables, as the objective function depends on all n independent
service times.

7.1.1. Contributions and outline
We highlight the following contributions to the ASP literature:

1. We present a robust solution method for the classic ASP that is suitable for independent
service times. For this we work with partial information that includes MAD instead of
variance. This gives a solvable min-max problem, where the worst-case scenario lead-
ing to the maximum expected costs under partial information—the max of min-max—is
given by independent three-point distributions for the service times. These three-point
distributions do not depend on the number of customers, and hence remain the same for
all problem sizes.

2. We also show that the min-max problem is computationally tractable, by performing the
minimization after the maximization. The three-point distributions that follow from the
maximization thus serve as input for the minimization, which can therefore be written as
a standard stochastic program, solvable as linear program (LP) or as stochastic program
with sample average approximation (SAA). To accurately approximate the optimal solu-
tion, SAA typically requires a number of samples that depends on 7 (i.e., the dimension of
the problem) and the size of the feasible set. In our case, the required sample size for ob-
taining a near-optimal solution remains manageable, because we work with three-point
distributions and therefore a relatively small feasible set.

3. Unlike other robust methods, our method leads to worst-case scenarios that respect the
independence assumption. Most other robust studies do not impose independence, re-
sulting in extreme worst-case scenarios, where long service times follow each other in
rapid succession (due to the tolerated correlations). These scenarios in turn yield overly
conservative schedules that build in most slack in the initial stages of the planning hori-
zon. Our method gives realistic worst-case scenarios for the independent setting, and
hence intuitive robust schedules that share universal features with the optimal schedules
reported in the literature.

4. Finally, we show that our robust method does not only work for the classic ASP, but
for many variants and extensions. We demonstrate our method for other settings with
correlation structures and min-min (instead of min-max) analysis, but also for extended
models that include features such as sequencing, no-shows, and risk-aversity. The latter
extensions are typically difficult to solve in the partial-information setting. However,
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when using mean-MAD information, the partial-information setting reduces to the full-
information setting since we know the worst-case distribution, which is independent of
the decision variables, and the extensions are therefore solvable as stochastic programs.

In what follows, we introduce a new perspective for solving the ASP under partial informa-
tion by introducing a DRO approach that can deal with i.i.d. service times. We start with a
detailed model description in Section 7.2, where we also discuss more ASP and DRO literature.
Section 7.3 presents the new robust perspective for the ASP. We show how robust schedules
can be determined as solutions to linear programs (LPs) and draw comparisons with other DRO
approaches in the literature. Section 7.4 discusses several extensions of the classic ASP model,
including correlated service times, no-shows and sequencing decisions when service times can
have different distributions. We also discuss an alternative model for the ASP that uses as
objective the conditional value at risk (CVaR) to address risk-aversity and unfairness. For all
stochastic programs in Section 7.4, our robust method gives rise to LP reformulations and in-
sightful robust schedules. We present some conclusions in Section 7.5.

7.2. Robust appointment scheduling

We now give a more precise specification of the appointment scheduling problem (ASP), with
full and partial information, discuss more literature, and summarize our main contributions for
robust appointment scheduling.

7.2.1. ASP with full information

Consider a total of n customers that need service from a single server during a period of length
T. The goal is to find the appointment book (the arrival times of all n customers) that minimizes
costs associated with waiting times, idle times and overtime. Let X} denote the service time of
customer k, and assume that all customers arrive precisely according to schedule. The schedul-
ing problem is then to determine the interarrival times between customers, given the sequence
in which they arrive. We use s, to denote the interarrival time between job k and the next job,
i.e., the length of the slot reserved for job k. The vector s = (s, 82, ..., ;) will be referred to
as the schedule. Job k is thus scheduled to arrive at time ¥~ s;. Define the set of all possible
schedules ¥ ={s € R : s; + ... +s, < T}, where T is a positive upper time limit within which
the schedules should be fit. Let W denote the delay of job k and let W,,;; denote the overtime.
Delay costs are incurred at rate c,,. If the last job is completed after time T, overtime costs are
incurred at rate ¢,. Then W; = 0 and Wy = Wi + X1 — si_1)t, Kk = 2...,n + 1. It is then
natural to seek a schedule s € S that minimizes the total delay and overtime costs

n
fn(S, X) =Cy Z Wi + coWas1, (71)
k=2

and the classic ASP can be formulated as

min Ep[ fo(s, X)] (7.2)
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with the expectation taken over the distribution P of the service times X = (X, ..., X;,).

The ASP thus tries to find an optimal design through an objective function that weighs con-
flicting performance measures, a tried and tested concept in OR. A prerequisite for successful
execution is the availability of tractable expressions for the performance measures and thus the
objective function. Special for the ASP is that the objective function consists of performance
measures of a single-server queue, which in full generality renders an intractable optimization
problem. With that in mind we divide the ASP literature into two methodological directions.

The first direction uses advanced queueing theory and approaches the ASP with explicit
queue analysis and tractable objective functions [10, 93, 110, 126, 138, 144, 156, 217, 230, 231,
234]. This queueing approach requires further simplifying assumptions that facilitate exact
analysis. Many works in this direction use specific service time distributions (such as expo-
nential and phase-type distributions) and assume stationarity, hence approximating the ASP
with finitely many appointments with an idealized model that considers an infinite number
of appointments. Indeed, stationary, long-term queue analysis is simpler than non-stationary
analysis. Since the stationary regime makes no distinction between customers, the approximate
schedule is equidistant with slots of fixed size, which in many cases is far from optimal.

The second direction avoids advanced queueing theory and views the ASP as an optimization
problem which only requires the distributions of the service times and the queue dynamics,
i.e., the recursive relations that describe the waiting times and idles times as function of the
appointment times and service times. The expected value problem (7.2) can be (approximately)
solved using various methods, including SAA, quasi-gradient methods and sequential bounding
approaches; see, e.g., [13, 33, 183, 198]. SAA leverages that, for a given realization of service
times x = (xy, ..., X,,), the optimal schedule solves the LP

n
fu(s,x) = min ¢, Z Wi + CoWni1
k=2

st wy > x1 — 51, (7.3)
Wie1 = We X — S, k=2,..,n,

wp =0, k=2,...,n+1.

For more background on the numerical implications of SAA, see Shapiro et al. [198, Section 5.3].
These optimization methods can be computationally intensive and moreover require a precise
description of the distribution P, or at least a sufficient number of independent samples from
this distribution.

7.2.2. Robust ASP with partial information
The computational problems of the full-information ASP, and the wish to design robust sched-

ules that can deal with situations of partial information, have triggered earlier studies using
min-max analysis and partial distributional information of the uncertain service times such as
range, marginal moments and covariance. The distribution-free methods, proposed in these
studies, lead to schedules that minimize the worst-case expected objective value among all pos-
sible distributions that comply with the partial information. The robust ASP can be formulated
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as
min max Ep [f2(s,X)] (7.4)

with & the feasible set of appointment schedules and ambiguity set 2 taken to be the family of
all probability distributions consistent with the information known about the probability dis-
tribution of X. This information can include, e.g., moments and covariance structures. Several
papers solve some version of the robust ASP in (7.4) [30, 135, 149, 171, 180]. Kong et al. [135]
formulated for known mean and covariance a robust min-max problem that can be approxi-
mately solved by semidefinite programming. Mak et al. [149] constructed for known marginal
moments of the service time a tractable conic program. Both approaches cannot cope well with
the case of i.i.d. service times, for the reasons explained earlier. That is, without restricting co-
variance and only specifying marginal moments, the worst-case probability distributions often
correspond to highly correlated, unrealistic service times, see [149], while explicit specification
of covariance leads to nonlinear hard-to-solve optimization models, see [135]. We will discuss
these and other DRO papers [30, 171] in more detail later, but none of them can handle the set-
ting of independent service times. To understand why the i.i.d. case stays out of reach, observe
that independent service times make the expectation in (7.4) nonlinear and nonconcave (viewed
as function of the probability distribution). Therefore, the associated semi-infinite program is
no longer a convex optimization problem, which makes it hard, if not impossible, to find the
worst-case distribution.

7.2.3. Features of optimal schedules

Several universal features of optimal schedules were reported in the literature. For i.i.d. service
times with a known distribution, Wang [217], Denton and Gupta [68] and Robinson and Chen
[183] observed independently that optimal schedules typically follow a “dome-shape” pattern,
with successive time slots first increasing and later decreasing. This schedule allocates more
time for customers in the middle and less time to customers at the beginning and the end of the
day. This universal pattern fits with queueing theory intuition. Delays that arise early cause
further delays, which pleads for longer slots in early stages. However, longer slots increase
the chance of idleness. Shorter slots at the beginning and end of the day prevent idling and
overtime, while longer slots in the middle of the day protect against long waiting times for
many customers.

In most robust studies with only partially known service time distributions, it is not the dome
shape but a “decreasing” schedule in which the slot lengths become smaller [123, 149]. This
has to do with correlations between service times that are tolerated in the robust optimization
models. The robust schedule is meant to guard against the worst-case scenario, which due to
correlations, will be a scenario where long service times will follow each other at the beginning
of the period. Because early delays are likely to transfer into delays for downstream jobs, this
potentially creates major problems that can be mitigated by allocating more time for these
first jobs. Such worst-case scenarios with positively correlated service times of consecutive
customers inevitably lead to a strategy that avoids early delays, hence the decreasing schedule.
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This decreasing schedule is also at odds with the famous Bailey’s scheduling rule that lets
the first two customers arrive at the start of the day, and schedules succeeding appointments
at intervals equal to the expected service time [10, 135]. Bailey shows, using Monte-Carlo
simulation, that this rule—which is an extreme case of an increasing (as opposed to decreasing)
schedule—strikes a good balance between idle times and waiting times. With two customers
present the server will not idle early on, while the waiting times remain acceptable. Allowing or
banning correlations among service times thus leads to vastly different worst-case scenarios and
min-max system designs. When anticipated, or statistically estimated, it makes sense to include
correlations. However, there are also many situations where the independence assumption is
more realistic and preferable. Moreover, the classic ASP with its origin in the single-server
queue and inherent independence assumption serves as the benchmark model in the field. We
therefore develop a robust optimization method for the ASP that can deal with independent
service times. We will also explain why most other robust ASP studies cannot deal with the
independence assumption.

7.3. Novel DRO approach for ASP

In Section 7.3.1 we discuss the ASP under partial information and present our min-max method
for mean, MAD and range information of the service time distribution. In Section 7.3.2 we
present a min-min method, complementing the upper bounds found in Section 7.3.1 with lower
bounds. In Section 7.3.3 we discuss the numerical aspects of this approach, and present several
structural properties of the robust schedules.

7.3.1. Solvable min-max problem
We now turn to the distributionally robust approaches for the ASP (7.4) and seek for the solution
of the min-max problem for independent service times. Observe that

n—1
Fis.X) = ey Y ge(s.X) + cogu(s. X) (7.5)
k=1
with
k k
(. X) = max{Xe — st Y, (G =5 DX =5k k=1...n, (7.6)
Jj=k-1 J=1

which gives the following result:
LEmMMA 7.1. The function f,(s,X) is jointly convex in s and X.

Because the function f,(s, ) is convex, we choose to work with the mean-MAD ambiguity
set

Pluay = {P + supp(Xe) C [ar, be], Ep[Xi] = g Ep [|Xi — puel] = di, vk, Xic 1L X, Yk = j },
(7.7)
where X I X;, Vk # j, denotes stochastic independence of the components Xj, ..., X,. This
ambiguity set is known to generate, in conjunction with convex objective functions, explicit
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worst-case distributions and tight bounds, see [19, 179]. After applying these results to the
maximization problem in (7.4), we obtain the following result:

Lemma 7.2. The extremal distribution that solves maxpeg, , Ep| fu(s, X)] consists for each X of
the three-point distribution on {ay., p, by}.

For notational convenience we denote the three values of the extremal distribution of X as

Tik) =a, T (k) = L, 73 = by and the associated probabilities as
=B . )
2(p — ax) C2m—a) 2be—m) T 20k — )

Since this extremal distribution is independent of s, we can substitute the 3" terms (all values
of the n independent three-point distributions of X, ..., X;), and still maintain a convex function
in s. Therefore, the minimization problem over s and hence the robust ASP with independent
service times and mean-MAD ambiguity is equivalent with

min max Ep[f,(s,X)] = m1n Z Hpg‘)f,,(s T(l) s Tg:)). (7.9)
seF PeP,q) ae{123}" Pl
By describing the maximum operator in (7.6) in terms of linear terms, (7.9) can be formulated
as a tractable linear optimization problem:

PROPOSITION 7.3. The optimization problem minsey maxpes,,, Ep[ fo(s, X)] can be written as

n—1
min ¥ <Hp(z) Z (k)+cg("))>

ae{1,23)  i=1

st. g® >0 k=1,..n Vae{1,2,3}", (7.10)

k
gg‘) > Z(Tg) —s;), k=1,..,n =1,k Va €{1,2,3}".

We solve the LP (7.10), and other LPs presented later, with the programming language Julia
and Gurobi 9.1. Because the number of constraints grows exponentially in n, the problem size
that we can deal with is limited (say n < 15), even when exploiting the problem structure with
the L-shaped method (see, e.g., [68]). However, since the worst-case distribution of the service
times is known explicitly, and consists of only three support points, SAA presents an effective

way of computing the bounds for large problem sizes.

7.3.2. Solvable min-min problem
We now show that tight lower bounds for the ASP objective function can be obtained by adding

skewness information = P(X > p) and hence considering the ambiguity set

@(p,d,ﬁ) {]P P e @(uk ) ]P(Xk ,Uk) ﬁk, Vk} (7.11)

Based on this ambiguity set, [19] also derives a tight lower bound as well as the distribution
that attains this bound for the expectation of a convex function of random variables. Hence,
again relying on the convexity shown in Lemma 7.1, we derive a lower bound for the ASP:
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LemMmA 7.4. The distribution that solves minpegp,,, Ep[fu(s, X)] consists for each X of the two-
point distribution on {y + 2‘%, Ui — Z(%kﬁk)}.

Again for notational convenience, write

di dk
¢ = @ =1-p o =+ (7.12)

Zﬂk’ 2(1 _ﬁk).

We can substitute the 2" terms (all values of the the n independent two-point distributions
of Xj, ..., X;) to obtain the following result:

k
()_,“k_

PrOPOSITION 7.5. The optimization problem minsey minpegp,,, Ep[ fu(s, X)] can be written as

n—1
min ) ( H ¢ (cw Y g0+ cogé")))
k=1

ae{1,2}" =

st. g® >0, k=1,..,n vae{1,2}", (7.13)

g > Z(u@ —s), k=1,..,n =1,k Yo €{1,2}".

The upper and lower bounds give a closed interval for Ep| f,(s, X)], VP € %, 4 5). Denote the
optimal values of (7.10) and (7.13) by gy and g, respectively. The upper and lower bounds then
also provide closed intervals for the optimal values:

COROLLARY 7.6. For all distributions P € %, 4 ),
min Ep| (s, X)] € [g1. gu]-
se

Using the skewness information, we thus obtain a sharp performance interval for the ex-
pected value of f,(s, X) instead of only an upper bound. Figure 7.1 shows the optimal values
of the ASP problem under mean-MAD ambiguity, where (¢, ¢,) = (1,2), [a,b] = [1,5], u = 3,
T =np,d =1and f = 1/2. As a result of Corollary 7.6, the red and green lines together pro-
vide a tight upper and lower bound for all distributions in %3 1 ; /5y with support on the interval
[1,5]. As a point of reference, we also plot the exact costs in the case that the X represent
U(1,5) distributed service times, which is a member of this ambiguity set.

Although the above min-min approach provides valuable insights for robust ASP perfor-
mance, we will discuss in the remainder of this chapter only the min-max perspective.

7.3.3. Optimal robust schedules
We now present some first numerical results regarding the structure of the optimal schedules,
based on the LP formulation (7.10). From this subsection onward, the optimal schedules de-
picted in the figures are obtained by solving (7.10) with SAA using 100,000 samples.

Figure 7.2 shows the minimax schedules for several settings with 25 customers. The optimal
schedule for the uniformly distributed service times is indeed dome-shaped, see [68], and turns
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Figure 7.1: Tight bounds for the optimal objective values of the ASP (obtained by SAA using 100,000
samples)
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Figure 7.2: Optimal time allocation for ¢,, = 1 and n = 25 with schedules based on the worst-case three-
point distribution and U(1, 5) distributed service times (obtained through SAA with 100,000 samples)

from dome-shaped to increasing when overtime is more heavily penalized. The robust schedule
also resembles a dome shape, but of a different nature: the schedule installs longer slots in a
periodic fashion. We see four such longer slots in Figure 7.2a, and two in Figure 7.2b. Since
waiting times build up progressively, these longer slots can protect against long waiting times.
Then, in Figures 7.2a and 7.2b, at some point during the day, the schedule becomes constant,
and the final customers arrive relatively early since the schedules should be fitted within the
time limit. The spiked structure of the robust schedules in Figures 7.2a and 7.2b can be viewed
as a robust counterpart of the earlier observed dome-shaped schedules. In Figure 7.2c we see
that for large overtime costs, the optimal schedule becomes nearly constant, except for the final
customer for which additional time is reserved to avoid excessive overtime.

Also observe that the robust schedules in Figure 7.2a consist of integer-valued appointment
slots, which indeed is the case when service times are discrete random variables; see Corol-
lary 8.2 in Begen and Queyranne [14]. We see this also confirmed in Figure 7.3, where the
reference distribution is the (discrete) Binomial distribution.



Chapter 7. Distributionally robust appointment scheduling that can deal with independent

service times 155
Sk Sk Sk

6 4 6

5 5F

3

4 4 F

3 2 3F

9k —e— Binomial 9k

—46— Mean-MAD 1F
1E 1
TR T s T Tk TR T s T n F ™0 s n F
(@a)c, =1 (b) ¢, = 10 (c) ¢, = 40

Figure 7.3: Optimal time allocation for ¢,, = 1 and n = 25 with schedules based on the worst-case three-
point distribution and Binomial(6, 1) distributed service times

Figure 7.3a again reveals the spiked patterns, but now turns for higher overtime costs into a
flat line in Figure 7.3b. This flat line means that the robust schedule prescribes equal slots for
all customers. Figure 7.3¢ shows a schedule similar to the one in Figure 7.2c.
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Figure 7.4: Optimal time allocation for ¢,, = 1 and n = 25 with schedules based on the worst-case three-
point distribution and Beta(y, 0) distributed service times

Figure 7.4 shows three robust schedules for ambiguity sets that include the Beta distribu-
tion with increasing MAD. Observe that with increasing MAD, so when scenarios become less
predictable, more spikes are scheduled in the early stages.

To compare the performance of the robust schedules against some optimal schedules, we use
Monte Carlo simulation to compute the total costs of the mean-MAD schedule for n appoint-
ments, where n € {10, 15, 25}. Our numerical experiments are based on [149]. The service times
are generated under two common distribution types, the beta and triangular distributions, and
all service times are independent but not necessarily identically distributed. That is, for each
customer k, we randomly set the parameters of the beta distribution, yk, 0, ~ U(%, 2), and
draw the mode of the triangular distribution from U(10, 20). Let all distributions be supported
on the interval [0,30]. For each generated instance, the total session length is determined as
T =Yp um+R-D7_ di, with R € {-0.5,0,0.5}. Next, we generate 10,000 independent sam-
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ples from these distributions and use SAA to approximate the schedule that minimizes (7.2),
which assumes full knowledge of the distribution. We also use SAA and 10,000 independent
samples from the three-point distributions (with matching mean and MAD) to compute the op-
timal mean-MAD schedule. In addition, we also solve a second-order conic program, as in Mak
et al. [149], to compute the mean-variance schedule, which does not specify any correlation
or dependency structure. To compare the out-of-sample performance of the three scheduling
solutions, a Monte Carlo simulation is performed. We generate 1,000,000 scenarios from the un-
derlying distributions that were used to generate the near-optimal solution. We then estimate
the percentage difference between the mean performance of the distributionally robust solu-
tions and the full-information solution. For each parameter setting and type of distribution, we
consider 50 randomly generated instances. We then report the average percentage differences
over these 50 instances for each case.

Table 7.1 provides a number of interesting insights. First, observe that the differences be-
tween the expected costs of the mean-MAD schedule and the near-optimal solution are not
large, ranging from 1.2% to 13.6%. Second, congestion in the system, controlled by the parame-
ter R, affects the performance differences the most, whereas the performance of the mean-MAD
schedule is barely dependent on the number of customers n. In contrast, the performance of
the mean-variance schedule deteriorates as n increases since it guards against scenarios where
a large number of consecutive jobs have long durations simultaneously, which, in the setting
with independence, leads to overly conservative schedules and hence high average costs.

Table 7.1: Percentage difference between the expected costs of the robust schedules and the full informa-
tion schedule when scheduling 25 appointments

Mean-MAD Mean-variance

Perf. measure R X ~ P 10 15 25 10 15 25
mean -0.25 Beta(2,0) 1.6% 1.5% 1.2% 8.0% 11.5% 17.8%
Beta(y, 2) 24%  22%  2.7% 7.2% 11.6% 20.6%

Triangular 3.5% 49%  4.6% 79% 12.1% 19.9%

0 Beta(2,0) 2.2% 2.2% 1.9% 109% 16.4% 27.9%

Beta(y, 2) 3.5% 44%  43% 103% 18.4% 31.3%

Triangular 8.6% 6.9% 72% 10.8% 18.9% 30.4%

0.25 Beta(2,0) 4.4% 35%  4.0% 16.4% 24.1% 42.0%

Beta(y, 2) 72%  63%  6.9% 17.0% 255% 48.7%

Triangular 12.6% 10.8% 13.6% 17.4% 24.7% 46.5%

The numerical results in Table 7.1 demonstrate that the robust approach presents sharp per-
formance guarantees, when compared to the (near-)optimal schedules. The performance gaps
do not vary much when assuming different distributions. We conclude that the robust schedules
are valuable in practice, and certainly not overly conservative, despite their ability to protect
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against all scenarios possible given the partial information.

7.4. Broader application of robust scheduling method

We now discuss extensions and variations of the standard ASP to which the novel robust ap-
proach developed in Section 7.3 can be applied. We first discuss three extensions: Section 7.4.1
discusses the model with sequencing decisions, Section 7.4.2 relaxes the assumption that service
times are independent, and Section 7.4.3 considers the model where customers no longer arrive
punctually at the scheduled times (or do not arrive at all). We then introduce in Section 7.4.4
the risk-averse ASP in which the conditional value at risk (CVaR) is the objective function, with
the goal of reducing delay unfairness. In Section 7.4.5 we present a dynamic version of the ASP,
which is solved with techniques from adjustable robust optimization. Finally, we discuss in
Section 7.4.6 the stationary analysis of the ASP and show that our min-max approach can also
deal with this setting that can serve as approximation when the number of appointments grows
large.

7.4.1. Sequencing

In this section we discuss the problem of jointly determining the schedule and arrival sequence
of customers, which we refer to as the appointment sequencing problem. We thus generalize
the ASP model such that it includes the sequencing decision. Denote the sequencing decision
by the variable y = (Vim)k=1...n:m=1...n» Where Vi, is set to 1 if customer m is assigned to slot k.
To ensure that the sequence of jobs is feasible, we make sure each slot is assigned to a customer
(i.e., the assignment variables yj,, add up to 1 for each k), and since every customer should be
treated, the assignment variables amount to 1 for each m. Denote the feasible set by %. The
distributionally robust appointment sequencing problem, under mean-MAD ambiguity, then
reduces to a stochastic mixed-integer programming problem.

PROPOSITION 7.7. The optimization problem minyeay e maxpesp,, , Ep[ fu(s, X)] can be written as

% Pp) (HP(” S e

€123}  i=

s.t. g(k) k=1,..,n Va €{1,2,3}",

k
g0 > Z ( Zr(’”)y,m—sk) k=1,..,n,1=1,.. k Va €{1,2,3}", (714)

Zykmzl, m=1,...,n,

n
Zykm =1, k=1,...,n.
m=1

The sequencing decision does not affect convexity of f,(s, X) in X, and therefore the three-
point distribution again constitutes the extremal distribution. To solve problem (7.14), we can
again resort to SAA.



158 Distributionally robust views on stochastic models

We next show that, although a popular heuristic in practice, sequencing jobs by increas-
ing order of variance (OV), or MAD, is not necessarily optimal for the distribution-free model
with independent service times. Before doing so, we discuss some further literature. Since the
sequencing decision makes the problem nonconvex, the appointment sequencing problem is
significantly more difficult. For the model with only two jobs, [69] proves the optimal sequence
is determined by ordering jobs by increasing variance of job duration. In [152] it is shown
that the appointment scheduling problem, formulated as a stochastic mixed-integer program,
is NP-hard, even when the number of job duration scenarios is finite. By exploiting a connection
with serial supply-chain inventory models, a mixed-integer second-order cone programming
approximation is developed in [148]. When only the mean and variance are known, [149] shows
OV is optimal for their distributionally robust model. Using an analytical model, [136] provides
insights into when the OV sequencing rule obtains superior performance. The OV rule is shown
to be asymptotically optimal in [62], that is, as n — oo.

Contrary to the mean-variance discussed in [149], the optimal mean-MAD sequence is not
necessarily obtained by ordering the jobs by increasing magnitude of the dispersion measure d.
To demonstrate this, consider the following four instances with n = 6 jobs. Case 1 contains the
following choices for the parameters: p = 10,dy = 1+0.5(k—1), ar = 0and by = 15k =1,...,n.
For case 2, we have pp = 13.5—k,dp = 1+ 0.5(k — 1), a, =0, b = 15k = 1,...,n, and for case 3,
let e =135 -k, dy =1+ 0.5(k—1),a; =a, = a3 =0,a4 = as = ag = 5,b; = by = b3 = 25 and
by = bs = b = 15. For case 4, the parameters are given by yy = 13.5 =k, dp = 2, a = 0, by = 15
k =1,...,n. In addition, we consider two values for the overtime costs: ¢, = 2 and ¢, = 20.

Table 7.2: Optimal job sequences for ¢, = 2 Table 7.3: Optimal job sequences for ¢, = 20
n 1 2 3 4 5 6 n 1 2 3 4 5 6
case 1 1 2 3 4 5 6 case 1 1 2 3 4 5 6
Sk 10.0 10.0 10.0 10.0 10.0 10.0 Sk 10.0 10.0 5.0 10.0 10.0 15.0
case 2 1 2 3 4 5 6 case 2 1 2 6 5 4 3
Sk 125 115 13.0 9.5 8.5 5.0 Sk 125 115 25 8.5 10.0 15.0
case 3 1 2 4 5 3 6 case 3 1 6 2 3 5 4
Sk 125 115 95 11.0 105 50 Sk 125 50 115 105 55 15.0
case 4 4 5 6 3 2 1 case 4 6 5 4 1 2 3
Sk 9.5 8.5 7.5 105 115 125 Sk 5.0 7.5 105 125 115 13.0

Tables 7.2 and 7.3 provide the optimal sequencing and scheduling decisions for the three
instances above, for both choices of ¢,. When overtime costs are low, i.e. ¢, = 2, the optimal
sequence follows the increasing MAD pattern for cases 1 and 2. However, the optimal sequence
for case 2 changes when the overtime costs are high, and instead places customers with higher
expected service times at the end of the planning period, even though their service times are
less variable. This ensures that larger jobs, with less variability, are dealt with at the end of the
day to mitigate the risk of excessive overtime. Moreover, the third case shows that the range
of the service time also affects the sequencing decision. Thus next to variability in terms of
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MAD, the width of the support also brings about changes in the optimal sequence. We thus
conclude that under the independence assumption the optimal job sequence does not admit a
straightforward structure. However, we do expect the increasing MAD sequence to perform
well as a heuristic, like the performance of OV in [69, 152].

In addition, we consider an example inspired by the numerical example in [135, Section 6.2].
Assume, in total, 25 customers are scheduled to arrive, divided into three distinct customer
classes. The first class has the highest and most variable service requirements and consists of
n; = 5 customers. The other two customer classes both consist of n, = n3; = 10 customers
and have lower mean and MAD. The customer classes are scheduled in decreasing order of
mean and MAD. For the first customer class with n; = 5, gy = 14 and dy = oy = 8. For the
second class consisting of n, = 10 customers, g = 12 and dy = o = 4, and for the final
class with n; = 10 customers, the parameters y = 10 and dy = ox = 2. The total period
length T = 276. Figure 7.5 compares the mean-MAD schedule, which assumes independence,
to the mean-variance schedule that allows all dependency structures. The mean-MAD schedule
exhibits the “Bailey’s rule + break” pattern, which was first observed in [135]. In contrast, the
mean-variance schedule allots gradually decreasing slot lengths, and instead of inserting a break
when switching to a different customer class, it schedules a tighter slot during the transition
since the next customer class has lower service requirements.

Sk Sk
20 20 F
15 15 F

10 10 ¢

—6— Mean-MAD
—e— Mean-variance

5F

k

1 5 10 15 20 25

1 5 10 15 20 2

(@)c, =1 (b) ¢, = 10 (c)c, =20

Figure 7.5: Optimal time allocation for different customer classes with varying mean and MAD, and a
fixed range [0, 20]

7.4.2. Correlations
As mentioned earlier, the assumption of independent service times is challenging and greatly
influences the structure of optimal schedules. For the sake of comparison, we now consider the
relaxation that allows for correlated service times. We explain why this setting is mathemati-
cally more tractable, but does lead to entirely different schedules.

Consider the ambiguity set

Play =P+ supp(Xi) € [ar, bel, Ep[Xi] = pe, Ep [|Xe — puel] = die, V3, (7.15)

which is larger than %, 4 since correlations are allowed. In Appendix B.4, we extend results
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for marginal moments discussed in [149] to the setting of generalized moments (such as MAD)
to obtain the following result:

PROPOSITION 7.8. Assume . € (ax, by), di € (0, W),Vk. Then, the optimization problem

mingeo maxpegcon Ep| fu(s, X)] can be written as

n

i + A + deA?
S EAD), mz (G + ey + diedy”)
k=1
min{n, j} min{n,j}
s.t. Z Gz Z (fij—siﬂij), 1<k<n k<j<n+1,
i=k i=k
. . (7.16)
é:ij 2 (ﬂlj Al(l)) bi - /'11(2)(bl ,ul) 1 g i < n, i < j < n+1,
& > (mj— ) 1<i<nmi<j<n+l,
Ei> (my -2 g - 2P —a), 1<i<ni<j<n+l,
sed,
where
cw(j — 1), for1<i<j<n,
ﬂij = W(J ) X/ (717)
cot+ey(n—i), for1<i<n j=n+1

Notice that the complexity of the LP (7.16) dropped compared to (7.10), with the number
of constraints reduced to O(n?). Hence, this model remains tractable for larger values of n.
However, since we can no longer deal with i.i.d. service times, (7.16) produces vastly different
schedules.

min Ep[fr (s, X)] Sk,
seS L
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Figure 7.6: Tight bounds and optimal solutions for the ASP

As a reference consider U(1,5) distributed service times, ¢,, = 1 and ¢, = 2. Next to the
“true” optimal value, we compare the mean-MAD upper bound for the original model with
iid. service times and ambiguity set %, 4), and the relaxation with possibly correlated service
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times and ambiguity set @(ﬁff). Figure 7.6 depicts the optimal values and the corresponding

schedules. Observe that the schedule that allows correlated worst-case distributions provides
much looser bounds compared to the tight bounds that follow from (7.10). This is as expected,
since dropping the independence condition enlarges the solution space with distributions that
tolerate correlations between the service times. As a consequence, the optimal schedules lose
the dome structure, and instead prescribe monotonically decreasing slot lengths as reported in
earlier DRO studies [149, 180].

7.4.3. No-shows
Let I, be a Bernoulli(gx) indicator variable that equals 1 when customer k shows up, and 0
otherwise. The delay of job k now satisfies

Wi = Wit + hei Xiemt — se-) (7.18)

Since expression (7.18) remains convex in the uncertain parameters, we obtain a similar result
as in previous sections.

PROPOSITION 7.9. Let all Iy, Z; be independent, with I, ~ Bernoulli(gy). Then, the optimization
problem minsey minpes,,, Ep[ fu(s, X)] can be written as

n—1
mp T ([ D vesd)
k=1

e{1,23px{0,111  i=

st gl > k=1,..,n Va €{1,2,3}" x{0,1}", (7.19)

g0 > Z(q(]) Dos), k=1,..,n1=1,.. .k Va €{1,2,3}" x {0, 1}".

Problem (7.19) considers all possible scenarios for X and Iy. Here we still charge waiting time
costs regardless of whether the customer actually shows up, as in Jiang et al. [123]. Alterna-
tively, one might waive the waiting time costs when a customer does not show up by modifying
the objective function, thus modeling the waiting time costs as ¢, Iy Wk.

The LP in (7.19) presents a new DRO perspective for ASP with no shows. Other DRO studies
are [123] with ambiguity for the no-show variables, and [137] in which this model is extended
by introducing time-dependent no-show probabilities and deriving a conic programming for-
mulation. We now compare our robust approach for partial information to the full information
ASP with no shows, an extension of work in [68] covered in [76].

We now perform some numerical experiments motivated in part by the examples in Sec-
tion 5.1 of Erdogan and Denton [76]. As a reference, we also consider the setting with all
service times independent and identically distributed as U(1, 5). Figures 7.7 and 7.8 provide the
optimal schedules for the ASP with no shows. Figure 7.7 shows that, when no shows occur with
probability 1 — g, = 0.4, the optimal schedules allot less time to the customers in the middle of
the session to hedge against possible idling of the server in case of a no show. In addition, for
large overtime costs ¢, = 20, the first two customers are double booked as with Bailey’s rule.
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Figure 7.7: Optimal time allocation for schedules based on known customer no-show probabilities with
n=10, T =25, X; ~U(1,5)
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Figure 7.8: Optimal time allocation for schedules based on known customer no-show probabilities with
n=10,T =25, X, ~U(1,5)

7.4.4. Risk aversion and delay unfairness

Consider a risk-averse version of the ASP where one makes decisions based on CVaR. First
introduced as a performance measure for financial risk management, CVaR denotes the average
value of the costs exceeding the pth quantile of the cost distribution. For f,(s, X), CVaR follows
from solving a convex minimization problem [184, 185]. That is,

CVaR,[ (s, X)) = min {3 + iE( Fi(s, X) — 3)+} .

However, as the exact distribution is unknown, we consider the partial information setting as
n [235], and solve

R0 00 | = in, {0 T EaCh60-0) )
. (7.20)

where the identity holds by Sion’s minimax theorem because the objective function of (7.20)

min max min{ J +
se PeP, ) 9€R 1

is convex in &, concave in P, and %, 4) is weakly compact as supp(D) is compact. Since (-)*
preserves convexity, the three-point distribution maximizes Ep(f,(s, X) — 9)*.
The risk-averse scheduler thus needs to solve the following problem:
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Proros1TION 7.10. The optimization problem

pEJP(fn(S X)) - 3)*}

min max min{ 6 +
seF PeP,q) O€R 1-

can be written as

im0ty ¥ e

ae{123}” i=1

St 7 > Cy Z 8P + 80 - 9, var €{1,2,3)",

k=1

) (7.21)
Na 2 0, Va € {1,2,3}",
g >0, k=1,..,n Yo €{1,2,3}",
k

g > Z(r(’) —s), k=1,..,n 1=1,..k Yo €{1,2,3}".

Figure 7.9 illustrates the optimal schedules when minimizing CVaR with the overtime costs
set to ¢, = 2. The schedule allots time to n = 7 customers, for which the service times are U(1, 5)
distributed. The total time allowance is restricted to T = 21. For these parameter settings, the
mean-MAD schedule closely resembles the optimal schedule under exact knowledge of the
underlying distribution.

Sk Sk Sk

—e— Uniform

1k —6— Mean-MAD 1F 1k
2 5 4 5 6 T F k k
(a) o = 0.75 (b) o =085 (c) o =095

Figure 7.9: Optimal schedules for CVAR with ¢, = 1,¢, = 2,n =7, X ~ U(1,5)

Instead of the total costs, the scheduler can consider customer unpleasantness in terms of
delays exceeding certain thresholds. A suitable service quality measure for this purpose is the
delay unfairness measure (DUM), as introduced in [180]. Let vy be the tolerance threshold for
customer k. Then, the delay unfairness for client k is found by solving

inf {1 CVaR,[gi1(s,X)] < vi, pe[0,1)). 7.22
inf { Q'uaﬂ%‘?}‘ﬁ) olg-1(8,X)] < vk, p[0,1)} (7.22)

In this definition, CVaR denotes the worst-case expected delay conditioned on the (1 — p) tail
of the delay distribution. The quantity in (7.22) thus represents the smallest (1 — p)th quantile
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such that the worst-case average in the tail is not greater than the threshold level. Note that
this definition also holds for the server overtime g,. If the goal is to minimize the maximum
delay unfairness (7.22), one solves

96[01,{1),fsey 1-e

1 (7.23)
st O+ —— sup Bp(g (s, X)-H)" <w, k=1,..,n
1-p PP, )

This problem is nonlinear in o. However, since the objective function and constraints are mono-
tonic in p, a simple bisection search will suffice to find the solution that minimizes 1 — p. We
note that the worst-case distribution is again the three-point distribution supported on a, y and
b. After substituting this distribution and fixing the value of g, problem (7.23) reduces to an LP
for which we only have to check feasibility.

In Figure 7.10 we provide the optimal schedules when minimizing the maximal delay unfair-
ness. The parameter values are consistent with the setting of the CVaR example. Figure 7.10a
shows the optimal schedule when minimizing total costs. In Figure 7.10b, we minimize the
maximum DUM with a higher threshold value for the server overtime, and in Figure 7.10c,
the threshold values are set to vy = 5, Vk. Since we consider another type of objective, the
schedules exhibit a different kind of dome shape. Compared to the optimal schedule for cost
minimization, when minimizing DUM, we allocate a much shorter slot to the first customer to
reduce waiting times of later customers and the total server overtime.
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Figure 7.10: Optimal time allocation based on DUM thresholds withn = 7, T = 21, X; ~ U(1,5)

7.4.5. Dynamic appointment scheduling
This section considers a dynamic variant of the ASP in which the schedule can be adjusted for
future customers at every arrival epoch. For simplicity, we assume that the required service
time of a customer is sufficiently long so that at the arrival of customer k, the arrival time of
customer k + 1 can be scheduled. We next discuss an adjustable DRO approach in which we
solve the dynamic ASP in a multistage fashion.

Before serving the kth customer, we observe the realizations xi, ..., xx—; of the random vari-
ables X, ..., Xj—1. We can use this knowledge for choosing the optimal value of s by writing
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the appointment slot length as a function of the realizations: sp = s (x1, ..., Xk—1). Since such
functional dependencies typically give rise to NP-hard optimization problems, in robust opti-
mization one often resorts to so-called linear decision rules (see, e.g., [18, 228]) of the form

k-1
Sk = zko + Z ZkiXi, (7.24)

i=1
where zj; becomes a decision variable in the new optimization problem. After substituting
(7.24) into (7.5), the problem remains convex in the uncertain parameters. Hence, we can apply

Lemma 7.2 to obtain the following linear program:

ProposiTION 7.11. The optimization problem minsey maxpez, , Epl fu(s, X)] can be written as

min Y ( H p9(c Z ¥ 1o, g(”))>
s€efz

ae{123) =1

st. g9 >0 k=1,..n vae{1,2,3}", (7.25)
j-1
(k) Z ( (0 Zjo — Zzﬁrgf;_)), k=1,..,n, 1=1,...k Vo €{1,2,3}".
i=1

The linear program (7.25) is an approximation of the distributionally robust multistage prob-
lem and yields an upper bound since we only consider the subclass of linear functions for the
decision s;. Nevertheless, the solution of (7.25) still provides a robust schedule, which protects
against distributional ambiguity, but additionally takes into account past realizations and thus
makes adaptive decisions. To circumvent computational issues arising from the exponential
number of constraints, we can again resort to SAA.

The model (7.25) is advantageous in practical settings where customers are already on standby,
and thus benefit from regular schedule updates. Consider, for example, delivery services or
surgery scheduling where the patient is already physically present in the hospital [147]. An-
other related line of research concerns settings in which, next to routine customers which are
scheduled in advance, we have add-on customers that are fitted dynamically into the existing
schedule as they call to request appointments, see [46, 76].

Figure 7.11 illustrates the adjustable robust schedules for T = 21, n = 7 and three different
overtime costs. The figures show the range of values that the adjustable schedules assume and
also display three possible traces of the schedule. For low overtime costs, the range of time
allocation to the different customers remains narrow and almost no time is planned for the last
customer. For higher values of ¢,, the range of values widens and the slot length of the final
customer strongly depends on the previous service time realizations.

7.4.6. Equidistant scheduling

As explained in Section 7.2, the ASP can be approximated by a version with infinitely many
appointments and equidistant schedules with slots of fixed length. The ASP objective function
can then be formulated in terms of the stationary waiting time W in a D/G/1 queue, which in
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Figure 7.11: Optimal time allocation for T = 21, ¢,, = 1 and n = 7 with adjustable schedules based on the
worst-case three-point distribution fora =1,b =5,y =3andd =1

turn can be leveraged to determine the optimal slot length. Here W satisfies W < max{W + X —
5,0} with X the generic service time and s the slot length.

We assume that s > p, so that the long-run expected idle time per slot is s — p. The trade-off
between stationary idle and waiting time then forms the ASP:

rn>in w(s — ) + (1 — w)E[W]. (7.26)
SZH
Here w € (0, 1) is a cost parameter. Using the infinite-series expression [202]

E[max{0, X; — s + ... + X; — s}, (7.27)

=

EW]=)
k=1

one can write (7.26) in the form ming,, Ep[ (s, X)] with the expectation taken over the dis-
tribution P of the service times X = (Xj, Xy, ...). Adopting the DRO method presented in this
chapter, we then first determine tight bounds for Ep[ fo(s, X)] under mean-MAD ambiguity of
X, and then solve for the optimal (robust) slot length:

min min Ep| fo(s, X and min max Ep[f.(s, X)]. 7.28
min min plfo(s, X)] min max plfo(s, X)] (7.28)
Tight bounds for
min Ep[fo(s, X and max Ep[fu(s, X 7.29
jmin Erlfu(s. 0] and  max Erlfu(s.X)] (7.29)

do not follow directly from Lemma 7.4 and Lemma 7.2, because the function f,(s,X) can be
viewed as a special case of f,(s,X) but then with n — oo. A limiting argument for n — oo
was provided in [210], where the distributions that attain the bounds in (7.29) were shown
to correspond to the two-point and three-point distributions in Lemma 7.4 and Lemma 7.2,
respectively. Figure 7.12a shows some examples of the tight lower and upper bounds (7.29),
where we use uniformly U(1, 5) distributed service times as a reference.

We next consider the optimal slot length, s* say, where we also compare with a DRO ap-
proach in [138] based on mean-variance infinite-range ambiguity, which uses Kingman’s bound
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Figure 7.12: Optimal stationary schedules and costs (reference values obtained by simulation)

E[W] < o?/(2(s — p)) (tight for the D/G/1 queue, see [60]) and hence solves

o2
min w(s—p)+(1- a))m.
Figures 7.12b and 7.12c plot the optimal slot lengths and costs, respectively, for different val-
ues of w. We use a bisection search procedure to find the optimal value s* and solve the problems
in (7.28). The objective function (7.26) is convex in s, and hence efficient numerical techniques
can be applied. We also plot the objective function that follows from Kingman’s bound for the
matching mean-variance ambiguity set. Notice that the optimal mean-MAD slot length is close
to the “true” optimum for all values of w, while Kingman’s bound suggests relatively large slot
lengths when o is small. This difference arises because the mean-MAD bound conditions on
the range of service times, whereas Kingman’s bound allows for unbounded support.

7.5. Conclusions and outlook

This chapter presents a novel distributionally robust approach for the ASP that, in contrast to
existing robust methods, can incorporate explicitly independent service times in a min-max
formulation. The key idea is to use MAD instead of variance as dispersion measure, so that the
worst-case scenarios that maximize costs are formed by independent three-point distributions
for the service times. These three-point distributions are independent of the chosen schedule
and hence render the min-max problem amenable to standard stochastic programming tech-
niques.

As explained in Section 7.1, existing DRO approaches for the ASP are confronted with formidable
challenges when dealing with independent and identically distributed service times, due to the
non-linearity of the stochastic program. Our novel approach beats these challenges by clev-
erly choosing the ambiguity set, resulting in exact yet easy-to-solve linear programs. Another
way to circumvent the challenges is to relax the assumption of i.i.d. service times and allow
for correlation and dependency structures, and using DRO approaches that optimize over joint
probability measures instead of product measures. To the best of our knowledge, this is the first
work that deals with independent random variables in a DRO setting for the ASP. Other DRO
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approaches allow either freely varying dependency structures or restricted linear dependence
through conditioning on the covariance matrix, setting all covariance terms equal to zero; see
[135, 171]. The latter approach, however, is only an approximation for the independent setting.

We have revealed several new structural properties of optimal robust schedules, including
the “spiked patterns” in Figures 7.2-7.4, negligible early slots that resemble Bailey’s rule, and
optimal schedules that turn from dome-shaped to increasing when overtime costs become large.
As shown, DRO approaches that allow for dependent service times prescribe entirely different
schedules, such as decreasing patterns to counter several long service times that occur early
during the day (due to positive correlation). A further comparison between correlated and in-
dependent settings is worth exploring in more detail. To measure the “price of correlations,”
the method in this chapter can serve as a benchmark for system performance under full inde-
pendence of the driving random variables.



Some concluding thoughts

8.1. Discussion

Independence causes problems, an observation that will initially seem strange to most proba-
bilists. After all, in probability theory, and certainly when it comes to sums of random variables
or stochastic systems such as random walks and queues, the independence of variables is often
a requirement for mathematical tractability. In contrast, if one does not exclude correlations,
the analysis usually becomes much more challenging. This stands in stark contrast with the op-
timization point of view, at least when resolving extremal problems, to which the perspective
is exactly the other way around: allowing for correlations leads to a relaxation that is math-
ematically simpler since modeling independence requires an infinite number of semi-infinite
constraints.

Extremal stochastic models seek to establish upper and lower bounds for performance met-
rics using limited information available about the underlying random variables that drive the
system, a renowned example being the eponymous bound derived by Kingman [132] for the
expected delay in the GI/G/1 queue, which only uses mean-variance information about the ser-
vice and interarrival times. However, a notable drawback of this bound is its inability to fully
harness the knowledge that the underlying driving sequences consist of independent and iden-
tically distributed (i.i.d.) random variables. This limitation generally gives rise to a bound that is
not as sharp as it could potentially be. In distributionally robust optimization (DRO), the issue
regarding independence we address here is widely acknowledged. We adopt the terminology
from DRO and in this chapter shall refer to the set of admissible probability distributions & as
an ambiguity set. Many existing works that incorporate structural properties of distributions—

169
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such as unimodality and symmetry—require the underlying ambiguity set to remain convex to
employ the duality theory suited for solving such problems; see, for example, [177]. However,
the presence of independence disrupts this convexity, resulting in mathematical intractability
[100]. Moreover, we have not yet addressed the additional difficulties that arise from assuming
identically distributed random variables. Fully capturing such a distributional characteristic
requires an infinite number of moment constraints. Even within the stochastic programming
literature, the arduous nature of addressing stochastic independence is widely acknowledged.
The introduction of independence necessitates the computation of high-dimensional convolu-
tions, which poses significant challenges. Indeed, even under the lenient assumption of inde-
pendent uniform distributions governing the random variables, the simple class of linear two-
stage stochastic programs with fixed recourse is deemed computationally intractable [72, 99].
Despite these additional complexities, it still seems of substantial value to add this structural
information to the ambiguity set. Doing so reduces its size, resulting in tighter performance
bounds. This parallels the scenario where the inclusion of the unimodality property in the am-
biguity set leads to sharper bounds as it excludes the possibility of the worst-case distribution
being a pathological discrete distribution supported on a limited set of points; see, e.g., [131].
As demonstrated in this chapter, the assumption of i.i.d. random variables does not eliminate
the possibility of these discrete distributions being the extremal solutions. However, it does
exclude overly conservative dependency structures.

As our motivating example, we again turn to the GI/G/1 queue. Let W, be the waiting time of
the nth customer. Further, let X,, = V,,—U, denote the difference between service and interarrival
time. The waiting-time process then evolves according to the Lindley recursion

Wy =W, +X,)", n>0, Wy =0, (8.1)
where (x)* = max{x, 0}. By the ii.d. assumption, (8.1) can equivalently be stated as
Wyt £ max{0, X;, X; + Xo, 0, Xy + Xp + 4 X} =5 £1(X0 Xor o0, X)),

d T
where = denotes equality in distribution. The sequence {W,,n > 0} can thus be expressed as a
multivariate function f,(-), which shall serve as the objective function for our extremal analysis.
In the remainder, it is our aim to resolve

max E[ f(X)], (8.2)

where & contains the available moment information and X is a random vector with elements
{Vi, UL ,. Letting n — oo, this yields the classical extremal queue problem, as discussed in Chap-
ter 2 and [50, 60, 222]. To obtain bounds for the stationary GI/G/1 waiting time, one considers
the random variable W := lim,_,., W,,, which solves the stochastic fixed point equation

wiw+v-v)* (8.3)

Notice that for the expressions above to be valid, aside from stochastic independence, equality in
distribution must hold throughout for all underlying random variables. This additional require-
ment, as aptly described by Kingman [133], introduces a challenging element of nonlinearity
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into the problem: “A still more difficult problem arises when all random variables considered
are required to have the same distribution, since this requirement introduces an element of
nonlinearity into the problem.” To illustrate how this nonlinearity arises in the formulation of
problem (8.2), let us consider the following example in two dimensions. Let X;, X, denote two
random variables both with support & = {xi, ..., x,}, and say we are trying to find a distribution
(p1, ..., pr) on % that resolves maxpesp E[ (X3, X,)]. This is tantamount to solving

r r
max Z Z max{0, X, X + X1} i

k=1 I=1
r
. 8.4
s.t. Zhj(xk)pk =q;, j=0,....,m, (8.4)
k=1
pr =0, k=1,..,r,

where h; and g;, Vj, capture the available moment information. The nonlinearity arising from
the objective function in (8.4) becomes evident upon closer examination. It is apparent that
the objective function now takes a quadratic form in the vector (py, ..., pr). The computational
complexity naturally increases as more random variables are introduced, exacerbating the com-
putational intractability of the problem. Furthermore, if the support is not assumed to be finite,
this adds another layer of complexity to the extremal analysis.

In this concluding chapter, our objective is to address extremal problems with i.i.d. random
variables using simple yet effective solutions tailored to specific cases. We delve deeper into the
recursive argument that was used to resolve the extremal queue problem in Chapter 2. Then,
we show that the insensitivity property, emphasized throughout this thesis, can be extended
to encompass various other types of distributional information. To facilitate its application, we
present concise guidelines outlining the process of eliciting this property. Finally, we discuss
two more extremal models featuring i.i.d. driving sequences, which can be effectively solved by
leveraging the recursive argument and harnessing the insensitivity property.

8.2. A simple trick

An excellent exposition on extremal models for independent random variables is provided by
Kingman [132], who discusses a two-dimensional example. Consider two independent random
variables X € &, Y € %, where &, % denote their supports, with ambiguity sets %x and Py,
respectively, and define

Py(x) :=E[f(x,Y)], x € X.

Then E[f(X,Y)] = E[¢y(X)] by the law of total expectation. Observe that ¢y is & -measurable
by Fubini’s theorem. Suppose that there exists a measure that satisfies the moment conditions.
Then using the Richter-Rogosinski theorem with f replaced by the function ¢y, we can establish
the existence of an extremal random variable X™ with at most m + 1 support points. It follows
that

E[¢y(X)] < El¢y(XD)] = E[f(X, )] <E[f(X",Y)].
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Applying the same argument to ¢x-(y) := E[f(X*,y)], it can be shown that there exists a Y*
such that

E[f(X". V)] < E[f(X", Y],
and so

E[f(X.V)] < E[f(X".Y)].

So far, this result relies predominantly on the Richter-Rogosinski theorem [186]. It is natural
to try and extend this result to the setting with an arbitrary number of random variables. In
particular, consider the problem of finding bounds for

E[ (X1, Xz, ..., X0)],

where X, X5, ..., X, are independent random variables satisfying the moment conditions. By
applying the above argument sequentially, it turns out that it is possible to carry over the two-
dimensional result to the setting with an arbitrary number of independent random variables.
Thus, we can restrict our attention, with respect to all the random variables being considered, to
those that assume only a finite number of values. This results in the following theorem, which
generalizes results discussed in [114, 133].

TueoreM 8.1 (Richter-Rogosinski tower rule). Suppose that there exist distributions for X,
X5, ..., X, that all satisfy m moment conditions. Then the supremum of E[ f,(Xi, Xz, ..., X,)], where
Xi, Xz, ..., X, are independent, is unaltered if the respective ambiguity sets are restricted to distri-
butions with at most m + 1 support points.

Unfortunately, Theorem 8.1 does not necessarily hold for identically distributed random vari-
ables (see, e.g., [133]). Despite this limitation, this theorem offers a framework for establishing
sharp bounds for E[ £,(X;, X, ..., X)), even if Xj, X,,..., X, are i.i.d. random variables. If we
relax the assumption of identical distributions, it is sufficient to solve

P;?]g?:lE]P@ [fn(Xls X27 L) Xn)]
st.Pe =P ®P, ® - ®P,, (8.5)
Ep[hi(X)]=¢q;, i=12,....n j=1,..,m,

where the probability measure Pg is written in this particular form to impose independence
among the random variables Xi,..., X,,. To deal with problem (8.5), we adopt the approach
outlined in Chapter 2 and sequentially optimize over the n random variables. This way, we can
express the multivariate problem as

E X1, X, ..., X)) 8.6
max - max max e [fo (X1, X5 ] (8.6)

It is important to note here that, due to the identicality of the random variables, the optimization
is taken over the same ambiguity set % in each stage. Suppose we first consider the maximiza-
tion with respect to Xj, then we need to consider as objective function

P(xy) = E[fn(xl,Xz,m,Xn)],
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where the expectation E is taken with respect to the other random variables X, ..., X,. From
Theorem 8.1, it readily follows that the extremal distributions have at most m + 1 mass points.
In order to find a candidate distribution for E[¢(X])], we can try to exploit general properties
such as curvature, as demonstrated in the proof of Theorem 2.1, in which convexity of ¢(x;)
was leveraged. If an extremal distribution can be established which is fully characterized by the
distributional information within the ambiguity set, such that it relies solely on the curvature
properties of #(x;) and no longer depends on the specific characteristics of f,—and, by exten-
sion, the other random variables—this extremal distribution constitutes the candidate to solve
(8.5) and governs the extremal random variable, denoted as X*. Then, by taking the expectation
with respect to X*, we obtain

max - max Ep,[fu(X", X, ..., Xp)]. (8.7)

P.ePl [Pze@(i 0

Since the expectation operator preserves properties such as monotonicity, convexity, etc., the
worst-case expectation retains those properties as function of x,,...,x,. As a result, we can
substitute X* sequentially n times, and, since all the ambiguity sets are equivalent, the extremal
X1, Xz, ..., X, are i.i.d. as X*, hence resolving the original extremal problem (8.6) with identically
distributed random variables. As a result, this recursive argument can solve both problems with
independent and i.i.d. random variables.

Of course, the main challenge is finding such an extremal distribution that solves ¢(X)),
which pertains to the notion of “insensitivity” that we have introduced earlier in this thesis.
Distribution-free analysis, and distributionally robust optimization, for that matter, greatly ben-
efit from this insensitivity property as it simplifies the mathematical analysis significantly. As a
matter of fact, the recursive argument presented in this section relies heavily on this property.
Without it, the argument would be considerably more complex, perhaps even impossible. While
it is important to note that this simple trick based on the tower rule is certainly not a panacea for
all extremal problems with i.i.d. driving sequences, it proves potentially valuable for particular
models. Therefore, we complement this recursive argument with a set of guidelines that enables
us to identify cases for which this simple trick can lead to solvable instances of the extremal
problem with i.i.d. random variables. In the next section, we present several combinations of
distributional information and objective functions that induce the desired insensitivity.

8.3. Guidelines for inducing insensitivity

We already observed in Chapter 3 that we can restrict our attention to two-point distributions
in the search for the extremal distribution that attains the tight bound Ep[¢(X)] with IP € %, ).
We next prove a result that is similar to Lemma 3.2, but which requires only existence and con-
vexity of the derivative ¢’. The proof of this result elucidates why this setting with variance
information attains similar favorable properties as those that we encountered for mean-MAD
information in the previous chapters, albeit for a different class of functions. We prove the
insensitivity result by following a series of steps: First, we determine a candidate primal solu-
tion by leveraging the complementary slackness property to make an educated guess. Then,
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we demonstrate that our guess remains primal feasible across all possible values of the distri-
butional parameters. Subsequently, we establish the feasibility of the resulting dual solution.
Finally, we demonstrate the optimality of these solutions using weak duality.

ProrosITION 8.2 (Insensitive mean-variance solution). Consider a function x — ¢(x) that
is continuously differentiable on [a,b], with its derivative denoted as ¢’, and a random variable
X~Pe g’(u,g).

(i) If ¢’ (x) is convex on [a, b], the extremal distribution that solves maxpeg,, , Ep[¢(X)] is a two-
2

e 2 . : g b—p)?
point distribution on the values {y - b(%ﬂ, b} with respective probabilities {@Em%, m }
(ii) If ¢’ (x) is concave on [a, b], the extremal distribution that solves maxpegp, , Ep[$(X)] is a two-

. . .
point distribution on the values {a, u+ F%} with respective probabilities {(ﬂ_:ﬁ, (p(_“a% }
Proof. Consider a generic function ¢(x) with a convex derivative ¢’(x). For P € %, ), we must
solve

P(x)>0

b b b
s.t. / dP(x) =1, / x dP(x) = p, / x*dP(x) = o? + 117,
which has the following dual:

max / ’ ¢(x)dP(x)
a4 (8.8)

min A() + /11[1 + ).2(0'2 + [lz)
Aodsde (8.9)
s.t. M(x) := A + Aix + Aox? > ¢(x), Vx € [a,b].

We seek a quadratic function that majorizes the objective function ¢(x). Under the assumption
that strong duality holds, we can provide a constructive argument to find the extremal distribu-
tion with help from the dual problem. Consequently, we can use the complementary slackness
property to make an educated guess on the support of the extremal distribution. The candidate
solution M(x) that we will consider touches ¢(x) at exactly two points, i.e., some xp < p and
the upper bound of the support b, see Figure 8.1. First we show that for each feasible pair of the
mean p and variance o parameters, the two-point distribution with support {xy, b} is a member
of the ambiguity set. Solving for xy, px, and pp, using the moment constraints in (8.8), yields
the distribution stated in the lemma. Notice that

__b-w
L A

from which it is apparent that p,, p, € [0,1]. We also have xy < p since 0 > 0 and b > p.
Finally, we check if xy > a. Obviously, this holds if a = —co. To show xy > a also for a > —oo,
recall that

o’ < (b—p)(p—a).
Hence, using this bound, it follows that

o’ G-
b—p b—p B
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As a consequence, the extremal distribution stated in Lemma 8.2 always constitutes a feasible
primal solution for each p, o pair. Next the goal is to construct a dual solution (A, A4, A,) that
achieves the same objective value as this primal solution, ensuring by weak duality that this
primal-dual solution pair is optimal. To obtain the quadratic function illustrated in Figure 8.1,
the dual variables should satisfy the following conditions:

Ao + /11)(0 + Azxg = (j)(xo), Ao + Alb + /12[72 = ¢(b), /11 + 2).23(0 = d)/(Xo).

Solving for Ao, A1, A,, substituting the expression for x, and plugging these values into the dual
objective function yields, after some algebra,
b —py ’

2
Ao + Ayp + A(p* + 0%) = (b—p)2+52¢ <,u— bO;p> + (b—:)2+02¢(b)’

which agrees with the primal objective value. Hence, strong duality holds if this choice for A,
A1 and A, is feasible. To complete the proof, it thus remains to establish feasibility of this dual
solution. Denote by M,, the dual function that touches ¢ at x,, and intersects at b.

— ¢(x) — ¢()
---- M (x)

Figure 8.1: Objective function ¢(x), dual function M(x) and their derivatives

Now, by looking at the derivatives of the majorizing function M(x) and the objective function
$(x), we can verify that dual feasibility indeed holds. To see this, notice that the derivatives
can only intersect twice because ¢’ is convex and M’ is linear. The first intersection point
corresponds to a tangent point for the original functions. Due to dual feasibility, M’(x) has to
be greater than ¢’ directly after the intersection point and ¢(x) can only coincide with M(x)
once, except for a possible second time at b. This then yields assertion (i). For assertion (ii),
note that for concave ¢’(x) the line of reasoning is almost identical, but instead considering
the extremal distribution with support {a, x,} and the dual function that corresponds to this
solution. O

The benefits of this result are readily apparent. If a function is a member of this class of
functions with a convex derivative, then intuitive guesses and trial solutions for the primal
solution and dual function are unnecessary, as we immediately obtain an extremal distribution
that exhibits the insensitivity property.
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It is quite instructive to compare the upper and lower bounds with mean-variance infor-
mation to those with mean-MAD(-f) information. For this purpose, recall the dual functions
corresponding to the mean-MAD(-f) ambiguity sets, as displayed in Figures 8.2a and 8.2b.

— ¢(x) — $(x)
s My(x) p -—-- Mg(x) al

(a) The majorant M,(x) (b) The minorant Mg(x)

Figure 8.2: Some convex function ¢(x) and the dual functions for mean-MAD(-) information

Another natural guess for the primal solution in the mean-MAD setting is a two-point dis-
tribution with one support point fixed to either a or b and a second support point x, varying in
the interval (i, b) or (a, y), respectively. This leads to three unknowns (two probabilities and the
value of xp), which can be determined using the three moment equations. However, it becomes
clear from Figure 8.2a that several issues arise when turning to the dual problem. Because ¢(x)
is convex and M; is piecewise affine, there does not exist a matching dual function for which
M;(x) coincides with ¢(x) on a point in the interior of [a, b], except for x = . Hence, the only
alternative that yields a consistent solution is the three-point distribution with support {a, z1, b},
which follows from solving the moment conditions

pr+pe+ps=1, pia+pp+pb=p,  pila—pl+pslb—pl =d,

yielding the extremal distribution that is ubiquitous in this thesis.

In contrast, a similar guess proves effective for the mean-MAD-f lower bound. Consider a
two-point distribution characterized by two unknown support values x;, x; and two unknown
probabilities p;, p,. With four moment constraints in place, we can obtain a unique extremal
distribution as the solution to the following system of equations:

pr+p=1 pxatpxo=p pila—pl+palo—pl=d  p.=p

Upon examining Figure 8.2b, it becomes apparent that this two-point distribution admits a
feasible dual function, M. Therefore, the resulting solution serves as a viable candidate for the
extremal distribution, meeting the requirements in both the primal and dual sense.

We proceed to establish a bound that closely resembles the Edmundson-Madanski (E-M)
bound [146], but for which a weaker condition than convexity, called starshapeness, is suffi-
cient. A function ¢ : Ry — R, with R, denoting the nonnegative real numbers, is said to be
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starshaped if #(x)/x is a nondecreasing function of x € R,. However, it is usually easier to ap-
ply the following, more intuitive, definition: A function is starshaped if, and only if, it has the
property that when one draws its graph and places a star at the origin, then this star illuminates
from the origin every point of the upper part of the curve [155], as illustrated in Figure 8.3.

— ¢(x)
---- M.(x)

Figure 8.3: A starshaped function and its linear majorant

Let us consider, in conjunction with the class of starshaped functions, the ambiguity set
Py =1{P + supp(X) C [0,b], Ep[X] = p}.
From Figure 8.3, it follows that the next result holds.

ProrosiTION 8.3 (E-M bound for starshaped functions). Let X denote a random variable of
which its distribution P € 9, ;). Consider a function x = ¢(x) for which ¢(x)/x is nondecreasing
on [0,b]. Then, maxpegp,,,, Ep[¢(X)] is achieved by a two-point distribution with support {0, b} and
respective probabilities {1 — u/b, 11/b}.

Proof. Define M.(x) := A¢+A;x, which is the dual function corresponding to %, ;). Then, from
the definition of starshapeness, it follows that the dual solution 1y = ¢(0), A; = (¢p(b) — ¢(0))/b
is feasible. Moreover, by complementary slackness, the corresponding primal solution places
probability mass on the support {0,b}. It is then a straightforward exercise to show that the
primal and dual objective values agree, and hence, by weak duality, this is the optimal primal-
dual solution pair. O

We shall see later that starshapeness becomes useful for distribution-free analysis of the
GlI/G/c queue.

8.4. Tractable extremal models
8.4.1. Bounds for higher-order cumulants of GI/G/1 queue

We analyze the mean-variance extremal queue with a single server and unlimited waiting space
in which customers are served based on the order of arrival. This system is driven by two
independent sequences of i.i.d. distributed random variables, which represent the service times
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{V,} and the interarrival times {U,} of customers, distributed as V and U, respectively. The
service time of the nth customer is denoted by V,,, and the interarrival time between the arrivals
of customers n and n+1 is represented by U,. We assume that the first customer arrives precisely
at time 0. It is further assumed that the mean service time E[V] = py and the mean interarrival
time E[U] = py exist (and are finite), and that both V and U have a finite variance o and o
respectively. To ensure stability, we assume that gy < py. The waiting time of the nth customer,
denoted by W, is defined as the time the customer spends in the queue before being served.
The sequence {W,,,n > 0} represents a Lindley process. We define the Lindley process through
the recursion
Woer = Wy +V, = U,)", n >0,

in which (x)* = max{x, 0} and W, = 0. We study the steady-state waiting time, denoted by W,
of which the distribution satisfies the stochastic fixed-point equation

wiw+v-U),

with 4 denoting equality in distribution. Define X, :=V,—U, and S, := X;+--+X,,forn > 1,
so that W, 4 max{Sy : 1 < k < n}—in other words, the waiting time process {W,} is generated
by the random walk {S,,}. Under the finite moment conditions, W, is finite almost surely with a

finite mean given by

=1

E[W,] =) ZEIS{], vn >0
k=1

and, assuming a stable system, W is a proper random variable with mean
wi=3 LElst] <.
paris

Let ¢,,(W) denote the mth cumulant of the steady-state waiting time, which one can write as

0o

(W) = Z

E[(S)™]. (8.10)

»\H

Bounds for the higher cumulants of the steady-state waiting time were already obtained in
[24] using stochastic comparison techniques. Let the random variables V() and Uy,) follow the
extremal two-point distributions stated in assertions (i) and (ii) of Lemma 8.2, respectively. In
order to apply the bounds in Lemma 8.2, it is necessary to show that expression (8.10) can be
written in terms of an objective function with a convex derivative. As a building block for
expression (8.10), define an objective function as follows:

by by
400 = [ h(0=207)dFG) = HOFG)+ [ hy=FG). ar <x<bu, (1)

where h(x) = x™ with m > 2 being an integer, and F is the cumulative distribution function
of some auxiliary real-valued random variable Y (which henceforth will correspond to Vi, V; +
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V, —Us, etc.). Since h(0) = 0, it is possible to reduce the Riemann-Stieltjes integral (8.11) further
to

by
$(x) = / h(y - dF(G), v < x < b. (8.12)

In Appendix B.5, we show that ¢(x) is convex and continuously differentiable, with a concave
derivative ¢’(x), so that Lemma 8.2 can be employed.

LeEmMA 8.4. Consider a real-valued random variable Y with cumulative distribution function F
on support [ay,by| and a finite moment-generating function. Then, the objective function ¢(x), as
defined in (8.12), with h(x) = x™, m > 2, is continuously differentiable on [ay,by]. Moreover, its
derivative, ¢’(x), is concave on [ay, by].

Note that we did not make any assumptions on the probability distribution F. Chen and Whitt
[51], however, needed to derive sufficient conditions for the distribution function F so that their
objective function yields a Chebyshev system on [0, b], entailing that the extremal distributions
are the two-point distributions stated in Lemma 8.2. However, in order to demonstrate this,
they must make ancillary assumptions, such as the existence of a smooth probability density
function and additional constraints on the support of Y (ie, ay < 0 < b < by), all of which
turn out to be superfluous, as we show next. For the higher-order cumulants of the steady-state
waiting time, we demonstrate the following result, which is a stronger assertion than Theorem 1
in [51].

THEOREM 8.5 (Higher-order cumulants of steady-state waiting time). Consider the GI/G/1
queue with generic service timeV whose distribution lies in the ambiguity set %, ) and generic
interarrival time U whose distribution lies in the ambiguity set %, ). Consider the tight upper
bounds for all cumulants m > 2 of the steady-state waiting time W.

(i) For given service timeV, the tight upper bound follows from U.
(i) For given interarrival time U, the tight upper bound follows from Vy).
(iii) The overall tight upper bound follows from V(zy and Uy).

Proof. Let us provide a proof sketch for part (i) of the theorem, then (ii) and (iii) follow from a
similar line of reasoning. According to Lemma 8.2, objective functions of the form (8.12) attain
their maximal expected value under the extremal random variable Uy,). To establish results
for the steady-state waiting time, we first consider a truncated version of the infinite series
expression (8.10):

n

o) = Y %]E[(max{o, Vi— 1ty + o+ Ve — )" (8.13)
k=1

Observe that this expression has the required functional form. We investigate the case m =
2, i.e. the variance, as the argument is identical for higher cumulants. Consider the moment
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problem in Uy, thus fixing the distributions of Uy, ..., U, Vi, ..., V,,

max / : (E[((Vl U] et SE[((Vi — g 4tV — U,,)+)2]) dP(u)),  (8.14)
Pe@b(,,[m]) ay n

where the expectations E are taken with respect to the distributions of V1, ..., V;,, U,, ..., U,. Since
the expectations in (8.14) are functions of the form f(u;), with h(x) = x* and Y representing
V1, Vi + V3 = U,, etc., Lemma 8.2 holds for each of these terms. Since the two-point extremal
distribution is independent of u,, ..., u,, we can apply the univariate result recursively. The
proof is then completed by a limit argument, where we approach the infinite series by letting
n — oo, Consider the function

n

1
Jam (U, e up) = Z %E[(max{o, Vi—ug+ ..+ Vi — )™
k=1

Then, for i.i.d. interarrival times distributed as U,

max ]E[fn,m(Ula ) Un)]

Pe@(uu oy)

is solved by the extremal distribution U). This yields the bounds

=1
Cp 1= Z E]E[(max{o, Vi—U+ ..+ Vi —UD"] < Eplfum (07, ....U)] =+ uy
k=1
with Uy, Uy, ... i.i.d. as U{y). Since the sequences {c,} and {u,} both converge to well-defined
limits, the result follows. For (ii), we prove that ¢(v;) has a convex derivative. For (iii), we
combine (i) and (ii). O

8.4.2. Extremal GI/G/c queue with mean-support information

Consider a multi-server GI/G/c queueing system where the service time of the nth customer
is denoted by V,,, and the interarrival time between the arrivals of customers n and n + 1 is
represented by U,. That is, the system is driven by the same two sequences as the GI/G/1 model
in the previous subsection. Customers are served according to a first-come-first-served policy.
The waiting time W, of the nth customer is given by the remaining workload assigned to the
first server at the time of the nth arrival, W,Sl). For a vector x, let x denote the ith smallest
component, so that x(V' < x® < .. < x©. Let WD, W®, ... W) denote the componentwise
increasing vector of assigned workloads at the c servers as seen by the nth arrival. Let ®(x) =
(x(l), x@, ,x(c)) denote the operator that sorts the vector x in this increasing order. Then for
n = 1,2,..., the evolution of the workloads in the GI/G/c queueing system is described by the
Kiefer-Wolfowitz recursion

(eri)]’wyfi)p s aWn(-C}-)l) = ® ((Wn(l) + Vn - Un)+’ (WéZ) - Un)+’ cee (Wn(C) - Un)+) )
For ¢ = 1, this expression reduces to Lindley’s recursion

WrH—l = (Wn + Vn - Un)+ , n=0.
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By a simple induction argument, it can be shown that W, is convex in the service-time param-
eter. However, Weber [220] provided counterexamples that show the GI/G/c queue no longer
possesses this convexity property, so we need to find a weaker property. It is obvious that the
waiting times are nondecreasing in the service times. Hence, it seems natural to try to show
that a property stronger than monotonicity, but weaker than convexity, holds for the workloads
in the GI/G/c queue as functions of the service times.

A property that satisfies this characterization is starshapeness of a nonnegative function, as
discussed in the previous section. Since the pointwise maximum, the pointwise minimum and
the sum of any two monotone functions is again monotone, the following result can be easily
verified [194, Lemma 2.4].

LEMMA 8.6. Consider two starshaped functions ¢; : Ry — R,i = 1,2. Then ¢y}, ¢z and ¢/

defined by ¢p1)(x) = min{¢p1(x), P2(x)}, Vx € Ry, Ppp)(x) = max{¢:(x), po(x)}, vx € Ry, and
U(x) = p1(x) + p2(x), Vx € R,, are all starshaped functions.

Then it can be shown that the sorting operator ® preserves starshapeness by repeated use of
the previous result [194, Lemma 2.5].

LEMMA 8.7. Let @ : R® — R denote a function that sorts the coordinates of the input vector into
increasing order. If ¢;, i = 1,2, ..., c, are all starshaped functions, then {;,i = 1,2, -, c, defined by
W1(x), ..., Pe(x)) = @ (P1(x), ..., pe(x)), x € Ry, are all starshaped functions.

Close inspection of the Kiefer-Wolfowitz recursion reveals that all operations governing the
workload dynamics of the GI/G/c queue maintain the starshapeness property. Then, since the
expectation operator also preserves starshapeness, we can readily derive an extremal result
for the GI/G/c queue with mean-support information by combining Proposition 8.3 with the
recursive argument.

THEOREM 8.8 (Tight bounds for GI/G/c waiting time). Consider the GI/G/c queue with generic
service time V whose distribution lies in the ambiguity set 9%y, y,). For given interarrival time U,
the tight upper bounds for the transient mean waiting time E[W, | and expected steady-state wait-
ing time E[W] are achieved by a two-point distribution for V with support {0,by} and respective
probabilities {1 — py /by, py /by}.

8.5. Outlook

The insensitive extremal distributions discussed in this chapter can be broadly classified into
two categories. The first category pertains to the mean-MAD approach, where the support is
fixed to the maximum of m+1 point masses, in agreement with the Richter-Rogosinski theorem
[186]. Consequently, the corresponding probabilities are obtained by solving the moment con-
ditions. Alternatively, as with mean-variance information, properties of the objective function
fix some of the mass points, enabling the determination of the remaining points and their cor-
responding probabilities through the moment conditions. This second category also includes,
for example, the mean-MAD-f information set combined with a convex objective function.
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It further includes the ambiguity set that incorporates support, mean, variance and skewness
information, along with an objective function featuring a convex second derivative; see, e.g.,
[128].

Unfortunately, striving for a fully general solution to the extremal problem involving i.i.d.
random variables necessitates referring back to the works of Hoeffding [114] and Kingman
[133]. As these authors have adeptly articulated, the extremal problem induced by i.i.d. random
variables is nonlinear in the probability distribution P. In fact, due to the product structure
resembling multilinear terms in a finite-dimensional mathematical programming problem, one
could even characterize this problem as highly nonconvex in P. As such, it is expected that
future approaches for solving this problem must evolve through advancements in nonconvex
semi-infinite optimization. Otherwise, one shall be left relying on either judiciously chosen
combinations of objective functions and distributional information, or approximations that aim
to approach these structural properties through infinite sequences of moments, as demonstrated
in [27, 132], or by using infinitely-constrained ambiguity sets, as presented in [54].



Properties of MAD and DRO results

We recall some well-known properties of the MAD, see e.g. [21]. Denote by o the variance of
the random variable X, whose distribution is known to belong to the set %, 4). Then
2 _
d <o?< d(b a).
4p(1 - p) 2

In particular, since
d* < 4p(1 - P)o* < o,

it holds that d < o. For a proof, we refer the reader to [21]. For some distributions, an explicit
formula for d is available:

« Uniform distribution on [a, b]:

« Normal distribution N(y, o2):

« Gamma distribution with parameters A and k (for which y = k/A):

e 2k 1
" T(k)exp(k) A’
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- Beta distribution with shape parameters y, 6§ on support [a, b]:

2y76°T(y + 6)

= g oo’ Y

Triangular distribution on [a, b] with mode ¢:

81(a—b)(a—c)’
2(a+c—2b)*

81(a—b)(b—c)’

2bte2al gy 04 b < e
d= ’
fora+b > 2c

Binomial distribution with success probability p and N trials:

d = 2(1 — p)N WPl pINPIFL( N p + 1)<[N;\J]+ 1)

« Discrete uniform distribution on [a, b], with a,b integers and N = b —a + 1:

4

WD) for N odd.

{ 1IN, for N even,
AN

The MAD is known to satisfy the bound

2(b — p(p — a)'

0<d< b
—a

(A1)
Let f = P(X > p). For example, in the case of continuous symmetric distribution of X we
know that f = 0.5. This quantity is known to satisfy the bounds:

4 _<pc1-24
2(b — ) 2(p—a)

In Ben-Tal and Hochman [19], the following result was proved (for a much larger class of
functions f(y, X) than in our case):

(A.2)

ProrosiTION A.1. If f(y,-) is convex,

sup Eplf(y. X)] = gu(y) = ), Hp@f(y, W, ED), (A3)

Pe,.s) xe{1,2,3) i=1

with p(’) §,E’) defined as in Lemma 6.3. If f(y,-) is concave,

sup Ep[f(y.X)]=g(y)= Y, Hp<'>f<y, oD, ..., o), (A.4)

PeP ) ke{l2pr i=1

D _ O]

withv;” = y; + apo Vo = M~ andp(’) Bi, p(l) - B
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Hence, gy(+) in (A.3) inherits the convexity in y from f(-, X) and its functional form depends
only on the form of f(-,X), and similarly for g;(-). The upper and lower bound give a closed
interval for

Valp(y) = Ep[f(y.X)] VP € P(6p). (A5)

CoroLLARY A.2. If f(y,-) is convex for all'y then Valp(y) € [gr(y), su(y)] VP € P55 If f(y.-)
is concave for all'y then Valp(y) € [gu(y), .(y)] VP € P 5 ).

From Proposition A.1 we see that the extremal distribution is independent of y. Hence, we
can substitute the 3" terms. This leads to a convex function in y, and hence the minimization

problem over y is tractable.
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Proofs

B.1. Remaining proofs Chapter 3
Proof Lemma 3.3. From the derivations in [91], we know that the derivative of L can be written

as
N ( ) ;

L(p)=s+ ( p) (o) - sp). B.1)

Further differentiating both sides yields

L"(p) = (L(p) = sp) <_3—L(p)+l _L(p) L2 >

P’ p (A-p)F
(B.2)
s—Lp)+1 2 ,
+< ) +1_p>(L(p)—s)
and
ZZ _(S— L(P) +1 _ 2 7”7 —s+ L(P) -1 _ L’(P) 2 / _
L (p)—< 5 p_l)L(p)JrZ( 5 5 +(p_1)2>(L(p) 5)
+(Lp) -~ 5p) (2(3 oD _T0), 2t 1)3> |
(B.3)

By Little’s law, W(p) = L(p)/(psp). The third derivative of the expected wait is then given by

9° L(p) _ p(6L’(p) + p(pL""(p) = 3L”"(p))) — 6L(p)
ap* psp sup* '

W///(p) — (B4)

187
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To prove the claim, we shall show that W"/(p) > 0. Consecutively substituting (B.3), (B.2), (B.1)
and finally (3.4) into (B.4), we obtain

C
W(p) = — (= (1= HEC = )p+3) + 2501 = pF(P2CEC ~)p + 1)
su(1—p)tp (B.5)
+9p—4)+1) - 6(C— 2)(C—2)C +2)p* +5°(1 — p)6).
Since ——C < is nonnegative, it suffices to show that
su(1=p)'p

f(s,C) 1= ( — 21 = p)* ((7C = 6)p + 3) + 25(1 — p)*(p(2C((3C = T)p + 1) + 9p — 4) + 1)

—6(C—2)(C —2)C +2)p° + 5°(1 — p)(’) > 0.

To simplify some of the terms of f(s,C), it is convenient to work with bounds for C in the
remainder of the proof. We will use the simple bounds (i) C < p and (ii)) C < 1+ % -
%«/4sp+sz(l — p)? (see, e.g., [105]). It suffices to show for all s > 2 that f(s,C(p)) >
0, Vp € (0,1), since the result is already demonstrated for the single-server queue. We pro-
ceed by showing that f(n, C) is nondecreasing for 2 < n < s. Then, to complete the proof, it
remains to show that f(2,C) > 0 for all p € (0, 1). Now notice that

d
gx) := m£f(n, x) = ax* — ayx + ao,
where
a, = 12p2,
a1 = 2p (7Tn(1 - p)* + 14p — 2),
ay = 18p° — 8p +3(1 — p)*n® — 6(1 — p)?n + 12p(1 — p)*n + 2.

After some algebra, one sees that, for n > 2, ap,a; > 0, and clearly, a, = 12p* > 0. Since
ag, a, az = 0, g(x) has two positive roots. Denote the smaller root by x~. Now, to show g(C) >
0, we demonstrate that g’(C) < g’(x™), which is sufficient as g(x) is a convex quadratic function.
We will instead prove this inequality for an upper bound on C:

1-py? (- -
C<1+n( P« 5 p)\/4np+n2(1—p) =: C,
D

2p

where the inequality follows from (ii) and n < s. We next compute g’(C) and g’(x~), and show
that g’(x) — g’(C) is nonnegative. Demonstrating g’(C) < g’(x") is sufficient since g is a
quadratic decreasing function on [0, C]. Notice that

g'(x7) = =2p(1 — p)J(n (52p + 13(1 — p)?n + 44) — 20)
g(©C) =—2p(1-p) ((1 — p)n+ 6:fn(4p + (1 — p)in) — z) .
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lg'CDl  _1g(©)l
2p(1=p) = 2p(1-p)

(8O N g\
g(”’p)"(zm—p)) <2p(1_p)>

= (6\/n (4p+1—p)rn)+1—ppn- 2)2 -n (52,0 +13(1 - p)’n+ 44) + 20.

Since g’(x7), g’(C) < 0, itis sufficient to show
of

by demonstrating nonnegativity

After some tedious calculations, it follows from standard calculus that g—‘g > 0, forn > 2. So, for
fixed p, the auxiliary function g(:, p) is minimized at n = 2. Hence,

g(n,p) = §(2,p) = 96p* — 48p+J1 + p? + 24 > 17.5692 > 0,

for all p € (0,1). Here the final inequality follows from minimizing 96p* — 48p/1 + p? + 24.
Therefore, g(C) > 0 or, equivalently, % f(n,C) = 0for 2 < n < s. In the remainder of the
proof, it thus suffices to concentrate on f(2, C). Define
hx) 1= f2.x) = (= 41— p)' (T = 6)p +3) + 4(1 = ) (p(2x((3x = T)p + 1)
+9p—4)+ 1) — 6(x — 2)((x — 2)x + 2)p° + 8(1 — p)é).
Observe that
B’ (x) = 12p*(p(4p — 3x — 4) + 4).
From the well-known bound (i), it follows that h”(x) > 0 for x < psince h”’(p) = 12(p—2)?p? >
0. Further, it can be shown that
W (p) = 2p(p* + 4p* — 18p* + 20p — 10) < 0, Vp € (0, 1).

Since h”’(x) > 0, h'(x) < 0 for all x < p. Hence, for p € (0, 1),

f(2,C) = h(C) = h(p) = =2p*((p — 2)p((p - 2)p +2) = 2) > 0,

in which the final inequality follows from some straightforward calculus. This completes the
proof. O

B.2. Remaining proofs Chapter 4

Proof of Theorem 4.4. We solve problems (4.12) and (4.13) by considering the four scenarios de-
picted in Figure 4.3. Scenario 1a implies F,(0) = 0, F,(¢) = F,(b) = 1, which gives

t—2m+b 1

t

m
M=—, A]=0, Ai=—-—"—" NAy=-
0 ¢ 1 1 t 2

and objective value
b—2d, N 1

1
/1() +/1;r5 +/12dm =
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Solving the primal problem (4.12) with probability masses on the points {0, ¢, b} gives

b-2dy 1
2t 2

/ x> t}dP(x) = p: + pp =
Scenario 1b implies that F(0) = F(t) = F(m) = F(b) = 1, and hence 4o = 1, A = A7 =1, =0
with objective value 1.
Scenario 2a implies F(m) = 0, F(t) = 1 which gives

AOZAI_:/‘ITZO, /‘{2:7,

with objective value

dm
Azdm = .
I—m
Solving the optimal probabilities for the primal problem (4.12) indeed shows that p, = i—"‘m.
Scenario 2b implies that F(0) = 0, F(m) = F(t) = F(b) = 1, and
=1, A7=-1, A =1=0,
with objective value
_ 1 1
A() + (/11 +AT)5 = E
Solving (4.12), with support {m, t, b}, gives p,, = 1/2. O

Proof of Theorem 4.5. For a random variable X with distribution P € 2,34 5), we now solve

sup / Tge>n dP(x)

Pet+

s.t. /d]P(x) =1, /x dP(x) = p, (B.6)
/|x — uldP(x) =d, /Il{x>”} dP(x) = p,

which is a semi-infinite linear program with four equality constraints.
Consider the dual of (B.6),

inf Ao+ A+ Axd + A
s B (B.7)
s.t. 1{x2t} <Ag+Aix+ /12|x - ,u| + 131{x2p}a Vx € [0, b]

Define F(x) = Ao + A;x + Alx — p + A31g>,y. Then the inequality in (B.7) can be written
as Iy < F(x), vx, ie. F(x) majorizes 1 >y. Note that F(x) has both a “kink” and a jump
discontinuity at p. There are four candidate scenarios, which are described in Figure B.1. When
t € [0, ), F(x) touches Ty >y in {0,¢} U [, b] (scenario 1a), or F(x) = 1 and touches in [t,b]
(scenario 1b). When t € [p,b], F(x) touches in [0, u] U {¢} (scenario 2a), or in [0, i) U [¢, D]
(scenario 2b).
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Figure B.1: Scenario 1 and the majorizing functions Fy,(x) and F;;,(x) under scenarios 1a and 1b, respec-
tively. Scenario 2 and the majorizing functions F,,(x) and F,,(x) under scenarios 2a and 2b, respectively.

Scenario la implies F(0) = 0, F(¢) = F(u) = F(b) = 1, which gives

7 1 1 pu—t
=L M=— A=—— N=r_"
T o TP BT
and objective value
1- +pt d
Do+ Apt+ dod + A3 = % -
Solving the primal problem (B.6) with probability masses on the points {0, ¢, u, b} gives
1=Pu+pt d
/l{x>t}d1P(x)=pt+pﬂ+pb=%—E.

Since primal and dual feasible solutions have the same objective value we have strong duality
and hence found the optimal solutions.
Scenario 1b implies that F(0) = F(t) = F(u) = F(b) = 1,and hence Ay = 1, A1 = A, =43, =0
with objective value 1. It is clear that the optimal primal objective value is also equal to 1.
Scenario 2a implies F(0) = F(u) = 0, F(¢t) = 1 which gives

7 1
—_—, A = A = —,
20—’ TP 20— p)

/‘10:

with objective value
d

Ao+ A+ Ad+ A3 = ——.
0 1H 2 sﬁ 20— y)
Solving (B.6) with probabilities masses on {0, v, i, b}, with v € (0, p), indeed shows that p;, =
d
2t—p)”
Scenario 2b implies that F(0) = 0, F(u) = F(t) = F(b) = 1, which gives as the dual feasible
solution

and objective value
/10 +Alu +/12d +/13ﬁ = :B

Finding the optimal probabilities of (B.6) confirms that p, = (1 — f). O



192 Distributionally robust views on stochastic models

Proof Corollary 4.6. We solve

inf / Lo dP(x)

Pet+

s.t. /d]P(x) =1, /x dP(x) = p, (B.8)
/ Ix =l dP(x) = d, / Ly, dPG) = 6,

which is a semi-infinite linear program with four equality constraints. The dual problem is
given by

sup Ao+ A+ Ad + A3
Rodi Ao Ay (B.9)
s.t. Loy = Ao + Aix + Aglx — pl + A3lgy> =2 F(x), Vx € [0,b].

The proof is similar to that of Theorem 4.5 but, since we are minimizing, F(x) is a minoriz-
ing function. Note that F(x) has both a “kink” and a jump discontinuity at y. There are four
candidate solutions, which are depicted in Figure B.2. When t € [0, ), F(x) touches Ly
in {t} U [, b] (scenario 1a) or in [0,¢] U [y, b] (scenario 1b). When t € [, b], F(x) touches in
[0, i) U {t, b} (scenario 2a), or F(x) = 0 and touches in [0, t] (scenario 2b).

Scenario 1la implies F(¢) = 0, F(u) = F(b) = 1, which gives the dual solution

2t—p 1 1
= —, =——07, /1 = = 5 /1 = 0>
Tae-p T 20— T 2w 7
and objective value
d
A+hp+ld+3=1— —-.
0 14 2 3p 2(,u—t)

Solving the primal problem (B.8) with probability masses on the points {t, i, v, b}, with v € (1, b),
gives

/xll{x>t}dIP(x)=l—pz:l—z(u_t).

Scenario 1b implies that F(0) = F(t) = 0, F(u) = F(b) = 1,and hence A\, = A; = 1, = 0,43 = 1
with objective value . Now solving the primal problem with probability masses on {0, ¢, j1, b}
gives us

/]l{x > t}dP(x) = p, + pp = f.
X
Scenario 2a implies that F(0) = F(¢) = 0 and F(b) = 1, which results in

u B 1 (-

M-y MR-y BT ooy

with objective value
ﬂw—0+ d

Ao+ A+ Aod + A3 = (b-1) 2(b—1t)
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Figure B.2: Scenario 1 and the minorizing functions F;,(x) and Fy;(x) under scenarios 1a and 1b, respec-
tively. Scenario 2 and the minorizing functions F,,(x) and F,,(x) under scenarios 2a and 2b, respectively.

Indeed, solving the primal problem with probability masses on {0, v,t, b}, with v € (0, i), gives
_ pl—t) d

P ="+ ws
Scenario 2b implies that F(0) = F(u) = F(¢) = F(b) = 0, which gives the dual feasible solution

A=A =24 =213=0,

with objective value 0. All probability mass is placed on points that are less than or equal to t.
Hence, the optimal primal objective value is also equal to 0. O

B.3. Remaining proofs Chapter 5

Proof of Lemma 5.1. Suppose the moment constraints are consistent so that % is nonempty. Let
7 and 7* be the optimal values, and optimal solution, of (5.4) and (5.8), respectively. To prove
the result, it suffices to show that

. Ep[g(X)1=(X)]

T =Sup ——— o =i T

rep  Ep[lz(X)]
Notice that
Ep[g(X)1=(X)] <z
Ep[1=(X)]
for all P € 2. Rewriting and taking the supremum over 2, the inequality above is equivalent
to

sup Ep[g(X)1=(X) - 71=(X)] <0,
Pe%?

which implies 7 is a feasible solution to problem (5.8). Since 7 is optimal to (5.4),

. Ep[g(X)1=(X)] _ .
T sup ——————= =1, B.10
5 Ep[1=(X)] (B.10)
As 7" is a feasible solution to (5.8), it holds that
sup Ep [g(X)1=(X) — " 1=(X)] < 0. (B.11)

Peop
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We next show that this implies

Ep[g(X)1=(X)]

S R 00l S (B.12)

For the sake of contradiction, assume that for an arbitrary ¢ > 0, there exists a sequence of
probability measures {P;} such that

. Eplg001=00)]
TS TR (0]

as k grows large. Fixing Py for a sufficiently large k, we obtain
€Ep [1=(X)] < Ep, [g(X)1=(X) — " 1=(X)].

Since Ep, [1=(X)] = Px(X € E) > 0 and € > 0, this inequality contradicts (B.11). Moreover,
if Pr(X € Z) = 0, the fractional objective function diverges. However, this also yields a con-
tradiction by boundedness of the optimal values. Hence, it follows from combining (B.10) and
(B.12) that 7* = 7. This completes the proof. O

Proof of Proposition 5.5. Replacing the second-moment function x? by |x — p| and substituting d
for (6% + p?) in (5.12) yields the dual problem for SUPpecy,, E[X|X >t],

Ao,/lif}/ﬁ,ﬂ3 /13

subjectto  Ag+ Ajpr+ Ad <0, (B.13)
Ao + A1x + Aol — | > 0, va < x <t
A+Ahx+Ax—p =>x—2A3, vt<x<b.

Denote the left-hand sides of the second and third constraints by D(x) 1= Ao +A;1x+ A,|x — p.
The function D(x) is dual feasible when it is greater than or equal to 0 for x < t and greater than
or equal to x — A3 for t < x < b. First, we consider the case t < p1. To solve the dual problem, we
shall consider three cases for the shape of the dual function D(x), as illustrated in Figure B.3.

First, we discuss the case where D(x) is a straight line (i.e., A, = 0). If A; = 0, then D;(x) isa
horizontal line, which is dual feasible because, for a suitable choice of A3, this function lies above
Ig>n(x —A3). Note that for this solution to satisfy Ag + A, 1+ A2d < 0, the constant Ay = 0. Since
we are minimizing A; (or maximizing —A3), we push the function x — A; upward until it hits the
horizontal line, so this choice for the dual function yields b as the optimal objective value. The
dual function D;(x) cannot have a positive slope because this would imply Ay + A, > 0. Note
that a line with negative slope 1; < 0 will only increase A;. Hence, the horizontal line with
Ao = 0 is the best feasible option. A primal solution that attains this value is the distribution

with support { % b} and probabilities

o, d d
P00 P 20-w



Appendix B 195

N — Tl —2A3)
- == Mi(x)
-—-= Ma(x)

AN - Ms(’f)/,/\

~

t— A3

Figure B.3: D;(x), D,(x), and D;(x)

Using complementary slackness, we argue that the second case, D,(x), can be omitted. From
Figure B.3, observe that the corresponding primal solution is supported on the values a, b. How-
ever, we cannot construct a two-point distribution that, in general, satisfies the moment con-
straints. Therefore, this second case does not provide a useful solution from which we can
obtain a tight bound.

For the third case (wedge), let D;(x) coincide with 1{x > t}(x—A3) at x = ¢, g and b. Choosing
Ds(x) in this particular way, the dual variables satisfy

_(t+A3)/l—2t/13 _).3"1‘1'—2[1 t—/13

M= M e T ey

Substituting these values into Ay + A, + A,d < 0, we obtain

d(As —1t)

A3+ p+ ———= <0,
2(p—1)
in which the left-hand side is a decreasing (linear) function of A; for t < u — sz(i_;;i) <. Since

we are minimizing with respect to A3, we choose A3 such that equality is attained. Hence,

w _ d(u—t)
A =p+ W-Dd"

The distribution with support {t’, A3 }, and respective probabilities

d
=5 P2=

2(u—ty Y-

achieves A; asymptotically. Combining the two feasible cases, and ensuring these bounds are
tight by constructing primal feasible solutions that (asymptotically) achieve these bounds, we
arrive at the desired result. O
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Proof of Proposition 5.6. In this setting, the dual is given by

inf /13
AU:AhAZ-AZ
subjectto Ay + A+ Axd <0,

(B.14)
/10 + /11.7(' + Agd(x) 0, Vx <,

=
/10 + A]X + Azd(x) 2 X — /13, Vx 2 t.

Define V(x) := Ao + A;x + A»d(x). Analogous to the variance and MAD settings, a candidate
solution is the majorant V(x) that touches at x = ¢~, and is tangent to x — A3 at a point xo > ¢
that will be determined a posteriori. Using these insights, we solve the following system of
equations to determine p;, py, and the dual variables Ay, A1, A5, A5 (with x, fixed):

Dit + P X0 = f, prd(t) + py,d(x0) = 5,
AO + /llt + Azd(t) =0, AO + /II.X'() + Azd(Xo) = Xo — A3
).1 + Azd/(xO) = 1, ).0 + /11/1 + /12([12 + 0'2) = 0,

where the first line contains the moment constraint, the second and third line fix the shape of
V(x), and finally, we assume that the dual constraint Ay + A, + A,(p® + 02) < 0 is tight. The
derivative d’(x) is assumed to be the right derivative, in order to allow for nondifferentiable dis-
persion functions. Notice that the resulting dual solution is always feasible, since V(x) is convex
(A2 > 0 is a necessary condition for dual feasibility), and therefore, V(x) > (x — A3)1=(x), Vx,
by the constraints V’(x,) = 1 and V() = 0. Solving the equations, one obtains

L ot—pd®)  ax—pd(x)
P = iGa) — xd(0) PP T %d(0) — td(xy)’
_ —(t — ) (d(x0) — x0d’ (x0)) — pd(t) + Gt

A C—pd)—dD+e
and
1= pud(t) — ot 3 o —d@)
T - () —dD)+5 T (- d (%) —d(®) + o
PR L=

T t-pd () —dD)+6

To guarantee strong duality, we choose x, such that

= T W)~ xd ) —pd@) 5t
= 1)d'Cxp) = d@) + 7

o (=)o + G = @) + (u = Dd(x) _

=1/ (x0) = d@) + |

and the normalization constraint p; + py, = 1 hold. Both conditions are equivalent to

(t = x0)6 + (xo — p)d(E) + (1 — (o) = 0.
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Consequently, the x; that follows from solving

ot — pd(t) oxo — pd(x0)
td(x0) — xod(®) | xod(D) —tdGa)

is optimal. Hence, the claim follows. O

Proof of Proposition 5.7. The class of symmetric pairs of Dirac measures (i.e., §y—x, Sysx, X = 0)
generates the set of symmetric distributions about p. From Theorem 5.2, it follows that the dual
problem is given by

inf /13
Ao A1z A3

subject to Ao + Ay + Ap(0” + pi*) <0, (B.15)

200 + 2411 + 225(x* + p?) + A3Tg(u — x) + A3 Ts(p + x)
> (u—x)lz(p—x)+ (g +x)1z(u + x), vx > 0.

The last constraint can be reduced to

2

200 + 2Aq 1+ 22,(x* + p?) = —2As + 2, VO < x < p—t,
) > >

200 + 24 + 225(x* + 2

X+pu—As3, Vx> pu—t.

Notice that 1=(u + x) = 1, Vx > 0, since it is assumed that ¢t < p. Define the quadratic
function M™™(x) := 2 + 2, pt + 2A5(x? + p?). We suggest two possible solutions for the dual
problem. The first solution, denoted as M;”"(x), touches —2A; + 2 at x = 0 and x + p — A3
at p — t. The second solution, M,""(x), is a quadratic function that touches x + y — A3 at an
optimal point x, that is unknown a priori. We further postulate that in both dual solutions,
the constraint Ay + A + A2(p? + 0%) < 0 is tight. In the interest of space, we omit the figure,
but it is easily verified that the suggested solutions are dual feasible. The corresponding primal
solutions follow from complementary slackness and are the pairs of Dirac measure 5, «, 6,1«
in which for x we substitute the points at which the dual function coincides with the right-hand
sides of the constraints in (B.15).

The dual variables which correspond to M;*"(x) are

20—p)*—o? _ Bt
y LTt —pp-o?

yielding

o 2At—p)Pu—to
as our guess for the optimal value of the dual problem. The proposed solution is feasible for the
dual problem since M;”™(x) is convex (as A, > 0) and tangent to —2A; + 2y at x = 0, and further
some straightforward calculations show that the derivative of M;""(x) at x = u — t is greater
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than 1, so that M;”"(x) > x + p — A}, Vx > p — t. For the primal probabilities, it follows from
the variance constraint

1 1
(= + Spt* + opp =) = 4 + 0¥

that

0.2

g

Hence,

2(;:2#)2 (2/1 - t) + (1 - (tf:)z ) H 2‘[1(1‘ — ”)2 — ot .
]E[X|X 2 t] = o o2 = 2(1‘—,[1)2—0'2 :A3:
2y " (1 - <t—u)2>

so that these are the optimal primal-dual solutions by weak duality. For the second case, we de-
termine the candidate support point xy first. From the moment constraints and the fact that the
solution should be symmetric about y, we find that x; = o and therefore, the primal candidate
is given by the distribution }68,_, + 8,4, The second dual solution then yields

4100 + 1 + o

1
L= TR T8 = —

LA =u+o.
40 40" 3 K

Thus,
E[X|X>tl=p+x)=p+0=2;.

Fort > p, there exists a sequence of measures supported on {y, —k, p+k} that is feasible in the
primal, and for which the conditional expectation diverges, as k — oco. This feasible sequence is
given by
o? 102 102
Pr = <1 — k2> 5!‘ + 7*5”,]( + 7*5,,”(.
It is then easily verified that limy_,., Ep, [X | X > t] diverges. Combining the cases above, while
checking for feasibility of the primal solutions, the claim follows. O

Proof of Proposition 5.8. Symmetric, unimodal distributions with mode y can be generated by
rectangular/uniform distributions, possibly including a Dirac measure at y (i.e., Oz pt2]> 2 = 0).
From Theorem 5.2, it follows that the dual problem is given by

inf /13
Ao A1A2A3

subject to  Ag + A p + Ap(0? + 1) <0,
pt+x ptx (B16)
/ Ao + Az + Apzidz > / (z = A3)1=(z)dz, vx >0,
i

—X p=x

Ao+ A+ Aop® = (= As).

After computing the integral on the left-hand side of the penultimate constraint, one obtains

2 HEx
3% (3/10 +3u(Ay + Aap) + Azxz) > / (z — A3)1=(2) dz, vx > 0.

p=x
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For the right-hand side, we distinguish two cases so that we can split the semi-infinite constraint
into two sets, resulting in the system of inequalities

2

-X (3)[0 +3pu(Ay + Aop) + /ngz) >2x(p—23), YO<x<pu-—t,
) 3 ) (B.17)
3% (3&0 +3pu(Ay + Aop) + Azxz) > _E(t —x—pt+x—2A+p), Vx=pu-—t

Again, we can make an educated guess for an optimal dual solution, and using weak duality,
prove optimality by constructing a matching primal solution using the complementary slack-
ness property. The dual solution is now characterized by a third-order polynomial function,
M™(x) := 2x (340 + 3u(A; + Aap) + Azxz). We show through primal-dual reasoning that there
are merely two feasible options for the extremal distribution. Using this insight, we optimize
the primal problem directly by plugging in the candidate form of the extremal distribution. No-
tice that as M™(x) needs to be convex in order to be dual feasible, there cannot exist a tangent
point on the interval [0, z — t) because otherwise M"™(x) would need to intersect 2x(u — A3).
Furthermore, there can exist only one tangent point x = x; at which M"™(x) coincides with the
quadratic function —%(t —x— )t +x— 23+ pt), as M™(x) is a cubic function. By complemen-
tary slackness, the corresponding extremal distribution is then given by the mixture of a Dirac
measure at ¢ and a uniform distribution on the interval [p—x;, u+x; ], for the first case, or a uni-
form distribution on [y — 3o, U+ 30 ] for the second. Indeed, the latter uniform distribution
is the only one that is feasible for the primal problem. From these observations, it follows that
the primal problem can be reduced to a finite-dimensional (nonconvex) optimization problem.
The objective function of the primal problem can be rewritten as

Q=P p [ Edz o — p(t+ %o — )t — %0 + 1)

= = . B.18
(1—p)+pft“+x" idz 4x — 2p(t + x0 — ) (B.18)

E[X|X >1]

From the variance constraint

(1 = x0)* + (pt = x0)(p + x0) + (pt + x0)° 29
3 =0+,

(1 —py+p
it follows that p = % In order to be a probability, it should hold that p < 1, and hence

xp > +/30. The variable p can be eliminated from (B.18), yielding the optimization problem

(B.19)

Xo

4 =30 (—pu+t+ +t—
max p(x0) o“(—p xo) (¢ o) x> V30 b
4(x0)? — 602(—p +t + xp)

From standard arguments, it follows that the maximum of (B.19) must be attained at a critical
point of the objective function or at the boundary of the feasible region. The first case follows
from determining the critical point by solving the first-order condition

60%x; (3(t — W —x3) + 90" (4 —t — x)* = 0.

The second case corresponds to the boundary of the feasible region for which p = 1. As a
consequence, the optimal tangent point xj = +/30. It is easy to verify that this solution yields
the second case.
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Finally, for the third case, t > p, we construct a maximizing sequence {Py} for which E[ X | X >
t] diverges. To this end, consider

30? 302
]Pk = (1 - k2> 5;, + ?5[#,]{%&]{],

which is feasible for the primal problem. Then
ptk 2

/t. ﬁdz
p+k

S gpdz

hence resulting in the third case. Combining the cases above completes the proof. O

1 —00
Ep,[X|X >t] = =§(t+,u+k)k—>oo,

Proof of Proposition 5.9. The primal can be equivalently stated as

sup E[lx>[X > pl,

]PE@(W,)
which is (weakly) dual to
inf A3
Ao, 214245
subject to  Ag + A p + Ay(0? + p?) <0, (B.20)

AO + /hx + /123('2 = (]l{x>z}(x) - ).3)]].3(3(), vx = 0.

The right-hand side of the constraint is equal to 0, for x < t, —A; fort < x < z,and 1 — A3
for x > z. We discuss three cases, in the order of their appearance in the claim. The first dual
solution, M;(x), corresponds to a convex quadratic function that touches (1> ,3(x) — A3)1=(x)
at z and xg, where the latter point lies between p and z. The primal probabilities, dual variables,
and the support point x, follow from solving

Px t Pz =1, PxXo + P22 = [, Pxox(? +pzzz = ,uz +0?,
/10 + /1le + Azxg = —/13, A() + /‘l]Z + /1222 =1- /13,
/11 + 2).2)(() = 0, /10 + /11/1 + ).2([12 + 0,2) = 0,

yielding as solution

3 (Z_’u)Z 3 0.2 3 O.2
px°_02+(z—,u)2’pz_crz+(z—,u)2’xO_lH_y—z’
LG (HBGe-m—c*(u+2) . 2z-p (4 +0% - pz)
o @+G-p T (@G-

(z—p)? o’

3 =

OIS R e

Indeed, by weak duality, this gives the best possible bound since

0.2

E[]l{x>z}(X)] =p. = m = 13'
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For the second case, let M,(x) denote a quadratic function that touches at x = z and some point
xo, like M;(x), but additionally agrees with (L (x) — A3)1=(x) at x = p. Again, we can use
a similar set of conditions, as described above, to find the optimal primal and dual solutions,

_ w (which follows from the conditions).

but now with a three-point distribution with x, =
This leads to the second bound. For brevity, we omit the detailed calculations. Finally, for the
third case, M3(x) is a quadratic function that touches at z and a point 0 < x < p. The same set
of calculations leads to the third upper bound, which is equal to the constant 1. We combine
the cases above in such a way that the primal distributions are feasible. This completes the

proof. O

B.3.1. Conic reformulations
Proof of second claim Theorem 5.10. We will focus on the second semi-infinite constraint (the

first constraint can be dealt with analogously), which can equivalently be written as the collec-
tion of robust counterparts

Ao+ A x+Au+ A3 > s(v) x+14(v), V(x,u)€6, vie L. (B.21)

Let “cl” denote the closure of a set. We next generate a proper cone from the uncertainty set
as follows: Define & := cl({(x,u,w) € R"" xR™ xR : (z/w,u/w) € 6, w > 0}), of which X * is
the dual cone. The semi-infinite constraint (B.21) is satisfied if, and only if,

inf (A —s;(v)) x+2Au

(B.22)
st. (x,u,1) e X,

is greater than, or equal to, t;(v) — A9 — A3. By conic duality, the strong dual of (B.22) is given by

sup  —w
st. Ay —s(v)—a =0,
1—si(v) —a (B.29)
Az - bl =0
(al,bl,wl) N A

Then the semi-infinite constraint (B.21) is satisfied if, and only if, there exist solutions (a;, b;, w;) €
A, for all I € £, such that the constraints in (B.23) are satisfied and —w; is not less than
t(v) — Ay — A3. Using this dual characterization, we can rewrite (5.28) in the following way:

inf /13
st. dp+Ap+A,0 <0,
Ao+ A[X+Au >0, v(x,u) €6,
— (%) —w >
Ao+ A3 —(x) —w =0, vie, (B.24)
A —si(v) —a =0, vie £,
Ay —b; =0, vie %,
(as, by, wp) € A7, vie %,

veV, AyeR, A €R", A, €RY, A3 €R.
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Since € is also conic representable, an analogous argument enables us to reformulate the first
semi-infinite constraint, reducing (B.24) to a finite-dimensional conic optimization problem.
Then, the second claim follows. O

We use the following result to derive the LMI reformulations for the Chebyshev ambiguity
set 9’(,,,):)-

LEmMmA B.1 (S-Lemma, 176). Consider two quadratic functions ofx € R", ¢i(x) = x' C;x+2¢] x+
G, 1 = 0,1, with q;(X) > 0 for someX. Then

Ppx) =0 vx:qi(x)=0

if, and only if, there exists T > 0 such that
- T = T
¢ ¢ & ¢
DA R P ) esttt
Co C() C1 Cl

Proof of Corollary 5.11. By the S-Lemma, we have that

\V,
o
I
w
\V,
(e

Ao + /l-lrx +x"Ax >0, Vx : ¢'x

Analogously, for the second semi-infinite constraint,

A+ —=s(W) x+x"Ax+ A3 —t(¥v) >0, vx: ¢'x < ¢

Ao — xic T —s(M) + 0"

dy =0 :
A L (A — si(v) + x€) A

These LMIs yield the following semidefinite programming problem:

inf A3
st. A+ A p+{(AT) <0,

Ao +7C % A —10)"
% (A —1¢) A

7~ U,

Ao+ A3 =t(v) = e 5 (A —si(v) + xie)'

=0, vie £,
(A1 —si(v) + x0) A

veV,eR A eR", AeS], AgeR,reR+,xeR‘f£‘,

where (-, -) denotes the trace inner product. O
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Proof of Corollary 5.12. The model with MAD information follows from defining separate con-
straints for the positive and negative parts of the absolute value terms. This yields

v,Ao,i)Lrllﬁlz,Ag As

s.t. Ao+ Am+ A f <0,
Ao+ A x+ A d(x) >0, VX :c'x > ¢,
Ao+ Alx—Ajd(x) >0, VX :c¢'x =G,
Ao+ A x+ A, d(x) + A3 = s(v) ' x + t;(v), vx i c'x<¢ vVied,
Ao+ A x = A d(x) + A3 = s;(v) ' x + t(v), vx:c'x <G vled,

veY, A €R, A; € RY, )LzeJRf, As €R,

where d(x) = m, + Dx describes the affine functions X; — m; and (X; £ X;) — (m; £ m;). Let
us focus on the first semi-infinite constraint. Using the fact that d is an affine, multi-valued
function of x, the first semi-infinite constraint can be rewritten as

/10 + A;mo + (),1 + Dle)TX > 0.
Then, standard LP duality yields a finite-dimensional linear reformulation since
Ado+A;my+ (A +D"A) x>0,vx : c'x>¢

< Ag+A;mg+ min (A, +D'A;)'x >0
x:c'x>¢

= lo+A;m, +max{ér s re=A +DT12} >0
<0

= I <0: A+Amy+ér >0, 7c=A; +D"A,.

A similar argument applies to the other semi-infinite constraints. Therefore, all robust coun-
terparts can be rewritten in terms of linear inequalities, yielding the result. O

B.4. Remaining proofs Chapter 7

Proof of Proposition 7.8. We first consider the marginal moment model for the uncertain service
times discussed in Mak et al. [149]. Assume knowledge of only the marginal moments of the
joint distribution and consider the min-max problem

min plnax Ep[ fu(s, X)], (B.25)
where the probability measure P is chosen from the marginal moment ambiguity set ¢ o) with
9 = [ay,by] x ... x [ay, b, the Cartesian product of the supports of the individual service times
and 2 an information set that comprises vectors (E[h;(X})], ..., E[h,(X)]) = (q(l), s q,(cm)), vk,
containing information on m generalized moments for all service time distributions. For the
setting with traditional power moments (i.e., #;(x) = x'), Mak et al. [149] show that problem
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(B.25) is equivalent to

min 26+ 3 3¢

sé. k=1 k=1 I=1

min{j,n} m
s.t. Z max <(xi — ) i — Z/Ig)hl(xi)—gvl) <0, for1<k<nk<j<n+1,
e I=1
se,

(B.26)
with 7;; as stated in Proposition 7.8. These parameters characterize the extreme points of the
polyhedron A that describes the feasible set corresponding to the dual of LP (7.3), see Mak et al.
[149, Section 2]. Recall that (7.3) determines the total costs f,(s,x) for a given realization of
service times x. Close inspection of the proof of Proposition 2 in Mak et al. [149] shows that
this result also holds for generalized moment functions such as the MAD dispersion function
h(x) = |x — p|. To see this, note that strong duality for generalized moment problems holds for
the inner maximization in (B.25) when the generalized moment vector lies in the interior of the
set of feasible moment vectors; see, e.g., [177]. For mean-MAD ambiguity, this specializes to the
conditions yy € (ay,by), di € (0, W), vk. By analyzing the dual problem of the semi-
infinite LP maxpeg, ,, ,,, Ep[ fa(s, X)], an analog of Lemma 1 in Mak et al. [149] for generalized
moments can be derived. Then, to obtain problem (B.26), the proof of Proposition 2 in Mak et al.
[149] exploits the structure of the polyhedron A but does not require the functionals h;(x) to be
of a specific form. We thus conclude that equivalence between (B.25) and (B.26) also holds for
generalized moments.

Specializing (B.26) to the case where the mean and MAD are known, (B.25) gives rise to

n

s,g,r){%li&@ i=1 (6 pai” + d"/lgz))
mingn, j}
S.t. g xirgaa“)b(l] {(xi —§) mij = Agl)xi - /11(2)|xi — il = Q} <0,
Vi<k<nl1<k<j<n+1,
sed.

Since the function to be maximized is piecewise linear, the optimal solution lies either on the
boundary points a;, b; or at the kink point p;. Hence,

max {(x; — s)m;j — )L,(l)xi - /11(2)|Xi — il =&}

x;€[a;bi]

= max {(x— s)my — A% — AP|w — pl - 33
xi€{aipi.bi

Using the auxiliary variable ;; to replace the maximum operator by linear inequalities, we
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obtain
min{n,j} min{n, j}
D b < Z G+ sirmij, fori<ksmi<ks<jsn+l
i
&> (mj—?l(l)) AW—p),  fori<i<mi<j<n+l
&j)(”ij_)'l()):ui’ for1<i<n i<j<n+1,
& = (my = A7 )a = (s — @), fori<isni<j<n+l
This yields (7.16). O

B.5. Remaining proofs Chapter 8

Proof of Lemma 8.4. First, note that (8.12) is well defined because the moment-generating func-
tion of Y is finite valued. The objective function ¢(x) is convex since it reflects the expectation
of a convex function, i.e., E[((Y — x)*)™]. From integration by parts, it follows that

by by
h(y — )dF(y) = / h(y - 2)d(1 — F(3))

by
—o0+ / W (y — x)(1 - F(y)dy

in which the second equality follows from h(0) = 0, F(by) = 1. Taking the derivative,

by by by
% /X h(y — x)dF(y) = % /x H(y—-x)(1-F(y)dy = —/x R’ (y —x)(1 - F(y))dy,

where the final line follows from Leibniz’s integral rule and the observation that A’(0) = 0.
After some rewriting, this yields

- / " W5 —x) (1~ F(s)ds = - / H'(s - x) / dF(y) ds

by
/ / K’ (s — x)ds dF(y)
- / W (y — x)dF()
Hence, ,
== [ W =),

which is a continuous function of x for A(x) = x™, m > 2, supporting the claim that ¢(x) is
continuously differentiable. It then remains to show that ¢’(x) is concave. By differentiating a
second time, one obtains

by
¢ (x) = / 1 (y — x)dF(y),

X
which is clearly nonincreasing in x for h(x) = x™, m > 2. As a consequence, the derivative
¢’(x) is concave. O
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Summary

In this thesis, we discuss distribution-free methods for stochastic models. The traditional ap-
proach to these models often assumes full information with respect to the probability distribu-
tions of the random variables under consideration. However, in this thesis, a distribution-free
perspective is adopted by assuming only partial knowledge of these distributions, often lim-
ited to moment information. Distributionally robust analysis seeks to determine the worst-case
model performance by optimizing over a set of probability distributions that comply with this
partial information. This necessitates us to solve semi-infinite optimization problems through
the application of duality theory.

The thesis tries to bridge the research on generalized moment problems, distributionally ro-
bust stochastic programming and extremal queueing models, three prevalent themes in the ap-
plied probability and optimization literature. It uses methods from generalized moment problem
literature to derive new distribution-free bounds which can then be used for solving stochastic
optimization problems and performing extremal analysis on queueing models. One of the key
contributions emphasized in this thesis is the use of semi-infinite linear optimization problems
and primal-dual techniques to establish tight (i.e., “best possible”) bounds for the distribution-
free analysis and optimization of stochastic models, facilitating distribution-free decision mak-
ing. This work further highlights specific combinations of objective functions and ambigu-
ity sets that yield worst-case probability distributions that are, in some sense, insensitive to
the precise stochastic model dynamics under consideration, thereby significantly simplifying
distribution-free analysis.

The different chapters detail various applications of the distribution-free bounds. In Chap-
ter 2, we investigate the extremal queue problem, focusing on the worst-case performance of the
GI/G/1 queue under mean-dispersion constraints for the interarrival- and service-time distribu-
tions. We use the mean absolute deviation from the mean (MAD) as the dispersion measure in-
stead of the more common variance. Our key observation is that the expected waiting time can
be expressed as a componentwise convex function of random variables, which allows us to use
known tight bounds for the distribution-free analysis of the GI/G/1 queue. This approach lever-
ages the extremal distribution’s insensitivity property, providing sharp upper and lower bounds
for the moments of the waiting time while incorporating the i.i.d. assumption. In Chapter 3, we
examine an M/M/s queue with a random arrival rate characterized by its mean, variance and
support. We establish tight bounds for the expected waiting time by determining a worst-case
distribution supported on two points. The proofs rely on the convex derivative of the expected
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waiting time with respect to the arrival rate. These bounds have applications in rational queue-
ing where individuals decide to join or balk based on expected utility and limited market size
knowledge. Chapter 4 introduces new bounds for the tail probability of random variables with
known support, mean and mean absolute deviation. These bounds result from solving semi-
infinite linear programs using the weak duality framework. We apply these bounds to analyze
the newsvendor model, stop-loss reinsurance and a chance-constrained optimization problem
in radiotherapy. In Chapter 5, we address conditional expectation bounds based on moment in-
formation and observed random events. We reformulate this problem as a semi-infinite linear
program, enabling us to derive tight bounds for conditional expectations using the duality the-
ory for generalized moment problems. Chapter 6 focuses on the multi-item newsvendor prob-
lem with budget constraint, in which we leverage the mean-MAD bounds from earlier chapters
to simplify the optimization problem. After reducing this problem to a stochastic program
with a simple structure, it follows that a greedy approach can be used to find the optimal order
quantities for the newsvendor. Chapter 7 tackles the appointment scheduling problem, in which
distribution-free analysis techniques are applied to minimize costs under worst-case scenarios.
We address challenges posed by the independence assumption and explore distribution-free
methods similar to those used in Chapter 2 for the GI/G/1 queue. Chapter 8 concludes the the-
sis by exploring classes of functions and distributional information that induce the insensitivity
property and suggesting future research directions for a broader framework of distribution-free
analysis for i.i.d. stochastic models.



Samenvatting

In dit proefschrift behandelen we verdelingsvrije methoden voor stochastische modellen. De
traditionele benadering voor deze modellen gaat vaak uit van volledige informatie met be-
trekking tot de kansverdelingen van de betreffende stochasten. In dit proefschrift wordt echter
een verdelingsvrije benadering gehanteerd door slechts gedeeltelijke kennis over deze verdelin-
gen te veronderstellen, vaak beperkt tot informatie betreffende de momenten van de toevalsvari-
abelen. Verdelingsvrije analyse zoekt dan naar de slechtst mogelijke modelprestaties door te
optimaliseren over een verzameling van kansverdelingen die voldoen aan deze gedeeltelijke
informatie. Dit vereist vervolgens het oplossen van semi-oneindige optimaliseringsproblemen
met behulp van dualiteitstheorie.

We streven ernaar in dit proefschrift een verband te leggen tussen het onderzoek naar gegen-
eraliseerde momentproblemen, kansverdelingsvrije stochastische optimaliseringsproblemen en
worst-case wachtrijmodellen, drie veel voorkomende onderzoeksrichtingen in de literatuur
over toegepaste kansrekening en optimalisatie. We gebruiken methoden uit de literatuur over
gegeneraliseerde momentproblemen om nieuwe verdelingsvrije begrenzingen af te leiden, die
vervolgens gebruikt kunnen worden voor het oplossen van stochastische optimaliseringsprob-
lemen en het uitvoeren van worst-case analyse op wachtrijmodellen. Een van de belangrijkste
bijdragen die dit proefschrift benadrukt, is het gebruik van semi-oneindige lineaire optimalis-
eringsproblemen en dualiteitstechnieken om scherpe (oftewel, optimale) grenzen vast te stellen
voor de verdelingsvrije analyse en optimalisatie van stochastische modellen. Dit proefschrift be-
licht verder specifieke combinaties van doelfuncties en gedeeltelijke informatie die worst-case
kansverdelingen opleveren welke, in zekere zin, ongevoelig zijn voor de precieze stochastische
modeldynamiek van het probleem, wat de analyse aanzienlijk vereenvoudigt.

Dit proefschrift behandelt bovenstaande bijdragen aan de hand van diverse toepassingen, die
zijn verdeeld over de verschillende hoofdstukken. In hoofdstuk 2 onderzoeken we het worst-
case wachtrijprobleem en richten we ons op de slechtst mogelijke prestaties van de GI/G/1
wachtrij onder gemiddelde- en dispersiebeperkingen voor de tussenaankomst- en servicetijd-
verdelingen. We gebruiken de gemiddelde absolute afwijking van het gemiddelde als de dis-
persiemaat in plaats van de, meer gangbare, variantie. Onze belangrijkste observatie is dat de
verwachte wachttijd kan worden uitgedrukt als een componentgewijze convexe functie van to-
evalsvariabelen, wat ons in staat stelt om bekende begrenzingen te gebruiken voor de analyse
van de GI/G/1 wachtrij. Deze benadering maakt gebruik van de ongevoeligheidseigenschap van
de worst-case kansverdeling, en levert scherpe boven- en ondergrenzen op voor de momenten
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van de wachttijd, die, zelfs onder de onafhankelijkheidsaanname (welke verdelingsvrije anal-
yse normaal gesproken aanzienlijk lastiger maakt), valide zijn. In hoofdstuk 3 beschouwen we
een M/M/s wachtrij met een stochastische aankomstintensiteit, gekenmerkt door zijn gemid-
delde, variantie en bereik. We stellen scherpe grenzen vast voor de verwachte wachttijd door
een worst-case verdeling vast te stellen die ondersteund wordt op twee punten. De wiskundige
bewijzen in dit hoofdstuk maken gebruik van de convexe afgeleide van de verwachte wachttijd
als functie van de aankomstintensiteit. Deze grenzen kunnen worden toegepast op de rationele
wachtrijtheorie, waarbij klanten beslissen of ze wel of niet in de wachtrij gaan staan gebaseerd
op het verwachte nut hiervan en de beperkte kennis over de totale marktomvang. In hoofdstuk
4 introduceren we nieuwe grenzen voor de staartkans van toevalsvariabelen met een bekend
bereik, gemiddelde en gemiddelde absolute afwijking. Deze grenzen zijn opnieuw het resul-
taat van het oplossen van semi-oneindige lineaire optimaliseringsproblemen met behulp van
zwakke dualiteit. In hoofdstuk 5 behandelen we begrenzingen voor conditionele verwachtin-
gen die gebaseerd zijn op momentinformatie en waargenomen stochastische gebeurtenissen.
We herformuleren dit probleem als een semi-oneindig lineair optimaliseringsprobleem, wat
ons in staat stelt om scherpe grenzen af te leiden voor conditionele verwachtingen met be-
hulp van de dualiteitstheorie voor gegeneraliseerde momentproblemen. In hoofdstuk 6 kijken
we naar het multi-item newsvendor probleem met een beperkt budget, waarbij we de eerder
vervaardigde grenzen benutten om het optimaliseringsprobleem te vereenvoudigen. Door dit
probleem te reduceren tot een stochastisch optimaliseringsprobleem met een zeer eenvoudige
structuur, kunnen we een efficiént algoritme formuleren om optimale bestelhoeveelheden te
vinden. In hoofdstuk 7 bespreken we het optimaal plannen van afspraken met behulp van
verdelingsvrije analysetechnieken. Het doel is om de kosten onder de slechtst mogelijke om-
standigheden te minimaliseren. We pakken de uitdagingen aan die voortkomen uit de aanname
van onathankelijkheid met behulp van verdelingsvrije methoden die vergelijkbaar zijn met die
uit hoofdstuk 2 voor de GI/G/1 wachtrij. In hoofdstuk 8 sluiten we het proefschrift af door
klassen van functies en informatie te verkennen die de ongevoeligheidseigenschap opleveren.
Tevens beschrijven we mogelijke toekomstige onderzoeksrichtingen voor de ontwikkeling van
een breder theoretisch raamwerk voor de verdelingsvrije analyse van stochastische modellen
met onathankelijke toevalsvariabelen.
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This dissertation explores distribution-free methods for stochastic models.
Traditional approaches operate on the premise of complete knowledge about the
probability distributions of the underlying random variables that govern these
models. In contrast, this work adopts a distribution-free perspective, assuming
only partial knowledge of these distributions, often limited to generalized moment
information. Distributionally robust analysis seeks to determine the worst-case
model performance. It involves optimization over a set of probability distributions
that comply with this partial information, a task tantamount to solving a semi-
infinite linear program. To address such an optimization problem, a solution
approach based on the concept of weak duality is used. Through the proposed
weak-duality argument, distribution-free bounds are derived for a wide range of
stochastic models. Further, these bounds are applied to various distributionally
robust stochastic programs and used to analyze extremal queueing models—
central themes in applied probability and mathematical optimization.
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